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Summary for Industry 

 

Overview 

This research project set out to provide data workflow and analytical solutions required for 
the operational deployment of high spatial resolution 3D data acquired by light aircraft and 
Unmanned Airborne Vehicles (UAV) suitable for integration into the resource information 
systems managed by Australian plantation and native forest growers.   

A key finding of this multi-faceted research project was the robust performance of 
applications using point cloud data acquired from aerial photography (AP).  A detailed 
evaluation of point clouds obtained from several AP platforms and coincident LiDAR data 
acquired over both P. radiata and eucalypt plantations revealed both the strengths and 
weaknesses of AP data processed through a modern photogrammetric solution.  The studies 
reported here (Section 2) have helped to identify operational specifications for acquiring AP 
imagery. These findings are supported by a detailed description of data acquisition and 
processing workflows in Planning Guidelines that accompany this Final Report.  Digital 
photography acquired from a manned aircraft or UAV can be processed using commercial 
software to produce a high resolution 3D canopy data. A photogrammetric approach depends 
on availability of a sufficiently accurate Digital Terrain Model, which is usually provided 
from prior LiDAR acquisition, although opportunistic capture of a DTM using AP prior to or 
soon after planting is an alternative to LiDAR. A key advantage of using AP to acquire 
Canopy Height Models (CHMs) is that AP data are likely to be cheaper to acquire than 
airborne LiDAR and so provide a cost-effective solution for inventory updates.   

Metrics can be easily extracted from these photogrammetric data in a similar modelling 
process to that routinely applied to LiDAR Canopy Height Models.  Our analysis has 
demonstrated that estimates of inventory attributes and resultant high spatial resolution maps 
derived from AP data compare very favourably with estimates derived from LiDAR data 
(Sections 3 & 4).   

The robustness of the AP surfaces was also demonstrated through the application of a novel 
reference plot sampling strategy, the Nearest Centroid program, which is now available from 
the statistical R software platform (Section 7.4).  This permits highly efficient allocation of 
plots required for training point cloud CHMs through imputation for the spatial estimation of 
stand attributes.  The efficiencies gained through the application of this sampling strategy will 
contribute towards off-setting the cost of AP or airborne LiDAR data acquisition. 

Another potential use of high spatial resolution of AP was demonstrated through the 
application of sophisticated image classification algorithms to quantify the amount of coarse 
woody debris and residues remaining after a clearfell operation in a P. radiata plantation 
(Section 7.2).  This study examined several image metrics including spectral values, intensity, 
texture and shape properties.  While it demonstrated the success of on-screen digital 
annotation that combined a process of partially automated classification and visual 
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interpretation, the potential of fully automated identification of coarse woody debris does 
appear an achievable future outcome.  This application, and that of tree survival counts in 
young plantations (Section 7.3), leverages off an advantage of 3D photography over LiDAR, 
in that it also contains spectral information.  While this project only examined RGB cameras, 
multiband spectral sensors provide an extra source of information that can be incorporated 
into any classification process alongside 3D structural properties.   

This Report highlights the myriad of potential airborne systems available to foresters and 
provides information related to the technical capabilities and accuracies associated with these 
systems.  The costs associated with potential image acquisition campaigns is also a major 
consideration.  Accompanying this Report is a Costing Tool software application which will 
assist foresters to estimate the cost of different aircraft platforms – both manned aircraft and 
unmanned aerial systems (UAS), different camera specifications and different flight planning 
specifications, to inform business decisions about platforms, sensors and flight planning.  

The advent of affordable but detailed 3D information now permits the assessment of forest 
resources at both the plot-level and individual tree level.  The development of the software 
package “PointcloudITD” illustrates that tree count estimation is now operationally feasible 
(Section 7.1).  This easy to use software application can be employed to detect and map the 
locations of individual trees from LiDAR data.  The application is designed to work 
efficiently with large LiDAR datasets and is expected to work equally well with AP point 
clouds. 

Flight planning can significantly influence the quality of AP imagery and the reliability of 
derived point clouds (e.g. Sections 2, 5 & 7.3).  This applies for both manned-aircraft and 
UAV platforms.  Spatial resolution (points per m2 in the AP point cloud) and spatial accuracy 
are, in large-part, related to photo-scale, which in turn is largely a function of flying height 
and therefore aircraft platform.  Multi-rotor UAV are suitable for use as a sampling tool, with 
an expectation that achievable spatial accuracy will be similar to manual field measurements.  
Manned aircraft can provide a ground sampling distance (GSD) of about 10–15 cm and 
estate-wide coverage.  Fixed-wing UAV are well-placed to bridge the gap between these two 
platform choices, with the prospects of hybrid vertical take-off and landing fixed-wing UAV 
adding to their flexibility and suitability for forestry applications. 

While UAV equipped with cameras have become very accessible and affordable, the 
deployment of LiDAR systems on UAVs has only relatively recently been implemented and 
these units require detailed calibration in order to optimise their accuracies (Section 6 and 
Appendix 2). Sufficiently accurate tree stem measurements (+ 1 cm) derived from dense 
point clouds acquired by affordable UAV-LiDAR systems may not yet be achievable using 
currently available sensors (e.g. the Velodyne Puck used in the UAS LiDAR described in this 
research) even after the system has been fully calibrated (Section 6).  However, highly 
accurate scanners are becoming increasingly available and affordable and it is only a matter 
of time before highly accurate UAV-LiDAR becomes readily accessible.  
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In the meantime, our results (Section 7.5) demonstrate the concept that semi-automated stem 
reconstruction is achievable using the point clouds that can be acquired from affordable UAS.  
This has the potential to dramatically reduce the demands of manual field measurement, and 
to produce data that are more easily and objectively audited.  Stem data derived automatically 
from dense point clouds will require human inspection and validation.  The work reported in 
Section 7.5 demonstrates that dense point clouds representing tree stems within forest 
inventory plots, together with the output from stem segmentation algorithms, can be imported 
into virtual reality systems for immersive human visualisation.  This opens the pathway for 
quality assurance and stem measurement within the point cloud. 

Key findings 

• Comparison of aerial photography (AP) and LiDAR point clouds (Section 2) 

Recent developments in photogrammetry algorithms and particularly Structure from Motion 
Multi-View Stereo (SfM-MVS) methods are now available in commercial photogrammetric 
software (Stone et al. 2016).  These packages perform photogrammetric processing of high 
overlap aerial photography and can generate very high resolution 3D point clouds. 

This study characterised and compared AP point cloud data derived for plantations of P. 
radiata and E. globulus. The results demonstrate that SfM-MVS photogrammetry is capable 
of producing point clouds that in large-part represent the canopy surface at high spatial 
resolution. Failures of the photogrammetry were attributed to regions of the canopy in deep 
shadow, regions of the canopy occluded by higher neighbouring trees, or a failure to reliably 
map the top of some stems likely caused by movements of stems between photographs due to 
wind. AP point clouds derived using different photogrammetric processing strategies were 
similar, indicating that the output is robust in terms of processing strategies. The performance 
of the AP can be optimised with careful flight planning, including selection of aerial 
platform, camera image format, focal length, flying height, forward and side overlap, flight 
line orientation relative to terrain, sun angle and environmental conditions.  Optimal 
approaches to aerial photo acquisition are provided in a Planning Guide that accompanies this 
Final Report. 

 

• Comparison of the performance of metrics derived from AP and LiDAR point clouds for 
yield estimates (Section 3) 

Over the past decade, airborne LiDAR has been extensively evaluated and data flow systems 
developed to enable the Australian plantation sector to generate high spatial resolution, 
accurate digital terrain models (DTMs) and canopy height models (CHMs).  Models derived 
from this spatially explicit information are now operational and used to accurately estimate 
stand-level structural attributes.  However, it is well established that the acquisition of 
airborne photography is cheaper than the acquisition of airborne LiDAR (e.g. White et al. 
2013).   
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In Sections 3 and 4 of this project we investigated the potential of composite ‘optical-LiDAR’ 
CHMs computed from a LiDAR DTM acquired only once, and then used to normalise 
subsequent photogrammetrically derived canopy surface data for extracting metrics for plot 
imputation for predicting inventory attributes. 

Airborne LiDAR and AP data associated with a P. radiata plantation in north-eastern 
Tasmania (i.e. the Springfield study site) were processed, metrics extracted and the 
performance of the resultant models compared for their ability to predict total recoverable 
volume (Section 3.1). Our results showed that although the performance of the LiDAR-based 
Random Forest (RF) models were better compared to the performance of AP-based RF 
models, the differences in accuracy (RMSE%, relative root mean square error) were very 
small, especially for the thinned, pre-harvest stands.  The accuracy values were slightly 
weaker for the denser, early aged stands for predicting total volume due to the weaker 
capacity to capture information from within the stand structure. The resultant height metrics 
were however, very similar. 

In addition, both the LiDAR and AP models showed strong agreement with Total 
Recoverable Volume calculated from harvester head data.  These results therefore 
demonstrate that point clouds generated from AP are suitable for estimating inventory 
attributes in P. radiata plantations, especially in thinned stands and where there is an 
accurate, high-quality DTM available.   

In the second component of this analysis (Section 3.2) we compared the accuracy of 
inventory attribute estimates derived from airborne LiDAR and AP data in E. globulus 
plantations located near Hamilton in western Victoria. The results from this study again 
showed that the accuracies of the resultant models based on LiDAR and AP data were 
comparable, although the suite of metrics obtained through the variable selection process 
differed between the two data sets, as well as differing from those selected for the P. radiata 
study.  Although the k-Nearest Neighbour (kNN) LiDAR models consistently outperformed 
the AP kNN models, the difference in plot level RMSE% never exceeded 5% when 
predicting plot level Mean Dominant Height (MDH), Basal Area (BA), total standing volume 
(TSV) and stems per hectare (SPH).  In addition, the stand level RMSE% values never 
exceeded 10% for all the considered inventory attributes.  This was a pleasing result 
considering that the AP imagery was acquired under somewhat less than ideal conditions. 

We also investigated AP and LiDAR data for a pruned thinned E. nitens stand near 
Geeveston, south of Hobart (Section 3.3).  For the E. nitens study, it was observed that the 
positions and locations of the outer tree crowns were consistently captured by both the 
LiDAR and AP point clouds. As expected, there was significant attenuation of the AP data 
deeper within the canopy.  However, subsequent analysis revealed that the LiDAR data from 
deep within the canopy provided little to no information that might be used to improve the 
precision of an imputation model applied to estimate stand attributes.  A conclusion from this 
study was that AP point clouds, which mostly provide information from the canopy surface, 
are highly likely to be satisfactory for use in hardwood plantation inventory. 
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Section 3.4 describes a generic data workflow model to derive inventory attributes using an 
AP cloud and a LiDAR DTM to generate a normalised CHM, and using point cloud metrics 
derived from that CHM.  

 

• Application of LiDAR data to model inventory attributes in a native regeneration forest 
(Section 4) 

As mentioned previously, significant progress has been made in the utilisation of LiDAR data 
to predict plantation inventory attributes through nearest neighbour plot imputation and this 
approach is now taken by several softwood companies in Australia and New Zealand.  
However, the application of this technology is not as advanced in the commercial native 
forest sector.  This is due, in part, to the heterogeneity in composition and structure of native 
forests. 

In Section 4, LiDAR data was used to model inventory attributes of a native regeneration 
forest on the south coast of NSW.  In addition to generating LiDAR-based gridded estimates 
of TSV, BA and SPH, a Probable Limit of Error (PLE) analysis was conducted in four 
operational units in the study sites.  Our results showed that the average estimates of TSV, 
BA and SPH derived from the LiDAR-based k-NN models and conventional plot-based 
estimates were similar.  However, both the 95% Confidence Intervals and the PLE values 
were smaller for the k-NN-based estimates than that obtained from a conventional plot-based 
approach.  These results indicate that LiDAR data can provide spatial information where the 
mean estimates for key stand structural attributes are closer to the “true” mean value relative 
to conventional ground based plots. 

 

• Aerial photography: data acquisition and workflows (Section 5) 

The increasing availability of high quality digital cameras, the continuing improvement in 
computing hardware capacity, and the emergence of SfM-MVS photogrammetry have 
combined to provide an opportunity to reconsider aerial photography as a data source for 
mapping forest canopies.  Coupled with the dramatic emergence of UAS platform 
capabilities, and the increasing capacity to integrate on-board GNSS and IMU technology 
onto both manned aircraft and UAS, the scope to employ a variety of both platforms and 
sensors to compute dense point cloud data has the potential to substantially contribute to high 
resolution forest remote sensing. 

In order to facilitate the investigation of these opportunities, and to inform decisions that may 
be made about aircraft platforms (manned aircraft or UAS) and about whether to build in-
house capability to acquire aerial photographic data or to use commercial providers, a 
separate document (Photogrammetry for Forest Inventory: Planning Guidelines) has been 
prepared.  These Guidelines provide detailed technical guidance for platform selection, 



x 
 

camera selection and flight planning.  Section 5 of this Final Report summarises the 
Guidelines for forest managers. 

Any decision to employ aerial photography rather than airborne LiDAR will be based in 
large-part on cost comparisons.  Factors that affect the cost of acquiring aerial photography 
include the size (hectares) of sites to be mapped, the locations of sites to be mapped, the 
accuracy and spatial resolution required, the choice of platform (UAS or manned aircraft), the 
camera used, flight planning specifications such as percentage photo-overlap, and the amount 
of ground control that needs to be established.  Cost comparisons between different aerial 
photography options and between aerial photography and LiDAR options will depend on 
these factors, and will vary on an organisation-by-organisation and project-by-project basis.  
To facilitate examination of these options and business decisions regarding what technology 
to employ and whether to build capacity in-house or use commercial providers, a Costing 
Tool has been developed and made available through a web platform.   

 

• Calibration issues associated with LiDAR-UAV systems (Section 6) 

Recent developments in lightweight accurate LiDAR sensors mean LiDAR data collection 
from UAVs is emerging as a possible alternative technology for high resolution forest 
sampling, particularly where through-canopy penetration is required in order to capture point 
cloud responses from tree stems. UAV LiDAR has the potential to be collected on-demand, 
with relatively low deployment costs and to provide very high point densities.  However, 
commercially available UAV LiDAR systems are only recently emerging and are still not a 
simple or turnkey technology.  Field testing, accuracy assessment and calibration are 
currently important considerations for any trials of UAS LiDAR. 

Airborne LiDAR data collection is more complex than aerial photography. This is because 
the absolute position and orientation of the scanner needs to be accurately known at very high 
temporal resolution.  In contrast, it is relatively easy to fly a camera either without on-board 
high accuracy navigation instruments, or with instruments that only acquire positional 
information at the moment of each camera exposure.  Airborne LiDAR is made more 
complex by the fact that the relationship between the position sensors (GNSS antennas), the 
orientation sensor (Inertial Measurement Unit), and the LiDAR scanner must be accurately 
calibrated. 

Section 6 reports on the calibration of a UAS LiDAR system, with a detailed workflow 
described in Appendix 2.  This section, and the Appendix, also present results from a recent 
UAS LiDAR trial over a P. radiata plantation site in southeast Tasmania.  This component of 
the FWPA project delivered several important findings that can be used to help guide future 
research. The work demonstrated the utility of photogrammetric reconstruction for measuring 
lever arm offset values for UAV LiDAR calibrations. The work also shed significant light on 
the characteristics of a suitable UAV calibration site and the techniques that can be used to 
undertake boresight calibrations (IMU-scanner relationship) of UAV LiDAR systems. In 
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addition, the work delivered a simple LiDAR boresight calibration process for UAVs, 
together with recommended improvements to that process. 

The calibration approach developed was successfully applied to a newly developed UAS 
LiDAR system and field work undertaken to collect data over a P. radiata plantation at 
Uxbridge, near Hobart . A dense point cloud was successfully acquired and early assessments 
of that data indicate good responses from, and penetration through the canopy and to the 
terrain. 

• The Individual Tree Count software application (Section 7.1) 

The plot-level statistical area-based approach (ABA) is now routinely applied for predicting 
stand level attributes through LiDAR plot imputation.  However, there has been limited 
uptake of incorporating tree-level attributes into the modelling process.  This is despite the 
fact that stand density (SPH) is predicted with only a moderate degree of precision from 
LiDAR data using the ABA approach. 

In the previous remote sensing FWPA Project (PNC305-1213), a new methodology for 
individual tree detection (ITD) was developed (Kathuria et al. 2016). The resultant 
algorithms, written in the statistical program R, were shown to be very effective at detecting 
trees over small areas but suffered from poor computational performance when applied to 
larger multi-hectare datasets. 

The aim of the work presented in Section 7.1 was to re-implement the original ITD algorithm 
using alternative software to R so as to provide improved computational speed for processing 
large spatial datasets and to make the ITD process more readily usable by planning foresters. 
The PointcloudITD software package is now available alongside the Final Report on the 
FWPA web site.  This software package provides a basic Graphical User Interface (GUI) that 
allows the user to import point cloud files in LAS format, import plot-based stem maps, 
configure and run different processing steps and export tree maps in a variety of formats.  In 
addition to generating canopy normalised points and rasterized CHMs, used to determine 
local maxima points (=candidate tree-crowns), the software also provides for ability to load 
stem data (e.g. from dGPS) surveys) which are then used to produce a tree crown 
classification model that can be exported and used on any other (equivalent) dataset.  Section 
7.1 describes each processing step.   

The computational performance of this software is significantly superior to the original ITD 
scripts written in R.  For example, using an eight core desktop computer, a 10,000 hectare 
tiled LiDAR image can be processed in approximately 18 minutes.  Finally, in a case study 
using LiDAR acquired over a P. carribea var. Honduras plantation and a small number of 
ground based tree stem maps, the resultant count of detected trees in the validation plots had 
a bias of 1.7% and RMSE% of 7.25. 
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• Mapping of postharvest Coarse Woody Debris (Section 7.2) 

The aim of this unit of work was to evaluate whether imagery acquired by a range of 
platforms (e.g. UAV- high resolution camera imagery with up to 2 mm per pixel; manned 
aerial photography with 9 cm pixels and satellite multispectral imagery with a spatial 
resolution of < 2m) could be used to remotely quantify coarse woody debris (CWD) after a 
harvesting event in a P. radiata plantation.  If successful this could remove the need for 
postharvest manual assessments undertaken for contractor auditing and yield reconciliation.   

The study site comprised of several post-harvest compartments in Canobolas State Forest, a 
P. radiata plantation near Orange, NSW.  Unfortunately the results of the satellite imagery 
analysis indicated that spectral unmixing of pixels > 1.2 m from the satellite platforms and 
spectral bands considered in this study are unlikely to produce accurate quantifications of 
post-harvest CWD.  The 9 cm pixel imagery acquired from a manned aircraft also was not of 
a high enough resolution to allow for satisfactory segmentation and classification of CWD.   

The 2 mm pixel imagery acquired by a low flying UAV, however, could be used to quantify 
both the areal coverage and total volume of CWD using a digital workflow that included the 
manual annotation of wood from images. Our results indicated that the use of UAV-derived, 
high-resolution imagery and digital on-screen annotation of the imagery provided an 
alternative to in-situ, field-based manual measurements, with equivalent measurement results 
and hence accuracy.   

 

• Fixed wing UAS application for survival counts in young plantations (Section 7.3) 

Other studies in this project have demonstrated the real potential of using multi-rotor UAVs 
as sampling tools for acquiring dense point clouds over small areas. These datasets can then 
serve as reference data for subsequent imputation modelling to derive inventory yield 
estimates.  Numerous tasks in plantations, however, are better suited for a rapid mapped 
census of the area of interest such a survival counts in young plantations.  In this case, fixed 
wing UAVs are currently the preferred platform.  

Section 7.3 in this Report provides advice on the recommended resolution, capture and 
overlap specifications for a fixed wing UAS for capturing camera imagery over eucalypt 
blocks with trees between 50 cm to 5 m in height.  Australian UAV are able to detect the tops 
of small tree crowns using a spectral filter on their camera which filters out the features of 
non-interest, e.g. the bare soil and selects only those pixels with the features unique to the 
crowns of young trees.  Custom scripting by Australian UAV can now produce automated 
tree counts with an accuracy of 97% compared to a manual count from the aerial image.  
Their workflow is now relatively simple and has been demonstrated to be reliable and 
repeatable.  
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• Software solution for the efficient allocation of ground reference plots (Section 7.4) 

Another product derived from this project is the Nearest Centroid (NC) R program.  Section 
7.4 describes in detail the NC software package written in the statistical R programming 
language. The NC R program performs nearest centroid sampling for efficiently allocating 
the number and location of reference plots for imputation based on high-resolution remotely 
sensed information.  The overall objective was to minimise the number of physically 
measured plots while maximising predictive performance and minimising bias.  

The NC method is very flexible and is able to accommodate a large number of survey 
objectives including small area estimation and estimation of specific sub-populations, as well 
as situations where plots in the area of interest are not spatially contiguous.  The NC method 
operates by selecting plots which capture the full range of variation in the auxiliary variables 
(e.g. spatially explicit metrics derived from remotely sensed data), and is based on 
multivariate clustering (Hartigan & Wong 1979).  A key prerequisite of this approach is 
therefore, the a priori availability of this spatial data and the strength of the relationship 
between the auxiliary variables derived from the LiDAR or AP data and the inventory 
attributes of interest.  Several examples are provided to illustrate different survey designs 
using LiDAR data from a P. radiata plantation in NSW, near Nundle (Melville & Stone 
2016).   

In addition, a specific case study was undertaken which compared the performance of LiDAR 
and AP data in terms of plot sampling efficiencies based on imputation and a conventional 
design-based approach.  Again, gains in efficiency were observed across sample sizes ranging 
from 10 to 75 when NC sampling was used to select reference plots instead of random 
sampling (i.e. significantly lower RSME for same plot sample size).  Importantly this occurs 
with either LiDAR or AP metrics.  Although, the use of LiDAR metrics resulted in better 
efficiencies than the AP derived metrics, the primary benefit was from the choice of sampling 
method, using either LiDAR or AP derived auxiliary metrics. For example, AP metrics 
combined NC sampling is much better, in terms of sampling efficiency, than using LiDAR 
metrics combined with a conventional sampling strategy.  

 

• Potential of 3D visualisation using dense point cloud data (Section 7.5) 

Hardware and software to support immersive Virtual Reality (VR) is developing rapidly. A 
review of the literature indicates that our preliminary application of immersive VR methods 
to the assessment of tree structure is innovative and has not yet been implemented in an 
operational context.  This approach requires dense and accurate 3D point cloud data which 
we have demonstrated can be captured using terrestrial, UAV or aircraft platforms and either 
photogrammetric or LiDAR sensors.   

The preliminary study reported in Section 7.5 utilises dense point cloud data acquired from 
several P. radiata stands and demonstrates the ability of the VR platform to merge dense 3D 
point clouds acquired from various platforms including terrestrial laser scanning (a review on 
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TLS sensors and data processing is provided in Appendix 1), UAS LiDAR and AP.  for on-
screen visualisation and measurement (Figure 2, Section 7.5).  The study also shows that it is 
possible to import the outputs from software that generates individual tree reconstruction and 
stem segmentation (Figure 1, Section 7.5).  These ‘reconstructed’ 3D tree models can be 
immersed into the original point cloud data for operator visual assessment and measurement. 

This study was a proof-of-concept demonstration of the application of immersive 
visualisation.  It certainly supports the objective of developing a software environment where 
trees can be identified and segmented automatically and then additional measurements either 
made or validated by a human operator.  

 

Recommendations  

We strongly recommend maintaining the research momentum associated with developing 
software solutions for the on-screen visualisation and measurement of tree plots and trees 
using dense point cloud data.  Some of this research is currently bridging directly into the 
FWPA project PNC377-1516 “Optimising remotely acquired, dense point cloud data for 
plantation inventory” through the evaluation and application of existing 3D software 
packages and the application of 3D modelling to reconstruct trees using dense point cloud 
data.  However, we recommend that additional funds be sought that will complement the 
studies in PNC377-1516 and focus on incorporating the 3D modelling component into an 
immersive visualisation environment that will enable accurate on-screen tree and plot 
inventory.  This future work is likely to concentrate on investigating alternative methods of 
representing the point cloud in order to optimise the immersive experience and developing 
tools to allow users to interact with data in order to capture or quality assure tree metrics. 
This approach will reduce time, costs and OH& S risks compared to manual field-based 
inventory.   

A topic that was not evaluated in this project was the application of multispectral imagery.  
Four band cameras, multispectral and hyperspectral sensors are now all available on named 
airborne and UAV platforms.  The added spectral information in combination with 3D 
structural data presents definite opportunities for detecting and mapping features such as 
mixed tree species, weed mapping and tree level tree health surveys (e.g. Stone & 
Mohammed 2017).  It is recommended that the integration of spectral metrics acquired by 
these sensors into existing 3D modelling workflows be evaluated. 

The current networking between the project researchers and technical foresters in the 
collaborating companies should be encouraged and supported.  This relationship will, for 
example, facilitate the uptake of the various software applications delivered in this project.  
Familiarity and use of the “PointcloudITD” software package after the acquisition of LiDAR 
or AP data, will provide companies with routine, accurate estimates and maps of stem 
density. This tree-level attribute can then be used as a predictor in subsequent area based 
imputation predictions. 
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Finally, the forestry sector’s capacity to fully utilise remotely acquired, high resolution 3D 
data will only be extended through R&D collaboration with researchers having expertise in 
the associated software and hardware technology.  These researchers may well be working 
with industries quite different to forestry. We recommend the continued engagement with 
scientists with expertise in a range of associated technologies.   
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1. Introduction

1.1 Background 

Remote sensing technologies are evolving rapidly.  An emerging diversity of platforms, 
sensors, algorithms and workflows presents opportunities across the forestry sector for more 
reliable or more cost-effective resource information. 

Complimenting these opportunities has been continued investment in FWPA’s Research 
Development and Extension Program in the area of technology transfer and adoption (FWPA 
Strategic Plan 2014-2019) which has resulted in three consecutive R&D projects focused on 
the evaluation and application of remote sensing technology for the Australian forestry 
sector. This Final Report presents the results and outcomes of the third project in this series, 
which has further progressed the research, evaluation and customisation of remote sensing 
hardware (platforms and sensors), software and data workflows. 

A common aim connecting these three projects has been to incorporate 3D remotely-sensed 
information, irrespective of the acquisition or processing methodology, into forestry 
inventory management systems. This is a key enabler of precision forestry (Holopainen et al. 
2014), enabling, for example, numerous tree level attributes to be precisely summarized 
within individual compartments. However it is also disruptive, requiring forest managers to 
deal with high spatial resolution 3D point clouds in addition to the more conventional 2D 
sources of data (e.g. GIS).  

The first project, PNC058-0809: (2009) was titled “Adoption of new airborne technologies 
for improving efficiencies and accuracy of estimating standing volume and yield modelling in 
Pinus radiata plantations”. It evaluated the capacity of LiDAR (Light Detection and 
Ranging) (also referred to as Airborne Laser Scanning (ALS)) data to derive tree level, plot 
level and stand level attributes required for P. radiata inventory. An area based approach 
using LiDAR metrics was successfully applied to estimate common inventory attributes. 
This 2-year project was confined to data acquired from a single plantation in southern NSW.  

The second project (PNC305-1213: Operational deployment of ALS derived information into 
softwood resource systems) arose after an initial Scoping Study that engaged the majority of 
the softwood grower companies in Australia. The primary focus of this project was to 
develop a data workflow solution using LiDAR data which was based on nearest neighbour 
plot imputation and that would enable integration of LiDAR derived information into 
company yield regulation systems. The data workflow prototype was then evaluated in terms 
of information accuracy, technical feasibility and cost-effectiveness. Several softwood 
companies are now implementing this LiDAR based plot-imputation approach for acquiring 
inventory and product yield estimates (e.g. One Forty One Plantations, Forestry Corporation 
of NSW and Interpine in NZ).   
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Additionally, two separate applications, based on LiDAR data, were initiated in the PNC305-
1213 project: i) an automatic tree crown detection algorithm for accurate tree count estimates 
(Kathuria et al. 2016) and ii) development of an efficient sampling design strategy to reduce 
the sampling intensity required for inventory plots (Melville et al. 2015; Melville & Stone 
2016). The tree detection algorithm was implemented in the R statistical software package 
and was shown to be very effective at detecting tree crowns but suffered from poor 
computational performance when applied to large hectare datasets.  In the current project, Dr 
Mitch Bryson (Australian Centre for Field Robotics, University of Sydney) has progressed 
this study with development of an easy to use software package called “PointcloudITD” 
which has dramatically improved the computational speed associated with generating 
accurate tree crown maps over compartment scale areas (Section 7.1). The second application 
– the use of high spatial resolution surfaces (e.g. an ALS derived Canopy Height Model) for 
the efficient spatial allocation of ground reference plots for inventory imputation – has also 
been significantly progressed in the current project by Dr Gavin Melville (Research 
Biometrician, NSW Department of Primary Industries) (Section 7.4).  In this case, a new R 
package called “NC sampling” based on a novel Nearest Centroid sampling methodology has 
been submitted to the R evaluation team for inclusion in the open access R Library.  

The current Project (PNC326-1314 “Deployment and integration of cost, effective, high 
spatial resolution, remotely sensed data for the Australian forestry industry” commenced with 
an initial national workshop in late January 2014. It was well attended by companies 
managing plantations and native forests from across most of Australia’s forest growing 
regions. A series of high priority tasks and deliverables were identified within the three crop 
type sectors (softwoods, hardwoods and native regrowth forests) which then formed the basis 
of the proposed tasks and outcomes for this multi-faceted research project. 

All three FWPA projects have prioritised the need for consultation and engagement with the 
commercial forestry sector, with a focus on developing solutions that can be incorporated into 
existing planning and data management systems.  This has resulted in a paradigm shift in 
company awareness and the initiation of integrating high resolution, spatially explicit 
information into their resource management systems.  The current project has developed its 
strong operational focus by leveraging off the significant resources already invested in the 
application of LiDAR data into softwood plantation information systems (i.e. the previous 
FWPA projects) and applied that knowledge and expertise for the hardwood plantation sector 
and native regrowth forests.   

Because the studies arising in this project were intended to address priorities identified for all 
three forestry sectors, several field study sites were established. The key study sites included: 
the ‘Springfield’ Pinus radiata study site in north eastern Tasmania (managed by 
Timberlands Pacific); the Eucalyptus globulus ‘Geeveston’ study site, south west of Hobart, 
the E. globulus plantations near Hamilton, Victoria and the Eden native forest site on the 
NSW south coast.   

An important aspect of this project, which we believe has contributed to its success, has been 
has been the multidisciplinary approach. The project brought together a team of researchers 
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from five different research units, providing expertise in photogrammetry, unmanned 
airborne systems, software development and biometrics. Additional technical expertise in 
forest inventory and planning was accessed through the collaborating forestry companies. 

The rapid evolution of remote sensing technology and methods has resulted in a myriad of 
potential system combinations that require evaluation and customisation for specific forestry 
applications.  An overview is provided in Figure 1. Over recent years, for example, there 
have been significant advances in Unmanned Airborne Systems (UAS) performance and 
application (e.g. Puliti et al. 2015; Wallace et al. 2016). This project therefore undertook a 
preliminary study to ascertain the suitability of Unmanned Airborne Systems (UAS) for 
stand-level and tree-level assessment and mapping. In particular, identifying the issues and 
procedures required for system calibration of a multi-rotor UAV equipped with a laser 
scanner to ensure optimal integration and point geo-referencing necessary for accurate tree 
stem measurement. 

A key outcome for the 2nd project in this series (PNC305-1213) was the positive business 
case for a LiDAR-based inventory solution using an imputation methodology (Jan Rombouts, 
OneFortyOne Plantations & AAM Australia). The evaluation was undertaken from the 
perspective of information outcomes, technical feasibility and cost effectiveness. For 
example, the cost profile of LiDAR based forest inventory is scale dependent and therefore 
not well suited for small discrete areas. Their financial analysis showed that scenarios where 
inventories are refreshed annually are only marginally cost-effective. Scenarios where 
LiDAR surveys take place every two to three years were however, clearly cost-effective. It 
needs to be acknowledged that numerous other benefits can also be derived from the LiDAR 
data, for example, a high quality Digital Terrain Model that is well suited for hydrological 
applications. 

However, a point noted in the Final Report of the second project (PNC305-1213) was that the 
testing of photogrammetric point clouds for plantation assessment had not been 
accommodated. This current research project has investigated the reliability of 
photogrammetric point cloud data, and the opportunities these data provide for 
photogrammetry-based inventory. 

It is well established that the acquisition cost of airborne photography is usually lower than 
the acquisition cost of airborne LiDAR (e.g. White et al. 2013 and refer to Section 5). Given 
the potential requirement for annual assessments of relatively small management areas, recent 
interest has been given to identifying remotely sensed options that may be cheaper than 
periodic acquisition of LiDAR data. Recent developments in photogrammetry algorithms and 
software have significantly improved the capacity to derive dense 3D point clouds from aerial 
photography. A limitation of aerial photography and a photogrammetric solution is lack of 
canopy penetration, and therefore a limited capacity to map the terrain surface under a dense 
forest stand (DTMs).  Composite ‘optical-LiDAR’ Canopy Height Models (CHMs) however, 
can be computed using a LiDAR DTM acquired only once, and then used to normalise 
subsequent photogrammetrically-derived canopy surface data.  We concur with White (2016) 
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that LiDAR and aerial photography can now be considered complementary technologies to 
support forest inventory. 

The outcomes and outputs from this research project are already bridging across into a more 
recently commenced FWPA project (PNC377-1516) “Optimising remotely acquired dense 
point cloud data for plantation inventory”. The new project extends the research by focussing 
on very high resolution data, which is already or soon will become available from airborne 
platforms and sensors, and developing methods to harness the value in that data, particularly 
through individual tree and stem based reconstruction, measurement and visualisation.
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Figure 1. An increasing choice of remote sensing platforms and sensors are available for use by the forestry sector 
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1.2 Key project Tasks and Deliverables  

The overall aim of this project was to provide commercial forest growers with knowledge of 
and access to robust data acquisition and processing solutions that will enable cost-effective 
deployment and integration of LiDAR and camera-derived products for accurate, spatially-
explicit, resource assessment information required for operational and strategic planning. 

A series of tasks and project deliverables (Figure 2) were identified from the preliminary 
consultation process and listed in the original project proposal.   

The key tasks included: 

1) Evaluate and adapt the ALS (LiDAR) modelling approaches developed in PNC303-1213 
for stand variables associated with hardwood plantations and native forests. 

2) Compare the acquisition costs, data quality and classification accuracies of multispectral 
data captured by UAVs and light aircraft for mapping: weeds; survival counts; coppice 
condition and post-harvest residues. 

3) Optimise the acquisition, processing and use of hybrid surface models using ALS and 
optical point data clouds (parameterization & calibration). 

4) Provide recommendations on the most cost-effective acquisition specifications and optimal 
sampling design strategies for ALS and/or digital camera data across a range of resource 
assessment tasks. 

 

Key Project deliverables were identified as the provision of: 

i) Operational workflow protocols for acquiring and processing ALS- and photo-derived 
surfaces across a range of resource assessment and mapping tasks. 

ii) Operational workflow protocols for extracting and modelling LiDAR- and photo-derived 
metrics for estimating standing timber attributes. 

iii) Reports on the cost reductions associated with the application of these technologies for 
resource assessment and planning and advice on the optimal specifications and scheduling of 
camera and ALS image acquisitions.  

In addition it was proposed that these technology transfer orientated activities would be 
supported by the production of scientific journal papers, a literature review and a Planning 
Manual.   

Finally, it should be noted that our interpretation of multispectral data as referred to in the 
above tasks is based on the Red, Green and Blue bands available in the raw photography.  We 
did not intend to acquire multispectral data from multispectral scanners or video but to 
remain focused on camera photography relative to the single band LiDAR data.
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 TASKS Section 
Pinus spp. 
plantations Comparison of AP & LiDAR point clouds 2.1 

 Comparison of AP & LiDAR imputed inventory 3.1 

 AP imputation workflow for inventory 3.4 

 Optimal acquisition & processing of AP data 5 

 Tree detection & mapping (counts) 7.1, 7.3 

 Mapping of post-harvest Coarse Woody Debris 7.2 

 Comparison of AP & LiDAR metrics for efficient  plot sampling 7.4 

 3D visualisation using dense LiDAR point data 7.5 
 
Eucalyptus spp. 
plantations 
 

Comparison of AP & LiDAR point clouds 2.2 

 Comparison of AP & LiDAR imputed inventory 3.2, 3.3 

 Optimal acquisition & processing of AP data 5 
 
Native regrowth 
forests Imputed inventory attributes using LiDAR 4 

 Yield error estimates from LiDAR imputation 4 

   

 PRODUCTS Section 

 Nearest Centroid R program: efficient sampling strategy 7.4 

 Individual Tree Count Application 7.1 

 Photogrammetry for Forest Inventory: Planning Manual  

 Aerial Photography Costing Tool  

 

Figure 2: Summary of tasks and deliverables for PNC326-1314.  Project reports and software 
products can be accessed via the FWPA website. 
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2.  Comparison of ALS and aerial photography point cloud data 
in plantation forests 

 
 

2.1 Comparison of ALS and aerial photography point cloud data 
in a Pinus radiata plantation (Springfield study site, NE 
Tasmania) 
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4Forest Science, NSW Department of Primary Industries 

 
 
 
This report presents an analysis of point cloud data derived from airborne small-format 
digital aerial photography and a comparison with ALS (also referred to as airborne LiDAR) 
data for a Pinus radiata plantation located in northeast Tasmania. The aerial photography was 
photogrammetrically processed using commercially available software and three different 
processing strategies.  The influence of processing strategy, terrain slope, canopy occlusion, 
canopy cover, photo-overlap and camera location are investigated in order to characterise the 
point clouds generated using these methods and to assess the robustness of the 
photogrammetric solution to these variables. 
Our analysis provides insights into the performance of modern photogrammetric techniques 
in this type of forest. Characteristics of the dense point cloud are shown to be largely robust 
to different photogrammetric processing strategies.  Observations regarding the influence of 
terrain slope, photo-overlap, canopy occlusions, canopy cover and camera location can be 
used to inform flight planning and photo acquisition. 
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Study area 
The study area is within a region of approximately 28 km2 (Figure 1) in northeast Tasmania, 
Australia located at 41°12'50"S and 147°38'50"E (approx. centre coordinates). The site is 
dominated by P. radiata plantations with sparsely distributed broadleaved trees (e.g. 
Eucalyptus and Acacia spp.) within the plantations. Within the study area are plantations of 
different ages. These are stratified into three age classes: Early Age Inventory (EAI) aged 10 
- 12 years, Mid Rotation Inventory (MRI) aged 20 - 22 years and Pre-Harvest Inventory (PHI) 
aged 29 - 30 years. Maximum heights in the EAI, MRI and PHI plots were in the ranges of 
15m – 21.5 m, 29.7 m – 35.5 m and 25 m – 38.7 m, respectively. The spacing at 
establishment is 3 m x 3 m with a stocking of around 1,100 stems per hectare (sph). Thinning 
occurs at between 12 and 16 years with a residual stocking of 500 to 600 sph. Historic 
regimes consisted of one or two thinnings. The clearfell compartments in the study area 
received two thinnings to a residual stocking between 350 and 450 sph. Some pruning has 
occurred on the mature stands. 
 

 

Figure 1. Study site location in NE Tasmania, Australia. An orthophoto of the study site 
showing plot locations (red circles). 
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Methodology 
Data Collection 

• Inventory Plot Measurements 
A total of 105 fixed radius sample plots representing the three strata were collected during a 
field campaign in May 2015. These 105 plots comprised 15 Early Age (EAI) plots, 40 Mid 
Rotation (MRI) plots, and 50 Pre-Harvest Inventory (PHI) plots. Plot radii of the EAI, MRI 
and PHI plots were 8 m, 9 m and 12 m respectively. The analysis described here is based on 
eight of the PHI plots, four of the MRI plots and four of the EAI plots.  

• ALS Data 

ALS data was collected using an Optech Pegasus ALS on board a fixed-wing aircraft (12th 
April 2015). The system recorded 4 returns per pulse (1st, 2nd, 3rd and last) with a pulse 
repetition frequency of 100 kHz, resulting in an average point density and spacing of 2.15 
points per m2 and 0.68 m, respectively. Project specifications and processes were designed to 
achieve vertical and horizontal accuracies (within 1 sigma) of 0.15 m and 0.55 m, 
respectively. 
Three well-distributed ground control arrays, each comprising approximately of 50 terrain 
points distributed in an approximate grid over areas of open, generally flat terrain, were geo-
located with real-time kinematic (RTK) GNSS and used by the ALS data provider as a 
reference for vertical adjustment of the data. ALS strikes across the study area were classified 
by the data provider into ground and non-ground points using a proprietary algorithm. 
Manual checking and editing of the data classification further improved the quality of the 
terrain model. 

• Aerial Photography 

Data Acquisition 

Thirty-five ground control points (GCPs) were established across the study site. These were 
0.25 x 0.25 m reflective targets, fixed to ground pegs, and geo-located using differential 
GNSS. The horizontal and vertical accuracies of the GCPs were 2 cm and 5 cm, respectively. 
Aerial photography was acquired using a Canon EOS 5D Mark II (21 megapixels) digital 
frame camera on board a fixed-wing Cessna 206. The aircraft was flown at an average height 
of 600 m above terrain on 6th February 2015. The focal length of the camera was 35 mm, 
resulting in a ground sampling distance (GSD) of 0.13 m. A total of 1898 images were 
collected during 24 runs, covering an area of 31.6 km2, with a forward and side overlap of 
75% and 60%, respectively.  

Point cloud generation  

Photogrammetric processing of the aerial photography was undertaken using Agisoft 
PhotoScan Professional v1.2.6, build 2834. All photographs and all ground control were 
included in the photogrammetric solution. Camera calibration (a single, block invariant 
solution) was determined by the bundle adjustment. Residuals on ground control indicated 
that the horizontal accuracy achieved was 10 cm (1 sigma) and the vertical accuracy was 15 
cm (1 sigma). Sparse point clouds were generated using the SfM-MVS software, with an 
average of 7402 points per photo. 
Dense point clouds were generated using different settings of Key Point limit (initial photo 
alignment), Quality and Depth Filtering. Key Point limit controls the upper limit of the 
number of points extracted from each photo. The default Key Point limit is 40,000 (Agisoft, 
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2015); however, 2 million was also used during initial photo alignment. Quality refers to the 
resampling or downscaling of the photographs during geometrical reconstruction. Selecting 
Ultra High quality means that original photos are used; selecting High quality downscales the 
image size by a factor of four. This means that when building dense point clouds, High 
quality will downscale four pixels in the original photo to one pixel to build a geometry 
(Agisoft LLC, 2011). Depth Filtering is applied to filter and remove outliers in the dense 
point cloud. The software provides three depth filters: Mild, Moderate and Aggressive. Mild 
will remove fewer points, thus will preserve the complexity of a point cloud but at the risk of 
leaving erroneous points in the cloud; Aggressive will remove more points, which minimises 
the likelihood of erroneous points remaining in the cloud but at the risk of removing reliable 
data. Moderate depth filtering falls between these two (Agisoft LLC, 2011). We generated 
dense point clouds using Mild and Moderate depth filtering. The combinations of key point 
limit, quality setting, and depth filtering used in this study are shown in Table 1. Three 
combinations were investigated, named DEF (Default), MILD and ULTRA. 
Table 1. Combinations of Key Points, Quality, Depth Filtering and the resulting number, 
average density and average spacing of AP point clouds (16 plots) 

Process 
Name 

Key 
points 

Quality Depth 
Filtering 

Number of 
Points 

(16 plots) 

Average Point 
Density (pt/m2) 

Average 
Point 
Spacing (m) 

DEF 40,000 High Mild 363,355 27.27 0.19 

MILD 2,000,000 High Mild 354,740 26.40 0.20 

ULTRA 2,000,000 Ultra high Moderate 3,548,290 356.57 0.08 

 

Data Analysis 
ALS and AP point clouds were extracted for each of the PHI, MRI and EAI plots using an 
external buffer of 5 m around the actual field plot radius to allow for the removal of any edge 
effect during analysis. Firstly, all the datasets were height normalised with ALS-based digital 
terrain model (DTM). Secondly, all the ALS and AP points with normalised height values 
below -0.5 m or above 50 m height were classified as noise because the terrain and tree 
heights in the study area were between these height ranges. Finally, when the data was ready 
for analysis, all datasets were clipped to the actual plot radius, all noise points, unclassified 
points and points below zero m were filtered out. 

• Comparison of vertical profiles of ALS and AP point cloud datasets along a transect 
At each plot, vertical profiles along transects were extracted from the ALS and AP point 
clouds. The width of each transect for the AP data was 0.5 m and for the ALS data was 1.0 m. 
The wider transect was adopted for the ALS data because of its lower horizontal accuracy 
(approx. 0.55 m, 1 sigma). The wider transect also assisted with ALS data interpretation, 
given the lower point density of the ALS data compared with the AP data. For the ALS data, 
we tested three transect widths i.e. 0.5 m, 1.0 m and 2.0 m as shown in Figure 2a. 
ALS points in the 0.5 m transect width compared well with the AP profiles but did not 
account for the possible effects of horizontal error in the ALS data. In contrast, ALS points in 
the 2.0 m transect for ALS data included points further from the AP points and clearly from a 
different part of the canopy (red circles in Figure 2a). We adopted a 1.0 m wide transect for 
ALS point data as a sensible compromise (Figure 2b) 
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(a) 

 
  (b) 
Figure 2. (a). The influence of three transect widths (0.5 m, left; 1.0 m, centre; 2.0 m, 
right) on visualising the ALS data. A transect width of 1.0 m was adopted in order to 
account for the horizontal accuracy of the ALS data and to aid visual interpretation. (b) An 
orthophoto of a field plot, the actual plot radius (12 m in pink) with a 5 m buffer (in dashed 
yellow). The two transects used to extract the vertical profiles from the ALS (red transect) 
and the AP (blue transect) point cloud. 
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• Penetration of ALS and AP point cloud datasets through the canopy: the influence of 
increasing canopy cover, slope and camera location 

Plot centres were buffered with a distance equal to the actual plot radius. All points falling 
within the actual plot radius were extracted from the ALS and AP point clouds. Data were 
then classified in height bins of 5 m and the percentage of points was extracted for each 
height bin (LAStools, 2015). A height cut-off of 0.0 m was applied to include all points 
between ground and the maximum height value. 
Canopy cover (CC) and canopy density (CD) metrics were calculated for each plot to 
investigate and characterise the penetration of ALS and AP point clouds in relation to CC and 
CD using LAStools’ lascanopy functions (LAStools, 2015). CC and CD metrics are based on 
the ‘return-number’ above a user-defined height cut-off. CC is computed as the number of 
first returns above the cover cut-off divided by the number of all first returns and output as a 
percentage. CD is computed as the number of all points above the cover cut-off divided by 
the number of all returns. The cover cut-off was set as 5 m, which represented the 
approximate pruned height. The ALS data were used to calculate CC and CD metrics. 

• Analysis of the effects of occlusion on AP point cloud data 
All points above a normalised height of 2.0 m falling within the actual plot radius were 
extracted from the ALS and AP point clouds. The ALS sampling density is relatively low 
(1.94 points per m2 in these 16 plots); the AP sampling density is much higher (between 26 
and 230 points per m2, depending on the photogrammetric processing strategy (Table 1)). 
Gaps in the ALS data will occur in the spaces between strikes or if the reflected signal from 
foliage, a branch or stem is too weak to be detected. Gaps in the photogrammetric data will 
occur if the photogrammetric solution is unable to image-match conjugate points in multiple 
photographs, and the number and location of these gaps – even for the same set of aerial 
photography and ground control – will be affected by the photogrammetric processing 
strategy employed. Analysis of the ALS and AP point clouds also require that the physical 
dimensions of each measurement technique are taken into account. The footprint diameter of 
a single ALS strike onto vegetation or terrain was 0.22 m. The footprint diameter of the AP 
point cloud corresponds with the GSD of the imagery and was 0.13 m. 
The inherent dimensionless nature of points challenges the planimetric comparison of any 
two point cloud datasets. To identify areas that were either ‘always mapped’ or ‘always 
missed’ by the AP point clouds, irrespective of the process by which the dense point clouds 
were generated, we buffered each of the points with a radius of 0.065 m to mimic the AP 
ground sampling distance (GSD) of 0.13 m. The buffer boundaries, in each of the DEF, 
MILD and ULTRA processes, were then dissolved to simulate an area covered by the AP 
point cloud datasets.  
Computed AP point cloud coverages derived from the DEF, MILD and ULTRA processes 
were combined to identify common areas that were ‘always mapped’ by AP. These ‘always 
mapped’ areas were then subtracted from the plot area to identify areas that were ‘always 
missed’, irrespective of the process (DEF, MILD, ULTRA). Always missed areas smaller 
than 1 m2 were not considered in this analysis. We also identified areas which were 
‘occasionally’ missed in each of the DEF, MILD and ULTRA process, however, these were 
not indicative of any strong pattern and were excluded from further analysis. Figure 3 shows 
the methodological workflow to identify ‘always mapped’ and ‘always missed’ areas. 
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Figure 3. Methodology to identify 'always mapped' and 'always missed areas' in the AP 
point clouds 
 

Results 
Comparison of vertical profiles of ALS and AP point cloud datasets along a transect  
Figures 4 (a – f) provide six examples of vertical profiles along a transect through the 16 field 
plots. The DEF, MILD and ULTRA AP datasets are substantively in agreement; the upper 
parts of the canopy defined by these three datasets are in close agreement with those 
indicated by the ALS data. As expected, the ALS has a substantially higher number of returns 
from the middle and lower canopy, and penetrated through the canopy to the ground except in 
regions where the canopy is denser or has sub-canopy trees. In comparison with the ALS, 
high points on the P. radiata were missing in the AP point clouds; shown for example by 
blue circles in Figures 4a, 4b and 4c (i.e. Plots PHI41, MRI30 and EAI10). Tree tops are 
usually neither in shadow nor occluded, which means they might be expected to appear in the 
AP point cloud, particularly because of the high spatial resolution of AP. Comparing the three 
AP datasets: 

• In the PHI plots, the ULTRA strategy captured isolated high points in the canopy 
better than the DEF and the MILD processes; shown for example by the area circled 
in red in Figures 4a (i.e. Plot PHI41). In the EAI and MRI plots, the ULTRA process 
not only captured high points in the canopy (red circles in Figures 4e and 4f, i.e. Plots 
MRI29 and EAI9) but also penetrated deeper than the DEF and MILD processes; 
shown for example by green circles in Figure 4b, 4c and 4e (i.e. Plots MRI30, EAI10, 
and MRI29. 

• The MILD process appears to have better penetrated the canopy than the DEF and 
ULTRA processes only in PHI plots; shown for example by the area circled in green 
in Figures 4d (i.e. Plots PHI1). The number of MILD hits in the lower canopy, 
however, are very few. 
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(a) (b) (c) 

   
(d) (e) (f) 
 
Figure 4. An overlay of the point clouds from ALS and AP data, along transects, is displayed 
(ALS in red, DEF in blue, MILD in green and ULTRA in orange). 
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Penetration of ALS and AP point cloud datasets through the canopy: the influence of 
increasing canopy cover, slope and camera location 
Figure 5 (a – l) below illustrates the effect of canopy cover, slope direction and magnitude, 
and camera positions on the penetration through the canopy for each of the point clouds. Bar 
charts in Figure 5 are arranged in order of increasing canopy cover. 
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Figure 5. For each plot, a bar chart showing the percentage of points in normalised height 
bins for ALS and each of the AP data. The graphical insets showing the relationship between 
plot location (grey circle), slope direction (yellow arrow) and camera locations (red dots). 
Annotated on each illustration are values for canopy cover (%), canopy density (%), 
maximum height (m) and terrain slope (degrees) 
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The bar charts in Figure 5 (a – h) illustrate the high percentage of AP points located in the 
upper canopies in the PHI plots, consistent with successful image matching of the canopy 
either in the region of the top of the tree or on lower surface regions of the approximately 
conical outer regions of the tree. Of note is the high similarity of the bar charts at each plot 
for the three AP processing strategies (DEF, MILD, and ULTRA). This is consistent with 
observations for the profiles in Figure 4 and indicates that the AP point clouds are not 
substantially affected by the selection of processing strategy. The capacity of the ALS to 
penetrate to terrain is also clear; in the PHI plot with highest canopy cover (Figure 5h, 
CC=94.9%, Plot PHI3) about 18% of ALS strikes are in the 0-5 m bin, while in the plot with 
the lowest canopy cover (Figure 5a, CC=75.9%, Plot N16) about 35% of the ALS strikes are 
in the 0-5 m bin. A similar trend is also observed in the EAI and MRI plots (e.g. Figure 5k, 
CC=99.4%, Plot EAI9; and Figure 5k, CC=99.7%, Plot MRI30). Most of the AP points in the 
EAI plots are in height bins above 10 m; whereas, in the MRI plots, points are mostly in 
height bins above 15 m. 
In contrast, a consistent correlation between canopy cover and the percentage of AP points 
penetrating to terrain is not apparent. For example, in Figure 5c (Plot TUL11, CC = 86.9%) 
there are no points in the height bin of 0-5 m; whereas, in Figure 5g (Plot PHI1, CC = 93.9%) 
about 1% of points fall in the height bin of 0-5 m and in Figure 5e (Plot PHI2, CC = 91.9%) 
about 2% of points fall in the height bin of 0-5 m. Plots N16 and PC1 (Figure 5a and 5b) have 
the highest percentage of AP points in the 0-5 m height bin. Of note for these two plots is that 
the terrain is sloping towards the majority of camera stations, coupled with low canopy cover. 
In contrast, for plots TUL11, PHI25, PHI41 and PHI1 (Figure 5c, 5d, 5f and 5g) the terrain is 
sloping away from the majority of camera stations and there is higher canopy cover.  
In the case of EAI10 (Figure 5j), the terrain slope is quite high (13°) and there appears to be a 
strong camera viewing geometry, there is nevertheless very low penetration of the AP point 
cloud to the ground even though there is a high camera-facing slope (13°).  These EIA stands 
were not pruned or thinned, which may explain the low penetration to the ground.  
The terrain slope of plot EAI9 (Figure 5k) is twice the slope of EAI10 (Figure 5j), but 
otherwise the canopy cover, camera positions relative to the plot, and the direction of the 
slope direction are very similar to that of EAI10 (Figure 5j). The higher slope may explain 
the slightly greater penetration of AP point clouds to the lower height bin (0 – 5 m). 
Another example of the influence of canopy cover, slope and camera location on penetration 
of AP point clouds through the canopy is apparent in MRI29 (Figure 5i) and MRI30 (Figure 
5l). Although the canopy cover, camera positions and slope direction in these two MRI plots 
are similar, the slope (14°) in MRI29 (Figure 5i) is higher than that of MRI30 (4°) (Figure 5l). 
In the case of MRI29, the slope is higher and facing away from majority of the camera 
stations, and there are fewer points in 15 – 20 m height bin. The relationship between camera 
locations and the direction and magnitude of terrain slope appears, not surprisingly, to 
influence the capacity of AP to penetrate the vegetation. 
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Effects of occlusion on AP point cloud data 
Figures 6 below shows an example of areas covered by original point cloud data (6a) and the 
buffered point cloud data (6b). The latter aided in identifying the ‘always mapped’ and 
‘always missed’ areas in the AP point cloud data. 

 
(a) 

 
(b) 
Figure 6 (a). The effect of the DEF (blue), MILD (yellow) and ULTRA (pink) strategies on 
reduction in gaps with increasing point density. AP point cloud data generated from different 
strategies have different coverages. ALS data are shown in red. (b) An orthographic aerial 
photo with an overlay of dissolved buffers (DEF, blue; MILD, yellow; ULTRA, pink) in one 
of the field plots used to identify ‘always mapped’ and ‘always missed’ areas. 
Figure 7 illustrates an example of ‘always mapped’ and ‘always missed’ areas. Areas which 
were always mapped are shown in green polygons; whereas, those which were always missed 
are shown in red polygons. The ‘always mapped’ and ‘always missed’ areas were identified 
in all the 16 plots. 

 

Figure 7. Regions that were always mapped (green) or always missed (red) in the AP point 
cloud. The two blue circles mark well-illuminated portions of the canopy with no point 
cloud data due to the effect of occlusions. 
 

21



Our analysis of the regions marked as ‘always missed’ (e.g. red polygons in the right-hand 
pane in Figure 7) showed that these areas are each associated with one of three different 
conditions, either: a) a region lacking canopy cover and so with bare earth visible (red circle 
in Figure 8), b) a region of canopy or bare earth not visible in the photography due to very 
low light conditions (green circle in Figure 8), or in some cases, c) regions of well-
illuminated canopy but not visible to multiple photographs due to occlusions (blue circles in 
Figures 7). In comparison, the effect of shadowing and occlusion was the highest in the PHI 
plots, less in the MRI plots (although comparable with PHI plots) and the least in the EAI 
plots. 

 

Figure 8. A profile of no trees (red circle) and an area in shadow (blue circle). The 
ULTRA process was able to detect portions of the canopy line in shadow. 
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• Effect of shadowing and occlusion 
Figure 9 shows an example of a transect through the well-illuminated regions in Figure 7a. 
Considering the locations of camera stations, it is apparent that treetops have occluded 
portions of the canopy (blue ovals in Figure 9b). 
 

 
(a) (b) 
Figure 9. Occlusions from high neighbouring trees result in regions of the canopy not 
mapped by the AP point cloud. (a): Orthophoto with the actual plot radius (12 m, in pink) 
with a 5 m buffer (dashed yellow) and ‘always missed’ areas (red polygons). Well-
illuminated portions of the canopy are marked with blue circles; whereas, the orange arrow 
shows the direction of the camera viewing angle. The inset shows the plot location (grey 
circle), slope direction (yellow arrow) and the camera locations (red dots). (b): Vertical 
profile extracted from AP point cloud data (DEF, MILD and ULTRA combined) along a 
transect (orange arrow). Portions of the canopy, opposite to the camera location, are 
missing (blue ovals). 
The potential for occlusion demonstrates the need to consider the absolute height of 
neighbouring trees when inspecting the AP point cloud rather than normalised height. For 
example, as shown in Figure 10a, tree A is shorter than tree B in the normalised point cloud 
but examination of the absolute heights (Figure 10b) shows that tree A has the potential to 
occlude tree B. 
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(a) (b) 
Figure 10. The influence of slope on relative tree height as a potential source of occlusion. 
(a)  Normalised and (b) raw point clouds of ALS (red) and AP (blue) in plot PHI3 (slope of 
11°) 

Discussion 
Comparison of vertical profiles of ALS and AP point cloud data along a transect 
The capability of ALS to penetrate dense canopies was demonstrated in all plots. The canopy 
cover ranged from 76% - 99%; multiple returns from within the canopy are apparent in the 
vertical profiles and the terrain was sampled at densities ranging from 1.4 points/m2 to 2.4 
points/m2. AP-derived points from within the canopy are largely absent, with the vertical 
profiles showing that AP points at lower heights are from the canopy surface between tree 
locations or on terrain where that is visible from multiple photographs. AP data penetrated 
deeper into the canopy surface between trees when camera viewing angle, canopy cover and 
slope were in a favourable combination. Due to the high density of the AP point clouds 
(especially for the ULTRA processing strategy), when regions of the canopy were 
successfully mapped the density of AP points was very high compared to ALS point cloud 
data. However, as noted there were discontinuities in the AP data where a part of the canopy 
was either in shadow (due to a neighbouring tree shading sunlight) or occluded (with one or 
more neighbouring trees obscuring the canopy in one or more photographs). These conditions 
are illustrated in Figures 8 and 9: with an area of shadow shown by the green circle in Figure 
8, and occlusions shown by the blue ovals in Figure 9b. 
In some cases where high points on the P. radiata were detected by the ALS but were 
missing in the AP point clouds (blue circles in Figure 4), there are two likely explanations: i) 
horizontal uncertainty in the ALS data or ii) movement in the tree tops between photographs 
due to wind. 
The combined effect of horizontal uncertainty in ALS data and the wider vertical profile used 
for the ALS data influences interpretation of the vertical profiles. ALS returns appearing in 
the profile may be reflected from forest structure that is outside the region samples for the AP 
vertical profiles. For example, in Figure 4 the high points circled in blue may be from outside 
the narrower AP transect. Wind speed in the study area, at the time aerial photography was 
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acquired, was 6-9 km/h. This may have moved the tree tops between photographs; for 
photographs both along a flight line as well as between flight lines, causing inconsistencies in 
their location within images resulting in their exclusion from the AP point cloud (White et al., 
2013b).  
Comparing the DEF, MILD and ULTRA processing strategies, the MILD process showed 
greater penetration through the canopy in 3 out of 8 PHI plots only; however, the number of 
points close to the ground remained insignificant. The ULTRA processing strategy, due to its 
significantly higher point density, mapped the canopy in much more detail, in all the three 
age strata, than the DEF and MILD processes in 10 out of 16 plots and may result in a more 
detailed representation of the outer envelope of the canopy with fewer gaps between points. 
The ULTRA process also showed better penetration in the EAI and MRI plots than the DEF 
and MILD processes. The rasterised CHM created from the ULTRA points, using 
interpolation algorithms, will be by large an output of the actual point values rather than the 
estimated point values in gaps (Smith et al., 2005; Bater and Coops, 2009). 

Penetration of AP point cloud datasets through the canopy: the influence of canopy 
cover, terrain slope and camera location 
The vertical distribution of points generated from AP using the DEF, MILD and ULTRA 
processes were comparable. The extent to which the AP data penetrated deeper into the 
canopy is influenced by canopy cover, terrain slope and camera position. It is apparent from 
our trial plots that a sparse canopy cover on a steep slope, with the aspect of that slope 
directed towards camera stations, improves penetration (e.g. Figure 5a, 5b and 5k). 
Conversely, a dense canopy on a slope with aspect facing away from camera stations has 
reduced penetration. For example, plots PHI1 and PHI2 (Figures 5g and 5e) have high 
canopy cover (93.9% and 91.9%, respectively) but are on steep slopes (8˚ and 10˚, 
respectively) at an angle (rather than perpendicular) to the camera stations and there is 
evidence of penetration to terrain (0-5 m height bin). In contrast, plot PHI3 (Figure 5h) also 
has a high canopy cover (94.9%) but is on a steep slope (11˚) with the aspect directed away 
from camera stations, and there is almost no penetration into the canopy. Generalising these 
observations, penetration will be improved when the canopy cover is sparse and when camera 
locations minimise highly oblique view of the canopy surface or terrain. A similar trend is 
also illustrated in (White et al., 2015), however, not explicitly related to camera locations. 

Effects of occlusion on AP point cloud data 
As noted in Figure 8, the lack of AP points in regions with bare earth visible (red circle in 
Figure 8) is attributed to the 2.0 m height cut-off which was applied to exclude low 
vegetation. A lack of AP points in the regions of very low light conditions (green circle in 
Figure 8) is expected because insufficient optical texture is available to reliably match 
conjugate images. We attribute a lack of AP points in some regions that appear to be well-
illuminated canopy (blue circles Figures 7) to the effects of occlusion from nearby trees. 
Occlusions occur when a part of the canopy is not visible to one or more camera stations 
because the line of sight is obstructed (occluded) by neighbouring taller trees (as shown in 
Figure 10). In Figure 9a (i.e. plot PC1), blue circles in the orthophotos indicate regions of the 
canopy that appear to be well-illuminated but that are not represented in the AP point cloud 
(shown as ‘always missed’ by the red polygons). Examination of the location of camera 
stations (inset in Figure 9a) and a transect passing through the two blue circles (Figure 9a) 
show that these areas were occluded (Figure 9b). Similarly, shorter neighbouring trees have 
the potential to occlude taller trees (Figure 10), which necessitates careful analysis of the raw 
as well as the normalised point cloud datasets to understand the effects of occlusion. 
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The effects of occlusion were less pronounced in the EAI plots, which can be explained by 
the comparatively smoother – more continuous – structure of its upper canopy, higher canopy 
cover and high stocking (1100 sph). 

Conclusion 
This study has characterised and compared AP point cloud data derived from airborne small-
format digital photography over a stand of P. radiata. The results demonstrate that SfM-MVS 
photogrammetry is capable of producing a point cloud that in large-part represents the canopy 
surface and, where successful, provides very high spatial resolution. Failures of the 
photogrammetry are attributed to regions of the canopy that are in deep shadow, regions of 
the canopy that are occluded by higher neighbouring trees, and a failure to reliably map the 
top of some stems likely caused by movements of these stems between photographs due to 
wind. Comparison of ALS data and AP data is complicated by the relatively low horizontal 
accuracy of ALS data. An encouraging finding was that the AP point clouds were largely 
similar for three different photogrammetric processing strategies, suggesting that downstream 
processing of AP point clouds for inventory estimation may be robust to the choice of 
processing strategy. 
The methodology used in this study can be easily employed for other species and stand 
conditions, and for other sensor types, sensor platforms and flight plans, and therefore used to 
assess the performance of SfM-MVS photogrammetry for a variety of forest structure and 
photo acquisition combinations. This is likely to further inform the application of 
photogrammetric methods for canopy mapping and forest inventory. For the stand of pre-
harvest P. radiata investigated in this study, the results indicate that the quality of canopy 
surface data is generally high and, encouragingly, that the characteristics of the AP point 
cloud are robust relative to the photogrammetric processing strategy employed. Observations 
concerning the loss of data in deeply shadowed parts of the canopy, loss of data due to 
occlusions, and the influence of terrain slope can be used to inform flight planning, including 
the choice of camera image format, focal length, flying height, forward and side overlap, 
flight line orientation relative to terrain, the addition of flight lines outside of the region of 
interest in order to ensure good geometry, and sun angle (time of photo acquisition). Finally, 
although our study compared the performance of AP and ALS point clouds, we concur with 
(White et al., 2016) in that the potential synergies arising from combining AP and ALS data 
have yet to be fully realized for operational applications by the forestry sector. 
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Aims 
The objective of this component of the FWPA project was to evaluate and compare 
photogrammetric and airborne laser scanning point clouds derived for Eucalyptus globulus 
plantations in the ‘Green Triangle’ region of Victoria. 
Firstly, the aim was to compare a point cloud derived from mid-format aerial photography 
(MFP) collected by in January 2016 with a simultaneously collected airborne laser scanned 
(ALS) LiDAR point cloud. Observations were to be made in relation to data quality and 
completeness.  Part of this analysis was also to evaluate the suitability of applying a standard 
set of forest metrics normally calculated with ALS data. 
A second aim was to compare additional point clouds, collected over a subset of the region 
using fixed wing and multi-rotor UAVs (drones), with the MFP derive point clouds previously 
considered. The same checks of data quality and completeness were to be made as for the MFP 
data plus also again applying the standard set of forest metrics to the UAV data. 
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Comparison of ALS and mid-format aerial photography 
The first analysis is a comparison of ALS data with a point cloud derived from mid-format 
aerial photography.  Both data were collected for Eucalyptus globulus managed by PF Olsen 
and Australian Bluegum Plantations in the Green Triangle region, near Hamilton, western 
Victoria. 

Input Datasets 
Following is a brief description of the input datasets used in this part of the analysis. 

• Airborne Laser Scanning (ALS) data 
Airborne LiDAR was collected on 13th January 2016 and data provided as 127 LAS files, each 
covering 500 m2.  LiDAR LAS files had been generated using Terrascan.  Point classifications 
were: unclassified, ground, low vegetation, medium vegetation, high vegetation, keypoint and 
water. 

• Mid-Format Aerial Photography (MF-AP) 

Mid-format digital aerial photography was collected on 13th January 2016 and provided as 246 
images in TIF format.  A structure from motion and multi-view stereo (SfM-MVS) point cloud 
was generated using Agisoft Photoscan and provided in LAZ format. Photoscan processing 
parameters were ‘High’ quality with ‘Aggressive’ depth filtering. This point cloud was 
unclassified. An orthophoto had also been generated from the photos using Photoscan with 
pixel size 10.5 cm. 

• Sample plots 
There were a total of 150 sample plot locations, in four groups (Table 1). For comparison of 
point clouds all were considered as a single group. Plots were located by their central point, 
around which 12 m buffers were drawn to sample cylindrical samples of the point clouds. One 
plot had no useable photo derived point data reducing the number to 149 plots. Not all plots 
had complete coverage of vegetation, with some plots overlapping edges or roads or with other 
gaps. However all plots were considered to be a representative sample of trees within a forest 
plantation. 
Table 1. Sample plots in Green Triangle region 

Group Description Number of plots Useable plots Plot 
arrangement 

3HWK “Mid Rotation” 22 22 Regular grid 

3LAG “Late Rotation” 35 35 Regular grid 

3MEI “Pre Harvest” 33 32 Regular grid 

Spencer Unspecified 60 60 Irregular 

 
Derived Datasets 
Additional datasets were derived from the source data to assist in evaluation of the data. The 
derived datasets are described as follows. 

• Gridded DEMs 
A series of gridded DEMs were generated from the LAS files to assess aspects of data quality. 
Although less precise than the source LAS data the DEMs gridded at 1 m2 spacing provide a 
good overview of coverage, variation in heights and data completeness. A ground digital terrain 
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model DTM was generated from LiDAR classified ground points. Digital surface models 
(DSMs) were generated from LiDAR first returns and from the unclassified photo derived point 
cloud data. An intermediate step involved generating TIN surfaces to interpolate between 
points.  TIN triangles with edge length greater than 3 metres were classified as no-data.  Digital 
Height Models (DHMs) were generated by subtracting the DTM from the relevant DSM 
surfaces. DEM were saved in a geodatabase. Gridded DEMs and their method of generation 
are summarised in Table 2. Figures 1 to 3 show the ALS Ground DTM, ALS First-Returns 
DHM, and SfM-MVS DHM respectively. 
Terrain, as determined by the DTM, showed a region of generally low relief with an altitude 
range of 65 metres (Figure 1). The DHMs (Figures 2 and 3) largely reflect vegetation heights 
(often referred to as Canopy Height Models). The SfM-MVS derived DHM was similar overall 
to the ALS First-Returns DHM although there were differences as discussed below.  
 
Table 2. Description of gridded DEMs derived from the source data 

DEM Source 

ALS Ground DTM LiDAR classified ground (class 2) LAS points converted to a TIN and gridded at 
1 m spacing using LasTools. Saved as 500 m2 asc format tiles. Tiles were then 
mosaicked and converted to a geodatabase in ArcMap.  

ALS First-Returns 
DSM 

LiDAR classified ‘first returns’ LAS points converted to a TIN and gridded at 1 
m spacing using lastools with triangles with edge length greater than 3 metres 
classified as no-data. Saved as 500 m2 asc format tiles. Tiles were mosaicked and 
converted to a geodatabase in ArcMap. 

ALS First-Returns 
DHM 

ALS First-Returns DSM minus ALS Ground DTM. 

SfM-MVS DSM SfM-MVS LAS points converted to a TIN and gridded at 1 m spacing using 
LasTools with triangles with edge length greater than 3 metres classified as no-
data. Saved as 500 m2 asc format tiles. Tiles were then mosaicked and converted 
to a geodatabase in ArcMap. 

SfM-MVS DHM SfM-MVS DSM minus ALS Ground DTM. 
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Figure 1. Digital terrain model (DTM) for eucalypt plantations derived from ALS ground 
classified points. The legend shows DTM altitude in metres. 
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Figure 2. Digital height model (DHM) for eucalypt plantations derived by subtracting ALS 
ground heights from ALS first return heights. Heights effectively show ALS measured 
vegetation heights in metres. 
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Figure 3. Digital height model (DHM) for eucalypt plantations derived by subtracting ALS 
ground heights from SfM-MVS derived heights. Heights effectively show SfM-MVS 
measured vegetation heights in metres.  
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• ALS and Mid-Format Photography (MFP) point coverage polygons at sample plots 
To assist in comparison of the datasets a polygon dataset that showed the extent of ALS and 
SfM-MVS point coverage above a height of 2 metres (above terrain) at sample plots was 
generated from the point cloud data.  The method for generating this polygon dataset is 
described as follows and illustrated in Figure 4.  Both ALS and SfM-MVS data were processed 
in the same way. Using LasTools, all points within 12 m plot buffers and at heights 2 metres 
or more from the terrain were exported as text files in XYZ format. The XYZ files were then 
converted to point shapefiles in ArcMap. Points were then buffered by 11 cm, which 
approximated the expected strike width for LiDAR data or photo pixel size for photo point data. 
In the case of the photo point data this 11 cm buffering was sufficient to aggregate most point 
buffers into larger polygons although with numerous small gaps. The same approach was not 
sufficient to aggregate the LiDAR point data. In order to further aggregate both sets of points 
and to eliminate small holes, a further buffer and erode step followed. The 11 cm buffers were 
buffered by a further 30cm with any overlaps dissolved. The resulting polygons were then 
eroded by 30 cm. A distance of 30 cm was considered sufficient to cover the gap between ALS 
scan lines but not enough to bridge the gap between adjoining tree rows. The same could be 
achieved by buffering the original points by 41 cm then eroding by 30 cm. The Buffer and 
erode step filled gaps that were up to 82 cm between points. The resultant LiDAR and photo 
extent polygons were combined in ArcMap and attributed to identify which regions were either 
covered by ALS points only, photo points only, both sets of points or neither. 
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A) Plot 3MEI plot number 27 with 12 m buffer 

 
B) ALS LiDAR points >= 2 m above 
ground level and within the buffer 

 
C) MFP SfM-MVS points >= 2 m above 
ground level and within the buffer 

 
D) ALS LiDAR point coverage extent 

 
E) MFP SfM-MVS point coverage 
extent 

 
F) polygon overlap 

 
G)  Merged overlap polygons 

 
Figure 4. Example of derivation of polygons showing point cloud extent. A) Aerial image of 
Plot 3MEI, plot number 27 with 12 metre buffer. ALS LiDAR (B) and MFP SfM-MVS (C) 
points within the plot at 2 metres or more above ground level. ALS LiDAR (D) and MFP 
SfM-MVS (E) point cloud extent polygons generated by buffering 41 cm followed by 30 cm 
erode step, showing point overlay. Extent polygons superimposed (F) showing overlap and 
merged (G) showing the extent to which either point type is present or absent. 
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• Camera angles and directions relative to sample plots 
Camera angles and directions were taken into account when examining the SfM-MVS 
processing outcome at sample plots. Directions and distances to plots were calculated for the 
MFP photos from plot coordinates, camera coordinates, and photogrammetric processing 
outputs that identified what plots were captured by each photo: two outputs from the SfM-MVS 
software were a map showing on-ground photo overlap and a set of photo coordinates, which 
were used to determine which plots were captured by each photo. Photo and plot coordinate 
data were joined using MS Access, resulting in 640 plot and photo combinations. Angles and 
distances were calculated in Excel using the formulae listed in Table 3. The resultant data table 
was imported into ArcMap and vector lines generated from camera positions to plot centres. 
Table 3. Equations to calculate camera anges and directions relative to plot centres 

Variable Excel equation 

Horizontal distance to plot centre from camera nadir, 
(DistA) 

=SQRT(((PlotX-CameraX)^2)+(( PlotY-
CameraY)^2)) 

Direct distance plot centre to camera, (DistB) =SQRT(((PlotZ-CameraZ)^2)+((DistA)^2)) 

Camera  angle from vertical in degrees =(ASIN((DistA)/DistB))*360/(2*PI()) 

Camera angle from north in degrees If camera is to the north: =(ASIN((PlotX-
CameraX)/DistA))*360/(2*PI()) 

If camera is to the south east: =180-(ASIN((PlotX-
CameraX)/DistA))*360/(2*PI()) 

If camera is to the south west: = -180-(ASIN((PlotX-
CameraX)/DistA))*360/(2*PI()) 

 

Data Analysis 
Visualisation of LAS format point clouds using CloudCompare 
An initial visual assessment was made of the point clouds at plot locations. Plots were sampled 
as 15 metre buffers around the plot centre coordinates and represented as cylinders with point 
clouds normalised to the ground surface. The cylinder plot LAS file sub-samples were viewed 
using CloudCompare1. They were visually assessed for their completeness as a representation 
of the trees that were present and of the relative alignment of LiDAR and SfM-MVS point 
clouds. 
Example data is shown in Ffigure 5. As expected, LiDAR point clouds characterised the canopy 
for the whole of its depth. In contrast the SfM-MVS point clouds tended to represent a single 
surface, which was normally either the top of the canopy or,  in areas clear of vegetation, the 
ground surface. 
Counts were made of the number of plots for which the canopy surface appeared to be 
adequately captured by SfM-MVS; these are summarised in Table 4. Percentage of plots varied 
from 100% for the ‘3LAG’ plot group to just 27% for the ‘3MEI’ group. Overall, 75.3% of 
plots appeared to be effectively represented by the SfM-MVS data in this subjective initial 
assessment. A more detailed appraisal of point cloud coverage in the sample plots follows 
below. 

                                                 
1 CloudCompare: http://www.danielgm.net/cc/  
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Figure 5. Example comparison of LiDAR and SfM-MVS derived point clouds in LAS format 
for 3LAG plot number 12. Red and white shows intensity of LiDAR (red=low, white=high) 
point cloud. This is overlaid by the SfM-MVS derived point cloud shown in blue with the 
yellow box showing the extent of this point cloud. 

 
Table 4. Visual assessment of the proportion of plots for which canopy top was captured by 
the SfM-MVS point clouds 

Plot group Mean maximum 
tree height ± 
standard 
deviation1, (m) 

Number of 
plots 

Plots for which the canopy was 
captured by SfM-MVS point 
cloud 

Percentage 
captured 

3HWK   9.7 ± 1.2 22 6 27% 

3LAG 19.2 ± 2.2 35 35 100% 

3MEI 22.8 ± 2.1 33 25 76% 

Spencer 28.8 ± 6.1 60 47 78% 

Total 22.4 ± 7.7 150 113 75.3% 
1 Heights are based on the ALS LiDAR data for the plots. 
 

Investigation of data completeness for the MFP SfM-MVS point cloud coverage 
Initial visual comparisons between DHMs and then between DHMs and the orthophoto reveal 
differences between the two types of point cloud data. Differences were of two types, these 
being areas with no points or very sparse points (no data) and areas where there was an absence 
of vegetation-derived points and where instead the ground was captured. Figure 6 illustrates 
both of these differences.  The orthophoto (Fig. 6, A) shows the distribution of vegetation, 
which is also represented by height measurements in the ALS DHM (B) derived from LiDAR 
first returns. Average tree height in this example was around 20 metres. In the ALS DHM, 
vegetation gaps are also commonly visible between trees and plantation rows as a result of 
presence of point data for the full depth of the canopy. In the MFP SfM-MVS DHM (C) the 
pattern is different in three ways: 1) the presence of areas with no data points (outlined in black); 
2) the absence of expected vegetation height measurements in some areas (red outline) and; 3) 
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the general absence of vegetation gaps between closely spaced trees and plantation rows. Areas 
with no data are believed to be the result of insufficient photo coverage and tend to be more 
common where four or less photos were used in the SfM-MVS processing. The region in this 
example had just three overlapping photos. Small areas with no data tended to correspond with 
actual small gaps in the vegetation that otherwise appeared as ground in the corresponding 
LiDAR data (A,B: yellow outline C: black outline). Areas where the vegetation was not 
captured in the SfM-MVS processing and instead ground level points were generated can be 
observed to be occuring where ground detail was clear (red outline) and tended to adjoin areas 
of bare ground. The apparent absence of ground heights between rows and between individual 
trees may also be an artefact of the SfM-MVS processing. 
 

   
A) Orthophoto 

 
B) ALS (LiDAR) DHM 

 
C) MFP SfM-MVS (Photo) DHM 

Figure 6. A comparison of A) orthophoto with B) ALS (LiDAR) DHM and   MFP SfM-
MVS (Photo) DHM. Red outline shows the extent of region with bright ground detail visible 
in the orthophoto. Yellow or black outlines show position of gaps visible as ground on ALS 
DHM and no-data or ground on MFP SfM-MVS DHM.  North is up and width is 
approximately 120 metres. 
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A number of factors are probably associated with the level of success of the SfM-MVS 
processing of the MFP photos. These include sun angle, illumination of ground surface, number 
of overlapping photos, camera angle, wind, occlusion by vegetation and software settings. 

• Low sun angle and ground surface illumination 
Sun angle at the time of photo collection was approximately 20 degrees above the horizon. 
This resulted in long shadows in some regions and allowed bright illumination of the 
understorey in other areas (Figure 7). Low sun angle also produces highly variable illumination 
of canopy tops. Bright illumination of the ground appeared to be the main factor associated 
with failure of the SfM-MVS processing to capture the canopy at some parts of the Green 
Triangle site, particularly where photo counts were low.   

  

Figure 7. Variation in illumination due to low sun angle at time of photo capture. 
 

• Wind 
Wind speed may have been a contributing factor to any reduced SfM-MVS outcome. Wind 
speed records indicate that the wind at the time of photo acquisition was between 28 and 56 
kmh-1. Wind cause the location of trees, particularly tree tops, to vary between photographs.  
This has two effects: it reduces the likelihood of successful image matching and, where a tree 
is correctly matched in multiple images it can cause the value of the computed height of the 
tree to be incorrect because the actual movement of the tree top operates as an error in parallax 
between photographs. 

• Photo overlap 
Low photo overlap is likely to have contributed to a reduced SfM-MVS outcome in some areas. 
In general photo overlap was low both in terms of number of overlapping photos and in terms 
of the amount of forward overlap (Figure 8). Increased photo overlap results in better point 
matching and increased point density, reducing the prevalence of areas with no data. 
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DHM 

 

Figure 8. Section of plantation showing pattern of photo overlap (coloured rectangles), 
overlaid onto orthophoto (left) and Photo DHM (centre). Numbers on images are the number 
of overlapping photos. Width across is approximately 800 metres and north is up. 
 

• Camera number and camera angles 
Photo direction was a factor contributing to the capacity of the SfM-MVS processing to capture 
the canopy in places where there were low numbers of overlapping photos.  This is illustrated 
and described in Figures 9 to 11. 

 

Figure 9. An example of a plot where there were multiple photos from a range of directions 
around the plot. Lines show camera direction and numbers show angle in degrees relative to 
vertical. Blue or green colouring within the plot indicates that the canopy was fully captured 
in the resulting point cloud. 
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Figure 10. Examples of plots captured in only three photos. Lines show camera direction and 
numbers show angle in degrees relative to vertical. Yellow colouring within the plot indicate 
that those parts of the canopy were not captured in the resulting point cloud. Blue or green 
colouring within the plot indicates where the canopy was captured in the resulting point 
cloud. 
 

 

Figure 11. In some cases the canopy was fully captured using only three photos.  In this 
example, it occurs at a plot where the ground was shaded and less visible. Lines show camera 
direction and numbers show angle in degrees relative to vertical. Blue or green colouring 
within the plot indicates where the canopy was captured in the resulting point cloud. 

• Occlusion by vegetation 
Surrounding vegetation can occlude the view of any particular point from some or all of the 
camera directions. Occlusion results in a lower number of photo images capturing that point, 
meaning that the SfM-MVS processing will be less effective for that point.  Where there are 
insufficient images, due to occlusion, regions may not be captured by the SfM-MVS processing 
and will appear as areas of sparse or absent data.  An example of occlusion by surrounding 
vegetation is shown in Figure 6 above.  Vegetation near the ground or low in the canopy may 
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be captured by LiDAR but due to occlusion by surrounding vegetation it may not be captured 
by the SfM-MVS processing of photos. Incidents of occlusion may be affected by terrain slope, 
camera angle, presence of nearby tall vegetation, and photo overlap. Most of the areas visible 
in the SfM-MVS DHM as no-data are likely to be, at least to some extent, the result of 
occlusions. 

• Example SfM point clouds – specific plots 
The following provides some examples of specific plots, selected to illustrate the factors listed 
above. 
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Spencer plot 17 
Spencer plot 17 is an example of a plot with good point cloud coverage. This plot was in a 
region where tree height was between 30 and 33 metres. The plot was captured in six photos 
taken from a range of directions and the ground, where visible, was mainly dark (Figure 12, 
A). The point coverage polygon layers for this plot (B) show that the canopy top was almost 
completely captured by the SfM-MVS derived photo points which could also be viewed as 
LAS-format point clouds (C and D). The photo derived points were concentrated in the top of 
the canopy (D). 
 

 
A. Spencer plot 17 viewed from above, 

showing 15 m buffer 

 
B. Point cloud coverage within 12 m buffer. 

Also showing 15 m buffer. 

 
C. Point clouds within 15 m buffer. Photo 
derived point cloud (blue) overlaid with 
LiDAR intensity (Red=low, white=high)  

D. Same as C but viewed from the side. 

Figure 12. Spencer plot number 17, illustrating a plot with good point cloud coverage 
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Spencer plot 39 
Spencer plot 39 was in a region were average tree height was in the range 28 to 30 metres. The 
plot was captured in three photos and these were taken with the camera in the east to south east 
over a span of around 60 degrees. There was bright ground detail visible over much of the plot 
as shown in Figure 13 A. The point coverage polygon layers for this plot (B) show that 
approximately half of the canopy top was captured by the SfM-MVS derived photo points 
which could also be viewed as LAS-format point clouds (C and D). The photo derived points 
were also concentrated in the top of the canopy (D). It is possible that the main limiting factors 
for this plot were the low number of overlapping photos combined with bright ground detail 
caused by the low sun angle. 

 
A. Spencer plot 39 viewed from above, 

showing 15 m buffer 

 
B. Point cloud coverage within 12 m buffer. 

Also showing 15 m buffer. 

 
C. Point clouds within 15 m buffer. Photo 
derived point cloud (blue) overlaid with 
LiDAR intensity (Red=low, white=high) 

 
D. Same as C but viewed from the side. 

Figure 13. Spencer plot number 39. 
 

  

44



 
 

3HWK plot 2 
In the region of 3HWK plot 2 the average tree height was approximately 7 metres (Figure 14). 
Ground was clearly visible between trees (A). The plot was captured in six overlapping photos 
and from over a broad range of directions. However it appears that mainly ground detail was 
captured in the SfM-MVS derived photo points (B, C and D).  
 

 
A. 3HWK plot 2 viewed from above, 

showing 15 m buffer 

 
B. Point cloud coverage within 12 m 
buffer. Also showing 15 m buffer. 

 
C. Point clouds within 15 m buffer. 

Photo derived point cloud (blue) 
overlaid with LiDAR intensity 

(Red=low, white=high) 

 
D. Same as C but viewed from the side. 

Figure 14. 3HWK plot number 2. 
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Spencer plot 3 
In the region of Spencer plot 3 the tree height was around 28 to 30 metres. The plot was 
captured in five photos from a range of directions. The plot was near the eastern edge of the 
plantation, resulting in sunlight brightly illuminating the ground at the base of the plot and so 
a bright and high contrast image of the ground.  Only the ground surface was captured for the 
majority of this plot in the SfM-MVS processing. 

 
A. Spencer plot 3 and surrounding vegetation viewed from above. 

 

 
B. Plot viewed from above, showing 15 

m buffer. 

 
C. Point cloud coverage within 12 m 

buffer. Also showing 15 m buffer. 

 
D. Point clouds within 15 m buffer. 

Photo derived point cloud (blue) overlaid 
with LiDAR intensity (Red=low, 

white=high) 

 
E. Same as D but viewed from the 

side. 
 

Figure 15. Spencer plot 3.  
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Discussion: comparison of LiDAR with point cloud data from mid-format aerial 
photography 
An assessment was conducted of the SfM-MVS derived point cloud generated from MFP 
photography of eucalypt plantations in the Green Triangle region collected in January 2016. 
This included comparison with simultaneously collected ALS LiDAR. A number of techniques 
were used to evaluate the completeness of the the SfM-MVS derived point cloud with reference 
to the ALS LiDAR point cloud. Much of the analysis was focussed on a set of 150 sample plots 
at locations across the region and spanning a range of plantation growth stages. Overall, the 
SfM-MVS derived point cloud appeared to be a good representation of the upper part of the 
canopy. . 
A number of conditions were observed to be associated with the effectiveness SfM-MVS point 
cloud coverage.  The number of overlapping photos was important, with more photos enabling 
higher point densities. Conditions at the time of photo capture appeared to play an important 
part. In places a low sun angle meant that there was bright ground detail which was captured 
in the SfM point cloud instead of the canopy top. This anomaly was observed to occur 
particularly where there was an adjoining area of bare ground. High wind has probably also 
contributed to reduced point matching between photos. The best point cloud generation 
occurred where there was a continuous closed canopy. 
 

Comparison of UAV and MFP point cloud data 
Datasets 
Two unmanned-aerial-vehicle (UAV) photo datasets were also analysed. These were a subset 
of point clouds from fixed wing UAV photography collected by Australian UAV and a point 
cloud from multi-rotor UAV photography flown by UTAS staff. 

• Fixed Wing UAV Photography 
Digital UAV photography was collected 15th July 2016 and provided as 438 photos in JPEG 
format. Photos were approximately geo-located by instrumentation on the UAV, however this 
was found to be not sufficiently accurate for the project requirements.  There was no ground 
control survey control points collected for the hole of the block photographed and so a subset 
was reprocessed in Photoscan and tied to reliable ground control points at one end of the study 
area.  

• Multi-Rotor UAV Photography 
Digital UAV photography was collected on 18th April 2016 (flight 1, 86 photos) and 22nd April 
2016 (flight 2, 96 photos) in JPEG format. The photos from flight 1 were processed using 
Photoscan. Reconstruction parameters were set as High Quality with Mild Depth Filtering. 

Sample Plots 
The UAV photography was located over an approximately 3.6 hectare section of the 3HWK 
plantation region where maximum tree height was approximately 10 metres. Only one of the 
sample plots (3HWK plot 1) was located in this region so an additional eight plots were 
generated (Figure 16) in order to make statistical comparisons between ALS, MFP and the two 
UAV photo datasets. 
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Figure 16. Area of the 3HWK plantation region in which comparisons with UAV data were 
conducted. Yellow circles are sample plots, which are 24 metres wide. North is up and the 
distance across is approximately 230 metres. 

 
Data Analysis 
Analysis was conducted in the same way as previously described. A number of aspects of the 
four point clouds are compared in Table 6.  The number of overlapping photos was significantly 
higher compared to the mid-format photography (MFP), with over nine for much of the UAV 
photography. Ground sampling distance (GSD) was much higher resolution (approx. 3 cm for 
the UAV datasets compared to 11 cm for the MFP photos). Resultant point cloud densities 
were approximately a factor of ten greater density than the MFP point clouds at sample plots. 
The ‘High’ depth filtering parameter was used for the UAV data instead of ‘Aggressive’ used 
for the MFP data. 
Table 6: Comparison of parameters associated with the four point clouds 

 ALS MFP Fixed-wing 
UAV 

Multi-rotor 
UAV 

Acquisition date 13-1- 2016 13-1-2016 15-6-2016 1-4-2016 

Overlapping photos - 5 to 6 >9 >9 

Approximate pixel size on ground - 11 cm 3 cm 3 cm 

Points per m2 above height of 2 m ± 
standard deviation for 8 plots (Note: 
ALS figure is number of first 
strikes) 

7.1 ± 3.1 8.6 ± 7.3 53.6 ± 31.5 94.7 ± 32.4 

Photoscan quality - High High High 

Photoscan depth filtering - Aggressive Mild Mild 

Average maximum tree height from 
Lascanopy metrics. (Note: 
Difference may be due to tree 
growth between acquisition dates) 

9.4 10.1 10.8 10.7 

 
Denser point clouds for the UAV data were also reflected in increased detail on the SfM-MVS 
solution. The SfM-MVS outputs appear as continuous surfaces although more elaborately 
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shaped for the denser point clouds (Figure 17). There was an absence of no-data regions in the 
area covered. 
 

 
Multi-Rotor UAV (87.2 points m2 above height of 2 m) 

 
MFP (4.7 points m2 above height of 2 m) 

 
Figure 17. Plot 1 showing SfM-MVS generated points, visible as RGB values for multi-rotor 
UAV and MFP. Ground points are also visible. Counts are for points greater than or equal to 
2 metres above the ground. 
A set of point coverage polygons were generated for the UAV points as previously described 
for ALS LiDAR and MFP SfM-MVS except that the minimum buffer distance was 3 cm to 
reflect the smaller pixel size. ALS LiDAR and MFP SfM-MVS points were buffered to 11 cm, 
as before, for the new plots. The additional buffer and erode distances for all four datasets was 
25 cm.  
Figure 18 shows a comparison of the DHMs generated from the point clouds plus views of 
point clouds for a representative plot. The UAV based point clouds were observed to be more 
uniform across the site than the MFP point cloud and approached the uniformity seen with the 
LiDAR point cloud. The incidence of whole or part trees being missed in the UAV point clouds 
was also reduced. 
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ALS 
 

 

 

  
ALS las points for plot 1 

Multi-
rotor UAV 
 

 

 

  
ALS las points (blue) and multi-rotor 
UAV points (red) for plot 1 

Fixed-
wing UAV 
 

 

 

  
ALS las points (blue) and fixed-wing 
UAV points (red) for plot 1 

MFP 
 

 

 

  
ALS las points (blue) and MFP points 
(red) for plot 1 

Figure 18. On left, DHMs of the region and on right CloudCompare views of point clouds 
for representative plot number 1. 
 

Discussion: comparison of UAV and MFP point cloud data 
The UAV datasets have substantially increased point density, in large part due to the high 
resolution of the imagery and the higher overlap, but also because of the better environmental 
conditions at the time of the photography (sun angle, wind speed) compared with the mid-
format photography.  Denser point clouds for the UAV data resulted in increased canopy 
surface detail.  A trade-off with increased point density may also be a consequent increase in 
file size and increased processing time required to generate the data. 
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Summary 
This document reports on an evaluation of photogrammetric point clouds collected for 
eucalyptus plantations in the Green Triangle region of Victoria.  Data was collected in 2016.  
The plantations included in this work are managed by Australian Bluegum Plantations (ABP) 
and by PF Olsen Australia. 
Mid-format aerial photography (MFP) and airborne laser scanning (ALS) data were collected 
for the project by AAM; fixed wing UAV photography was acquired by Australian UAV; a 
small sample of multi-rotor UAV photography was acquired by the University of Tasmania 
(UTAS).  Ground-based terrestrial laser scanning was captured for a sample of the forest 
mapped with the multi-rotor UAV.  Fieldwork (placement of ground control, inventory cruising) 
was undertaken in April 2016 by staff from NSW DPI, UTAS, ABP and PF Olsen. 
A mid-format aerial photography (MFP) derived point cloud and simultaneously collected 
airborne laser scanned (ALS) LiDAR data were first compared. Overall, the photogrammetric 
point cloud appears to be a good representation of the upper part of the canopy.  The need for 
sufficient photo overlap and of suitable lighting conditions at the time of photo collection were 
identified as important factors in successful point cloud generation. 
Additional point clouds were derived from fixed wing and multi-rotor UAV photography, 
collected over a subset of the region and compared with the MFP derive point clouds previously 
considered. These UAV datasets had increased point density, in part due to greater input photo 
overlap and improved image resolution compared with the MFP dataset. Denser point clouds 
for the UAV data resulted in increased canopy surface detail represented by the point clouds.  
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data with harvester head data in a Pinus radiata plantation 
(Springfield, Tasmania) 
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1. Introduction 

Developing spatially-explicit tools for mapping timber resources and generating accurate 
information about their distribution are crucial to forest growers and timber industry for 
planning management operations (e.g. Kankare et al. 2014). A wide range of new 
technologies have been developed in recent years to assist managers with the challenges of 
forest inventorying and management operations (e.g. Holopainen et al. 2010). High spatial 
resolution remote sensing technologies (e.g. airborne laser scanning (also referred to as 
airborne LiDAR), terrestrial laser scanning and optical satellite imagery) have been 
successfully used in this context for strategic, tactical and operational forest planning (e.g. 
White et al. 2016). 

The potential of airborne Light Detection and Ranging (LiDAR) system for assisting forestry 
inventory operations has been subject to extensive research (e.g. FWPA PNC305-1213 Final 
Report but see White et al. (2016) for a comprehensive review). LiDAR-based models have 
been successfully developed and operationally used to estimate forest structural properties 
from tree level (e.g., height, basal area, stocking, volume) to broader scale (e.g., stand-level 
characteristics) in many forest types across the world (e.g. Kukkonen et al. 2017). 

Recently, the forest inventory community has shown an increasing interest (e.g. White et al. 
2015 & 2016; Stone et al. 2016; Kukkonen et al. 2017) in point clouds generated from digital 
aerial photogrammetry (AP). AP data have emerged as a sound alternative to LiDAR because 
modern airborne camera systems, advanced multi-image matching algorithms and increased 
computing capabilities have enabled the production of image-based point clouds (e.g. Leberl 
et al. 2010). Another reason of the rising interest in AP-derived point clouds is the acquisition 
cost which can range from one-third to one-half of the cost of LiDAR acquisition (e.g. White 
et al. 2015).  
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Previous research has compared LiDAR and AP-based models for their ability to predict 
forest inventory attributes such as height, basal area and volume (e.g., White et al. 2015; 
Kukkonen et al. 2017). Generally, these studies have found that the performance of both 
point cloud data sources is comparable (e.g. White et al. 2015; Kukkonen et al. 2017). In a 
recent study conducted in Finland, Kukkonen et al. (2017) showed that the accuracy of AP-
based volume predictions in birch-dominated boreal forests was comparable to LiDAR and 
fulfilled the requirements of the operational stand level inventory of Finland.  White et al. 
(2015) reported a difference of 3.63% in RMSE% values between LiDAR and AP-based 
predictions of volume in multi-species and multi-age forests in Canada. A comparative 
analysis of the performance of LiDAR and AP point clouds for forest inventory applications 
in Australia has not been conducted yet.  

In this analysis, we compared LiDAR and AP-based point clouds acquired in a Pinus radiata 
plantation in north-eastern Tasmania (Springfield). The aim of this analysis was to: 

1. Assess the performance of LiDAR and AP-based point clouds for predicting total 
recoverable volume in a softwood plantation; 

2. Compare the performance of AP point clouds generated using three different 
parameterization settings; 

3. Compare total recoverable volume values predicted using LiDAR and AP-based models to 
actual volumes extracted from harvester head data. 

 

2. Materials and Methods 

2.1 Study Area and field plot data 

The study area is a multi-aged P. radiata plantation managed by Timberlands Pacific Pty Ltd 
covering approximately 1,600 ha in north-eastern Tasmania (Figure 1). Elevation ranges from 
134m to 520m above sea level (average = 307m), with an average slope of 13.4°. The 
plantation is subdivided into single age class management units called stand (Figure 1). 
Stands are subdivided into smaller units called patch which are characterized by different 
treatment strategies at the establishment phase, such as site preparation technique, nutrition or 
genetics (Figure 2). A total of 251 field plots (Figure 1) were established and stratified across 
the following three inventory types: Early Age Inventory (EAI), Mid Rotation Inventory 
(MRI) and Pre-Harvest Inventory (PHI). Plots were not evenly distributed across the three 
strata, with ~13%, ~46% and ~40% of the plots allocated to EAI, MRI and PHI, respectively 
(Table 1).  
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Figure 1. Map of the study area and the Early Age Inventory (EAI), Mid Rotation Inventory (MRI) 
and Pre-Harvesting Inventory (PHI) plots. Polygons represent the boundaries of the stands. 

 

In the field, differential GPS units were used to geo-locate the center of each plot with sub-
meter precision. All plots were circular in shape, with an average radius of 10m (radius size 
ranged from 6.9m to 12.6m). At each field plot, the total number of live standing trees, their 
diameter at breast height (DBH, 1.3m) and stem height were measured in between April and 
June 2015. Using Yield Table Generator software (YTGen, Silmetra), tree-based 
measurements were used to calculate total under-bark recoverable volume (TRV, m3/ha) 
within each plot (Table 1). TRV was calculated by adding together under-bark volume 
estimates of the grades that were harvested during logging operations. Therefore, any 
component that was not processed by the harvester machines (e.g., break, top and stump) was 
excluded from this analysis. 

 

Table 1. Number of field plots, range of stand age (year), average and range of total recoverable 
volume (m3/ha) for Early Age Inventory (EAI), Mid Rotation Inventory (MRI) and Pre-Harvesting 
Inventory (PHI) plots. 
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2.2 Harvester head data 

Using a John Deere 909JH logging machine, 54,715 stems were harvested from 12 patches 
within the study area (Figure 2a) and used to calculate actual TRV of each patch. For each 
stem, information about geographic location, over-bark DBH, over-bark volume of all 
processed pieces, sum of length of processed pieces and small end diameter of the last 
processed piece was collected. Each stem was assigned to one of the 12 patches using its GPS 
coordinates (Figure 2b). However, stem geographic location was affected by geo-location 
error (~15m) because (a) the GPS transponder was mounted on top of the harvester cabin (up 
to ~8m from the harvested tree) and (b) the GPS signal was not differentially corrected and 
was affected by backscattering/bouncing issues within the forest (average GPS error = ~6m). 
Consequently, some of the stems located in proximity to the plantation boundary were 
erroneously mapped outside of the plantation and were manually assigned to the nearest 
patch (Figure 2b). 

It is acknowledged that some of the stems located along the boundary between two 
contiguous patches were assigned to the wrong patch due to the geo-location error (i.e., 
~15m) previously described. However, considering that only ~5% of the 54,715 stems fell 
within 15m of the boundary between contiguous patches and that it is unlikely that all the 
2,700 stems (i.e., 5%) were consistently assigned to the wrong patch (i.e., it is reasonable to 
expect some stems were correctly assigned to the patch they had been harvested from even 
though their GPS coordinates were affected by ~15m error), it is expected that issue had a 
limited impact on the calculation of patch-level TRV. 

 

 

Figure 2. (a) Locations of the harvested stems and the 12 patches. (b) Each stem was assigned to a 
single patch based on its GPS location.  
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In order to calculate actual TRV for each patch, stem-level over-bark volume values were 
converted to under-bark estimates using two different methods. 

Method 1 

Over-Bark DBH (DBHOB) and total tree height data of individual trees from all inventory 
plots were analysed to derive localized stem-specific geographically weighted nonlinear 
height-diameter equations following the approach of Zhang et al. (2003). Using the stem-
specific and spatially varying height-diameter equations, total tree height was estimated for 
more than 54,000 individual stems from their DBHOB recorded by the harvest head.  

With the recorded DBHOB and the estimated total tree height as the predictor variables, 
over-bark and under-bark stem profiles were generated for each tree using the trigonometric 
variable form taper functions and the bark thickness equation for P. radiata (e.g. Bi & Long 
2001, Zhang et al. 2015). Through numeric integration of the stem profiles, total over-bark 
and under-bark stem volumes were obtained and their ratio was taken as the volume 
conversion factor for the tree. 

 

Method 2 

A more simplified approach was also implemented to estimate under-bark TRV from stem-
level over-bark volume. The approach was based on the model presented in Gordon (1983) 
where double bark thickness (dbt) was estimated using the following equation: 

𝑑𝑑𝑑𝑑𝑑𝑑 = 𝐷𝐷𝑂𝑂𝑂𝑂(1 − 𝑘𝑘)                                                   (1) 

 Where, DOB is the taped diameter over-bark and k is a constant value (i.e., 0.926) that 
was determined from the empirical relationship of DOB and taped diameter under-bark in P. 
radiata. K is then used to estimate under-bark volume (VUB) from over-bark values (VOB) 
applying the following equation. 

𝑉𝑉𝑈𝑈𝑂𝑂 = 𝑉𝑉𝑂𝑂𝑂𝑂𝑘𝑘2                                                              (2) 

 

2.3 LiDAR point cloud 

Airborne LiDAR data was acquired in April 2015 at a density of 5.64 ± 1.78 returns/m2, 
using an Optech Pegasus laser system (Table 2).  
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Table 2. LiDAR data specifications and characteristics 

 

Using LASTools software (Isenburg, 2014), a quality check was performed to assess the 
absence of void areas within the LiDAR point clouds coverage (Figure 3) and remove noise-
affected data (e.g., returns from clouds). LiDAR data was normalized using lasground 
function in LASTools to compute the height above the ground for each point (Figure 3). 

  

  

Figure 3. (a) Canopy height model covering the study area. Black areas represent portions of the 
landscape not covered by LiDAR data and are limited to water bodies in the north-eastern portion of 
the study area. (b) Example of LiDAR data height normalization.   

 

Normalized LiDAR point clouds were used to calculate a range of metrics (Table 3) that were 
expected to correlate with the horizontal and vertical structure of the trees within each plot 
and were used as predictors to estimate TRV. Age interaction was included in the analysis by 
multiplying each base metric in Table 3 to stand age (i.e., age interaction metric). Thus, the 
total number of predictors initially considered in this analysis was 68 (i.e., 34 base metrics + 
34 age interaction metrics). All metrics were calculated at both plot-level and raster-level. For 
each of the 251 inventory plots, plot-level metrics were calculated using all points contained 
within their perimeter. Raster-level metrics were generated by overlaying a regular grid 

 

 

b) 
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across the entire study area. Each cell in the grid was 20m x 20m in size to match the average 
radius size of the inventory plots (i.e., ~10m). LiDAR data extending outside the plantation 
boundary was excluded from further analysis. All raster metrics (Table 3) were calculated 
using the point cloud contained within the 20m x 20m grid cells.  

Table 3. List of all metrics extracted from LiDAR, aerial photogrammetric-DEF (AP-DEF), aerial 
photogrammetric -MILD (AP-MILD) and aerial photogrammetric -ULTRA (AP-ULTRA) point 
clouds. For each point cloud type, symbols indicate whether the base metric (X), age interaction 
metric (X*) or both age interaction and base metrics (X**) were retained after the variable selection 
process.  See section 2.5 and 3 for details about the variable selection process and outcomes.  
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2.4 Aerial photogrammetric point cloud 

Photogrammetric processing of the aerial photography was undertaken using Agisoft 
PhotoScan Professional v1.2.6, build 2834. Sparse point clouds were generated using the 
SfM-MVS software, with an average of 7402 points per photo. Dense point clouds were 
generated using different settings of Key point limit (initial photo alignment), Quality and 
Depth filtering (Agisoft, 2015). Key point limit controls the upper limit of the number of 
points extracted from each photo. Quality refers to the resampling or downscaling of the 
photographs during geometrical reconstruction. Selecting Ultra High quality means that 
original photos are used; selecting High quality downscales the image size by a factor of four. 
Depth filtering is applied to filter and remove outliers in the dense point cloud. The software 
provides three depth filters: Mild, Moderate and Aggressive. Mild will remove fewer points, 
thus will preserve the complexity of a point cloud but at the risk of leaving erroneous points 
in the cloud. Aggressive will remove more points, which minimises the likelihood of 
erroneous points remaining in the cloud but at the risk of removing reliable data. Moderate 
depth filtering falls between these two (Agisoft LLC, 2011). We generated dense point clouds 
using Mild and Moderate depth filtering. The combinations of key point limit, quality setting, 
and depth filtering used in this study are shown in Table 4.  Height values were normalised 
using the LiDAR DEM prior to subsequent analysis. 

Table 4. Characteristics of the three aerial photogrammetric (AP) point clouds  

 

 

2.5 Methods  

The number of LiDAR and AP derived metrics (n=68; Table 3) used in this study was 
reduced by removing variables with variance equals to zero and highly correlated predictors 
(Pearson’s correlation coefficient >= 0.8 or <= -0.8; Evans, 1996). This variable selection 
process aimed at minimizing the number of predictors used for modelling and excluding 
redundant information from further analysis.  

We used a machine learning approach called Random Forest (RF) to predict TRV (i.e., 
response variable) from the selected LiDAR and AP predictors (Table 3). RF is an ensemble-
learning algorithm that combines a large set of regression trees. A detailed description of this 
algorithm can be found in Breiman (2001). Calculations were based on the package 
“yaImpute” in R (R: A language and environment for statistical computing. http://www.R-
project.org/). Two key parameters need to be optimized for RF analysis: number of 
regression trees (ntree) and number of input variables per node (mtry). In order to assess the 
influence of ntree and mtry on model performance, RF were built using ntree values which 
ranged from 1000 to 3000 (incrementing ntree by 1000 at each iteration), and mtry values 
which ranged from 2 to 5 (incrementing mtry by 1 at each iteration).  

For each combination of ntree and mtry, RF models were cross-validated over a large number 
of realizations (r=100). For each realization, plot data were split into a training (70%) and test 
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(30%) set randomly stratifying the plots based on their inventory type (Table 1). Random 
stratification ensured that both training set and test set contained the same frequencies (i.e., 
~13%, ~46% and ~40%) of all inventory types (i.e., EAI, MRI and PHI). RF were built on 
training data and used to predict observed TRV values of the test data. 

For each realization (r=100), plot-level coefficient of determination (R2), relative RMSE (i.e., 
RMSE%) and relative BIAS (BIAS%) were calculated. RMSE% and BIAS% were calculated 
using the following equations: 

RMSE% = 
�1
𝑁𝑁
∑ (𝑌𝑌�𝑖𝑖−𝑌𝑌𝑖𝑖)2𝑖𝑖
1
𝑁𝑁
∑ 𝑌𝑌𝑖𝑖𝑖𝑖

 

BIAS% = ∑ (𝑌𝑌�𝑖𝑖−𝑌𝑌𝑖𝑖)𝑖𝑖
∑ 𝑌𝑌𝑖𝑖𝑖𝑖

 

where, N is the total number of plots predicted, 𝑌𝑌𝑖𝑖 is the observed response (i.e. observed 
TRV) for plot 𝑖𝑖 and 𝑌𝑌�𝑖𝑖 is the predicted response (i.e., predicted TRV) for the same plot.  

RF models were also used to predict average TRV volumes at stand level. The analysis only 
focused on stands (i.e., 9) containing more than 2 plots. For each stand, RF models were 
fitted using all plots except those located within the stand of interest. RF models were then 
used to predict the average TRV of the plots within the stand of interest. 

Finally, both LiDAR and AP RF models were applied to the 20m x 20m grids of LiDAR 
metrics to generate under-bark TRV surfaces within the 12 patches that were harvested 
(Figure 2a). For each patch, we compared under-bark TRV estimated using LiDAR and AP 
models with the TRV estimates based on harvester head data. 

 

3. Results 

After the variable selection process, the number of predictors decreased to 17, 15, 15 and 14 
for LiDAR, AP-DEF, AP-MILD and AP-ULTRA point clouds, respectively (Table 3). The 
metric which was more strongly correlated (p<0.01) with TRV was p10, avg, avg and p10 for 
LiDAR, AP-DEF, AP-MILD and AP-ULTRA data, respectively (Figure 4).  
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Figure 4. Relationship between total recoverable volume (TRV, m3/ha) and p10 (10%percentile) and 
avg (average height) derived from LiDAR, aerial photogrammetric -DEF (AP-DEF), aerial 
photogrammetric -MILD (AP-MILD) and aerial photogrammetric -ULTRA (AP-ULTRA) point 
clouds. 

 

The optimization of ntree and mtry parameters showed that for LiDAR, AP-DEF and AP-
ULTRA, RMSE% increased for mtry values greater than 2 (Figure 5). AP-MILD showed a 
different pattern, with RMSE% values lower for mtry = 3. However, for all point clouds, mtry 
had a very limited influence on model performance as the difference between the lowest and 
highest RMSE% values was -0.07%, -0.12%, -0.08% and -0.05% for LiDAR, AP-DEF, AP-
MILD and AP-ULTRA data, respectively (Figure 5).  Similarly, ntree had a limited influence 
on RF models for all point clouds as curves for all ntree values were extremely close. Based 
on the results from the optimization analysis, ntree and mtry values used to build RF models 
were 2000 and 2, 1000 and 2, 2000 and 3, 2000 and 2 for LiDAR, AP-DEF, AP-MILD and 
AP-ULTRA data, respectively. 
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Figure 5. Average relative root mean square error (RMSE%) of LiDAR, aerial photogrammetric -
DEF (AP-DEF), aerial photogrammetric -MILD (AP-MILD) and aerial photogrammetric -ULTRA 
(AP-ULTRA) random forest models for different numbers of regression trees (ntree) and numbers of 
input variables per node (mtry). 

 

Average (r=100) plot-level R2, RMSE% and BIAS% values of LiDAR, AP-DEF, AP-MILD 
and AP-ULTRA RF models for TRV are reported in Table 5. R2 values were very similar for 
all models as they ranged from 0.74 (LiDAR) to 0.71 (AP-MILD). Similarly, differences in 
RMSE% were small as their values ranged from 23.85% (LiDAR) to 24.78% (AP-MILD). 
Average BIAS% values were also very similar across all models and close to zero.  
Considering that RMSE% value for AP-DEF was lower than for AP-MILD and AP-ULTRA 
(Table 5) and that generating AP-DEF point cloud is less computing-intensive (i.e., easier to 
implement operationally), the only AP model considered for further analysis was AP-DEF. 

 

Table 5. Average plot-level coefficient of determination (R2), relative root mean square error 
(RMSE%) and relative bias (BIAS%) of LiDAR, aerial photogrammetric -DEF (AP-DEF), 
aerial photogrammetric -MILD (AP-MILD) and aerial photogrammetric -ULTRA (AP-
ULTRA) random forest models. Values in brackets are standard deviations. 
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For both LiDAR and AP-DEF, RF accuracy was higher for MRI and PHI plots than for EAI 
plots (Figure 6). For EAI plots, RMSE% values of LiDAR and AP-DEF models were 37.3% 
and 42.3%, respectively. However, for MRI and PHI, RMSE% values of LiDAR and AP-
DEF were very similar (i.e., ~23%).   

 

 

Figure 6. Average relative root mean square error (RMSE%) of LiDAR and aerial photogrammetric -
DEF (AP-DEF) random forest models in Early Age Inventory (EAI), Mid Rotation Inventory (MRI) 
and Pre-Harvesting Inventory (PHI) plots. 

 

The better performance of LiDAR in EAI plots could be explained by the fact that AP-DEF 
was characterized by lower penetration in that inventory class (Figure 7a). Figure 7a shows 
that average LiDAR and AP-DEF point density in between 0 and 10m in the 33 EAI plots is 
21.6% and 8.2%, respectively. LiDAR data captured more information than AP-DEF in the 
lower portions of the stands, whilst AP-DEF point density values were more strongly skewed 
towards the top forest layers (i.e., height greater than 12.5m). Therefore, LiDAR point cloud 
provided more information from within the forest canopy structure to model TRV in EAI 
plots.    

In MRI and PHI plots (Figure 7b), the distribution of point density across all height intervals 
was similar for both LiDAR and AP-DEF. Although point density values at lower height 
intervals (i.e., 0 to 10 m) were constantly higher for LiDAR, the difference was not as marked 
as for EAI plots as the total percentage of points was 7.71% for LiDAR and 5.11% for AP-
DEF.   
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Figure 7. Average point density (%) at 11 height intervals for LiDAR and aerial photogrammetric -
DEF (AP-DEF) point clouds for (a) Early Age Inventory plots (n=33) and (b) Mid Rotation Inventory 
(MRI) and Pre-Harvesting Inventory (PHI) plots combined (n=218). 

 

As expected, stand-level RMSE% values (Figure 8) were lower than plot-level values (Table 
5). The two models performed similarly and there was a strong agreement between predicted 
and observed TRV values. However, AP-DEF model was slightly more accurate than LIDAR 
as its RMSE% value was 0.95% lower.  

 

 

 

Figure 8. Scatterplots of observed total recoverable volume (TRV, m3/ha) averaged at stand level on 
predicted TRV using LiDAR and aerial photogrammetric -DEF (AP-DEF) models. Each observation 
represents a single stand (n=9). 

LiDAR and AP-DEF grid models displayed a strong spatial agreement, as areas with lower 
and higher TRV values showed a similar pattern across the harvested areas (Figure 9). TRV 
values of the two models were strongly correlated (R=0.88, p<0.01; Figure 10). 
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Figure 9. Total recoverable volume (TRV, m3/ha) grids generated using (a) LiDAR and (b) aerial 
photogrammetric -DEF models. 

 

 

Figure 10. Scatterplot of total recoverable volume (TRV, m3/ha) values predicted from (a) LiDAR 
and (b) aerial photogrammetric -DEF models. 
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The two methods (see section 2.2) used to estimate under-bark TRV values from harvester 
head data (referred to hereon as ‘harvester TRV’) within the 12 patches produced different 
results (Figure 11). For each patch, harvester TRV values were higher for method 2 than for 
method 1, and the total TRV for all patches together was 50,790 m3 and 54,094 m3 for 
method 1 and method 2, respectively. The relationships between TRV estimates derived from 
LiDAR and AP-DEF models with harvester TRV values are presented in Figure 12 a-d. For 
both method 1 and 2, LiDAR and AP-DEF TRV estimates were strongly correlated (R2~0.99) 
with harvester TRV values. However, both LiDAR and AP-DEF models over-predicted 
harvester TRV values. Both LiDAR and AP-DEF models showed a stronger agreement (i.e., 
lower bias) with harvester TRV values estimated using method 2 (Figure 12 c-d). For method 
1, the ratio of predicted TRV over harvester TRV was 114.3% and 113.1% for LiDAR and 
AP-DEF, respectively. For method 2, the ratio was 107.3% and 106.2% for LiDAR and AP-
DEF, respectively.  

 

Figure 11. Scatterplot of total recoverable volume (TRV, m3) values estimated from harvester head 
data using method 1 and method 2 (see Section 2.2). 
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Figure 12. Relationship between total recoverable volume (TRV, m3) estimated from the harvester 
head data and TRV values predicted from LiDAR and aerial photogrammetric -DEF (AP-DEF) 
models. Each observation represent a different patch (n=12). TRV values were estimated from 
harvester head data using method 1 (a and b) and method 2 (c and d). 

 

4. Discussion and conclusions 

This analysis showed that AP point clouds can be used for mapping total recoverable volume 
in P. radiata plantations (Table 5, Figure 8 and 12). Results are in agreement with previous 
research (e.g., White et al. 2015; Bohlin et al. 2017) which found the performance of LiDAR 
and AP point clouds to be comparable for modelling forest attributes in an area-based 
approach. 

At plot-level (Table 5), although the performance of LiDAR-based RF models was better 
compared to the performance of AP-based RF models, differences in RMSE% values were 
extremely small, ranging from 0.61% (RMSE%AP-DEF - RMSE%LiDAR) to 0.93% (RMSE%AP-

MILD - RMSE%LiDAR). Pitt et al. (2014) used LiDAR and AP-models for predicting 
merchantable volume in boreal forests, finding the difference in RMSE% values to be small 
(i.e., 0.60%). Similarly, White et al. (2015) showed that RMSE% values of LiDAR and AP 
based models for stem volume only differed by ~3%.  
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The performance of LiDAR and AP-DEF models was influenced by inventory type (Figure 6 
and 7), with LiDAR outperforming AP-DEF in EAI plots (Figure 6). We hypothesized that 
was due to better penetration capabilities of LiDAR as shown in Figure 7. EAI, MRI and PHI 
plots were characterized by different stocking (tree/ha) as average stocking of EAI plots was 
~1,115 tree/ha, whilst average stocking of MRI and PHI plots (combined) was ~610 tree/ha. 
Previous research (e.g. Hollaus et al. 2009) has shown that information from within the 
canopy improves the accuracy of volume estimates. Closer canopy conditions (i.e., higher 
stocking) at EAI plots affected the capability of AP to capturing information from within the 
forest canopy structure and, consequently, to accurately predict TRV values.  

For both LiDAR and AP-DEF models, RMSE% values were lower for MRI and PHI than for 
EAI (Figure 6). One of the reasons was that EAI plots only accounted for ~13% of the total 
number of plots (i.e., n=251). They were under-represented in the training sets as compared 
to MRI and PHI plots (which accounted for ~46% and ~40% of the plots, respectively) and, 
consequently, the models did not adequately fit lower TRV values. The analysis of bias 
confirmed that hypothesis as BIAS% values were higher for EAI plots (i.e., ~15% for LiDAR 
and ~18% for AP-DEF) than for MRI and PHI plots (i.e., ~0% for both point clouds). 

Stand-level RMSE% values of LiDAR and AP models (Figure 8) were very similar 
(RMSE%LiDAR - RMSE%AP-DEF = 0.95%), confirming that AP point clouds can be used for 
large area timber volume mapping in P. radiata plantations.  

Both LiDAR and AP-DEF models showed strong agreement with TRV values calculated 
from harvester head data (Figure 12). Both point clouds performed similarly as they both 
over-estimated harvester TRV values and they both showed a stronger agreement with TRV 
values estimated using Method 2. Although Method 1 and Method 2 produced different 
harvester TRV values (Figure 11), the fact that TRV predictions from both LiDAR and AP-
DEF were comparable provides additional indications of the potential of AP for forest 
inventory purposes. 

The results presented in this study demonstrate that point clouds generated from aerial 
photogrammetry provide adequate information for predicting TRV in P. radiata plantations, 
especially in thinned stands.  Additionally, if a high-quality DTM is available, aerial 
photogrammetry can provide an accurate Canopy Height Model for deriving stand height in 
unthinned plantation stands (Stone et al. 2016). 

In this study we compared the performance of LiDAR and AP-derived metrics for estimating 
total recoverable volume.  Equally important for timber plantation growers are the 
estimations of product grade volumes.  In an earlier study within this FWPA project we 
demonstrated that ALS data could be applied through a plot imputation approach to provide 
accurate estimates of small- and medium-sawlog and pulp products using data acquired from 
a P. radiata plantation near Bathurst in NSW (Caccamo & Stone 2015). It would be desirable 
to determine if similar levels of accuracy for estimating product yield could be achieved 
using AP data. 
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3PF Olsen Australia 

 

 

1. Introduction 

Please, refer to Section 3.1.1 for an overview on the potential of aerial photogrammetric (AP) 
point cloud data for forest inventory purposes. 
 
In Section 3.1.1, the performance of LiDAR and AP-based models for mapping forest 
resources (i.e., total recoverable volume) was assessed in a softwood plantation. In this study, 
we compared the capabilities of LiDAR and AP point clouds in a Eucalyptus globulus 
plantation in western Victoria (Hamilton). The aim was to assess the accuracy of LiDAR and 
AP-based point clouds for predicting the following inventory attributes: basal area (m2/ha), 
stocking (tree/ha), mean dominant height (m) and total stem volume (m3/ha). 

2. Materials and Methods 

2.1 Study Area and field plot data 

This analysis focused on two separate E. globulus plantations located near Hamilton in 
western Victoria (Figure 1). The plantations are managed by PF Olsen Australia and 
Australian Bluegum Plantations Pty Ltd. Elevation in the study area ranges from ~120m to 
~180m, and topography is characterized by gentle slopes (average slope = ~ 2.8°). The estate 
is subdivided into 10 even-age management units called Stands (Figure 1), covering an area 
of approximately 800 hectares.  

A total of 150 plots were established within the plantation (Figure 1) using differential GPS 
units to geo-locate the center of each plot with sub-meter precision. A total of 90 inventory 
plots (radius = 8.9m) were located within the estate managed by PF Olsen Australia, whilst 
60 inventory plots (radius = 8.9m) were located within the estate managed by Australian 
Bluegum Plantations Pty Ltd (Figure 1). Stand age ranged from 3.8 to 17.8 years old, with an 
average of 11.6 ± 5.2 years. At each field plot, the total number of live standing trees, their 
diameter at breast height (DBH, 1.3m) and stem height were measured. Using those tree-level 
measurements, the following plot-level inventory attributes (Table 1) were calculated: basal 
area (PlotBA, m2/ha), stocking (SPH, tree/ha), mean dominant height (PlotMDH, m) and total 
stem volume (PlotVol, m3/ha). All plots were surveyed in April 2016 and were pooled 
together for this study.  
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Figure 1. Location of the inventory plots and stands within the two E. globulus plantations in 
Hamilton (Victoria). 

 

Table 1. Average, standard deviation (Stdev), maximum (Max) and minimum (Min) values of basal 
area (PlotBA; m2/ha), stocking (SPH, trees/ha), mean dominant height (PlotMDH, m) and total stem 
volume (PlotVol, m3/ha) at all plots (n=150). 

 

 

2.2 LiDAR and Aerial photogrammetric point cloud 

Two different sources of point cloud data were used to model SPH, PlotMDH, PlotBA and 
PlotVol: LiDAR and aerial photogrammetric (AP) point clouds. Airborne LiDAR was 
acquired in January 2016 at a density of 17.58 ± 4.91 returns/m2, using a Riegl Q1560 laser 
system (Table 2). Using LASTools software (Isenburg 2014), a quality check was performed 
to assess the absence of void areas within the LiDAR point clouds coverage (Figure 2) and 
remove noise-affected data (e.g., returns from clouds). LiDAR data was normalized using 
lasground function in LASTools to compute the height above the ground for each point. 
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Table 2. LiDAR data specifications and characteristics 

 

 

Normalized LiDAR point clouds were used to calculate a range of metrics (Table 3) that were 
expected to correlate with the horizontal and vertical structure of the trees within each plot 
and were used as model predictors. Age interaction was included in the analysis by 
multiplying each base metric in Table 3 to stand age (i.e., age interaction metric). Thus, the 
total number of predictors initially considered in this analysis was 68 (i.e. 34 base metrics + 
34 age interaction metrics).  

 

Figure 2. Canopy height model covering the study area. Black areas represent portions of the 
landscape not covered by LiDAR data (i.e., water bodies). 

All metrics were generated using lascanopy function in LASTools, except for rough that was 
generated using Spatial Analyst tools in ESRI ArcGIS 10.2.2. 
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Table 3. List of all metrics extracted from LiDAR and Aerial Photogrammetric point clouds 

 

Mid-format AP was acquired in January 2016 as 246 images in TIF format. A structure from 
motion and multi-view stereo point cloud was generated from the images using Agisoft 
Photoscan. Photoscan processing parameters were ‘High’ quality with ‘Aggressive’ depth 
filtering. For analysis of canopy metrics, the AP point data (Figure 3) was normalised using 
the LiDAR DEM. The normalized point cloud was then used to extract the metrics in Table 3. 
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Figure 3. Example of aerial photogrammetric point cloud in the study area. 

 

2.3 Methods 

The number of LiDAR and AP derived metrics (n=68; Table 3) used in this study was 
reduced by removing variables with variance equals to zero and highly correlated predictors 
(Pearson’s correlation coefficient >= 0.8 or <= -0.8; Evans, 1996). This variable selection 
process aimed at minimizing the number of predictors used for modelling and excluding 
redundant information from further analysis. A second variable selection method called 
stepwise variable addition was applied to the remaining metrics. This method adds variables 
in a stepwise fashion according to how much improvement they make to the generalized root 
mean square distance between observed and predicted values. This method was applied over 
50 successive runs generating 50 different models (i.e., sets of predictors). The stepwise 
variable addition method was implemented using the “randomForest” package in R (R: A 
language and environment for statistical computing. http://www.R-project.org/) 

We implemented a plot imputation modelling approach based on k-Nearest Neighbour 
algorithm (k-NN) using the package “yaImpute” in R. With this algorithm, the model learns 
from response (i.e. SPH, PlotBA, PlotMDH and PlotVol; Table 1) and predictor (i.e. Table 3) 
values of a reference dataset (i.e. plot inventory data) by identifying the most effective set of 
predictors to predict all the responses. Given a target dataset (i.e. data with unknown response 
values) the “calibrated” model will retrieve from the reference dataset the plot or plots (i.e. 
nearest neighbours) with the most similar set of predictor values for each target plot and 
assign it (them) to that specific target plot. 

Each of the 50 models selected by the stepwise variable addition method was cross-validated 
over a large number of realizations (i.e. r=100). For each realization, data were split into a 
training (70%) and test (30%) set. The plots in the training set were used to predict the 
response variables (i.e. SPH, PlotBA, PlotMDH and PlotVol) in the test set through k-NN 
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imputation. For this k-NN analysis, the number of nearest neighbor was set to 2, the distance 
metric was set to most similar neighbor and the nearest neighbor distance weighing was set to 
weighted mean.  

For each model (n=50) and realization (r=100), plot-level relative RMSE (i.e. RMSE%) and 
relative BIAS (BIAS%) were calculated using the following equations: 

RMSE% = 
�1
𝑁𝑁
∑ (𝑌𝑌�𝑖𝑖−𝑌𝑌𝑖𝑖)2𝑖𝑖
1
𝑁𝑁
∑ 𝑌𝑌𝑖𝑖𝑖𝑖

 

BIAS% = ∑ (𝑌𝑌�𝑖𝑖−𝑌𝑌𝑖𝑖)𝑖𝑖
∑ 𝑌𝑌𝑖𝑖𝑖𝑖

 

 

where, N is the total number of plots considered, Yi is the observed response for plot i and Y�i 
is the imputed response for the same plot. For each model (n=50), all RMSE% and BIAS% 
values (r=100) were averaged. The model which produced the lowest RMSE% values for all 
response variables combined (i.e. lowest average RMSE%) was selected as the best k-NN 
model and retained for further analysis. 

Both LiDAR and AP k-NN best models were used to predict stand-level SPH, PlotBA, 
PlotMDH and PlotVol values. The analysis only focused on stands (i.e. 9) containing more 
than 2 plots. For each stand, the best k-NN model was fitted using all plots except those 
located within the stand of interest. The best k-NN model was then used to predict the 
average SPH, PlotBA, PlotMDH and PlotVol of the plots within the stand of interest. 

 

3. Results 

After the removal of highly correlated variables, the total number of predictors decreased to 
14 and 15 for LiDAR and AP data, respectively. The average number of variables in the 50 
models generated through the stepwise variable addition iterations was 4.68 ± 0.94 and 5.72 
± 2.13 for LiDAR and AP models, respectively. The four most frequently selected predictors 
were max, rough, d2 and d4 for LiDAR-based models, and max, Age_b90, min and d1 for 
AP-based models (Figure 4). For both LiDAR and AP, max was selected in 100% of the 
models (n=50). 

The LiDAR metric that showed the strongest correlations with all response variables was max 
(Table 4). The AP metrics that showed the strongest correlations with the response variables 
were max and Age_b90 (Table 4). 
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Table 4. Pearson’s correlation coefficient (p<0.01) between LiDARmax, APmax and APAge_b90 with 
basal area (PlotBA; m2/ha), stocking (SPH, trees/ha), mean dominant height (PlotMDH, m) and total 
stem volume (PlotVol, m3/ha) at all plots (n=150). 

 

 

 

 

 

Figure 4. LiDAR and aerial photogrammetric (AP) point cloud metrics selection frequency.  

 

Average plot-level RMSE% and BIAS% values of LiDAR and AP k-NN models (n=50) for 
all the response variables are reported in Table 5. The accuracy of LiDAR and AP models 
was comparable as differences in RMSE% values ranged from ~3% for PlotMDH to ~4.8% 
for PlotVol.  
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Table 5. Average (Ave), standard deviation (Std), maximum (Max) and minimum (Min) RMSE% and 
BIAS% values of LiDAR and aerial photogrammetric (AP) models for basal area (PlotBA, m2/ha), 
stocking (SPH, trees/ha), mean dominant height (PlotMDH, m) and total stem volume (PlotVol, 
m3/ha) based on the 50 models derived from the stepwise variable addition method.   

 

 

The best k-NN LiDAR model (Table 6) included 5 variables (i.e., max, b10, d2, d4 and 
rough), whilst the best AP model included 6 variables (i.e., max, min, b90, d1, d4 and 
Age_b90). The performance of both models was similar, with differences in RMSE% values 
ranging from ~1.7% for PlotMDH to ~5.4% for PlotVol (Table 6). 

 

Table 6. RMSE% and BIAS% values of the best LiDAR and aerial photogrammetric (AP) k-NN 
model for basal area (PlotBA, m2/ha), stocking (SPH, trees/ha), mean dominant height (PlotMDH, m) 
and total stem volume (PlotVol, m3/ha). 

 

 

As expected, stand-level RMSE% values (Figures 5 and 6) were lower than plot-level values 
(Tables 5 and 6). The two models performed similarly and there was a strong agreement 
between predicted and observed SPH, PlotBA, PlotMDH and PlotVol values. Differences in 
RMSE% values ranged from 0.80% for PlotBA to 2.10% for PlotMDH. LiDAR performed 
better for SPH (LiDARSPH – APSPH = -0.90%) and PlotMDH (LiDARPlotMDH – APPlotMDH = -
2.10%), whilst AP performed better for PlotBA (LiDARPlotBA – APPlotBA = 0.80%) and 
PlotVol (LiDARPlotVol – APPlotVol = 1.63%).  
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Figure 5. Scatterplots of observed basal area (PlotBA, m2/ha), stocking (SPH, trees/ha), mean 
dominant height (PlotMDH, m) and total stem volume (PlotVol, m3/ha) values averaged at stand level 
on LiDAR model predictions. Each observation represents a single stand (i.e. n=9). 

 

 

Figure 6. Scatterplots of observed basal area (PlotBA, m2/ha), stocking (SPH, trees/ha), mean 
dominant height (PlotMDH, m) and total stem volume (PlotVol, m3/ha) values averaged at stand level 
on aerial photogrammetric (AP) model predictions. Each observation represents a single stand (i.e., 
n=9). 
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4. Discussion and conclusions 

Results showed that point cloud generated from AP data can be used for forest resource 
mapping as accuracies of models based on LiDAR and AP data were comparable in the E. 
globulus plantations.  

For both point clouds, max was selected in 100% of the models generated by the stepwise 
variable addition iterations (Figure 4). Rough and Age_b90 were also main predictors as they 
were selected in 100% and 78% of the 50 models for LiDAR and AP, respectively. 
Additionally, max and Age_b90 were the metrics more strongly correlated to the four 
inventory attributes considered (Table 4). These findings indicate that information about the 
vertical (i.e., max and Age_b90) and horizontal (i.e., rough) distribution of top canopy height 
was extremely important for predicting SPH, PlotBA, PlotMDH and PlotVol, and, therefore, 
canopy height models provide adequate information for forest resources mapping in E. 
globulus plantations. 

Plot-level RMSE% values revealed that the accuracy of k-NN model based on AP data was 
comparable to the one based on LiDAR (Table 5). Although LiDAR consistently 
outperformed AP, the difference in RMSE% values for the forest attributes considered never 
exceeded 5%, ranging from ~3% for PlotMDH to ~4.8% for PlotVol. These results are in 
agreement with previous research in this context (e.g. Pitt et al. 2014; White et al. 2015 & 
2016; Bohlin et al. 2017) which showed that AP and LiDAR-based models were capable of 
providing comparable results for area-based forest inventory purposes. In White et al. (2015), 
RMSE% values of volume predictions based on AP and LiDAR models differed by ~3.6%. 
Similarly, in Pitt et al. (2017) differences in RMSE% for volume predictions were ~1%. The 
accuracy of models based on AP point cloud data for estimating volume in E. globulus (Table 
5) and Pinus radiata (See Table 5 in Section 3.1.1) plantations was similar. RMSE% ranged 
from 24.46% to 24.78% in softwood plantations and was ~25% (Table 5 and 6) in hardwood 
plantations. 

Stand-level RMSE% values confirmed the potential of AP point cloud data for mapping 
forest resources (Figure 5 and 6). RMSE% values never exceeded 10% for all the inventory 
attributes considered. The performance of k-NN models based on LiDAR and AP point 
clouds was comparable, with differences in RMSE% ranging from 0.80% to 2.10%. The 
accuracy of AP-based point cloud models for estimating volume in E. globulus (Figure 6) and 
P. radiata (see Figure 8 in Section 3.1.1) plantations was similar. RMSE% values were 8.9% 
and 7.8% in softwood and hardwood plantations, respectively. 

These findings suggest that AP point cloud data provide suitable information for forest 
inventory purposes in E. globulus plantations. Accuracies for estimates of SPH, PlotBA, 
PlotMDH and PlotVol were comparable to those achieved by LiDAR-based k-NN models 
both at plot and estate-level.  
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3.3 Prospects for aerial photogrammetry canopy surface 
models in hardwood plantation inventory 

 
 

R. Musk 
Sustainable Timber Tasmania, E-mail:rob.musk@sttas.com.au 

 

Background 
Sustainable Timber Tasmania holds a complete LiDAR point cloud coverage over its estate 
which was captured over a number of years from September 2008 through April 2015. The 
point cloud data has been used to derive a high resolution ground surface model (GSM) and 
an inventory of the estate (Musk et al. 2012). The inventory comprises a surface model 
prediction from an imputation of field plots. The most highly valued stands are pruned and 
thinned hardwood plantations that are widely dispersed across the landscape. Their extreme 
dispersal makes it difficult to justify airborne laser scanning campaigns on a cost per hectare 
basis. We are particularly interested in the development of approaches to efficiently update 
the point clouds from the forest canopy to account for forest growth and change, and so have 
a keen interest on the potential of camera-based imaging systems that are cheaper and more 
flexible to deploy.  
 

Part 1: Project Data Exploration 
The project delivered point clouds derived from airborne laser scanning and photogrammetric 
range imaging over four hardwood plantation coupes and a small area of wet eucalypt native 
forest near Geeveston, south of Hobart.  
A visual inspection of the data provided reveals that the camera-derived point cloud data is of 
comparatively high density at the canopy surface, but the magnitude of signal attenuation 
from the surface through the canopy is comparatively large. Figure 1 shows a profile view 
through a cylindrical sample of the LiDAR-derived point cloud data that has been normalised 
to height above ground in a late rotation, pruned and thinned Eucalyptus nitens stand. The 
data are typical for this forest type. There are three main tiers in the stand. A proportion of the 
returns are located in the canopy. Canopy returns are somewhat evenly spread from 20m to 
40m above ground. A larger proportion is located in the understory between 2m and 10m 
above ground. Another tier is found at, and just above ground level, and there are few gaps in 
the ground returns. Figure 2 shows the same profile view with a random sample of 10% of 
the camera-derived point cloud data overlaid. The density of the returns is an order of 
magnitude larger. The returns are almost entirely found in the canopy. Understory returns are 
comparatively few. In this sample there a no returns from the ground or near ground 
vegetation. Camera-derived returns also extend above the height of the LiDAR-derived 
returns across much of the sample. The canopy surface profile, while consistently higher, 
follows closely the same trend as that observed in the LiDAR-derived returns, indicating that 
the positions and locations of the outer tree crowns are consistently captured by both sensors. 
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Table 1 presents a summary of the relevant data for the four hardwood plantation coupes. 
There are three age classes. The pruning and thinning status a typical of the age classes 
represented. Of particular interest in the consistent differences in the average maximum 
return height from the two sensors (between 1.2 m and 2.2 m).  
 

 
Figure 1. Profile view through a cylindrical sample of the LiDAR-derived point cloud data 
that has been normalised to height above ground in a late rotation pruned thinned E. nitens 
stand. 

 
Figure 2. Profile view through a cylindrical sample of both LiDAR- and camera-derived 
point cloud data that has been normalised to height above ground in a late rotation pruned 
thinned E. nitens stand. 

 
Having established that the two sensors produce similar information from the canopy surface, 
but very different information from deeper within and below the canopy, focus then shifted to 
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considering whether the signal attenuation apparent in the camera-derived data has any 
material impact on its utility for inventory purposes. In other words, does the signal 
attenuation deleteriously impact on the precision and accuracy of forest inventory by 
imputation? Sustainable Timber Tasmania holds a library of 573 inventory plots with 
coincident LiDAR point cloud data. If the signal attenuation observed in camera-derived 
point cloud data might be induced in LiDAR point cloud data we could identify the impact of 
signal attenuation using the existing data library.  
Table 1. Coupe summary data 

 
 
One might mimic the signal attenuation apparent in the camera-derived point cloud data by 
applying a focal filter to the LiDAR-derived point cloud data, setting the height of each 
returns to the maximum returns height within a local neighbourhood. The results of applying 
such filters to the LiDAR-derived point cloud data presented earlier in Figure 1 and Figure 2 
are shown in Figure 3 and Figure 4 for local square neighbourhoods with side lengths of 1.0 
m and 2.0 m respectively. At the smallest neighbourhood size there is a small change in the 
vertical distribution of returns. At the largest neighbourhood size the vertical distribution of 
returns is largely restricted to the upper canopy in a similar distribution to that observed in the 
camera-derived data.  
This filtering approach was applied to a systematic sample from the four plantation hardwood 
coupes. One cylinder of data with a radius of 20 m was extracted from each hectare over the 
coupes. The filter was applied to the LiDAR-derived point cloud data with local 
neighbourhoods of side length ranging from 1.0 m to 2.5 m. Height percentiles were then 
calculated for each cylinder from each dataset. Pearson correlation coefficients were 
calculated to determine the degree of association between LiDAR- and camera-derived height 
percentile data. The results are presented for each of the age classes in Figures Figure 5, 
Figure 6, and Figure 7. 
In the late rotation, pruned and thinned hardwood plantation (Figure 5) there is a strong 
correlation at the canopy surface (height percentile = 100) between LiDAR-derived data and 
camera-derived data. The degree of association weakens as height percentiles are reduced 
towards 25% in unfiltered LiDAR-derived data, while remaining strong in filtered LiDAR-
derived data. Below 25% the degree of association is weakest in unfiltered LiDAR-derived 
data and LiDAR-derived data filtered with the smallest local neighbourhood, while remaining 
strong when filtered with larger neighbourhood sizes. At the lowest calculated height 
percentile all LiDAR-derived data displays a weak association with camera-derived data. 
In the mid rotation, pruned and unthinned hardwood plantation (Figure 6) there is a strong 
correlation at the canopy surface (height percentile = 100). The degree of association 
weakens as height percentiles are reduced towards 0% in unfiltered LiDAR-derived data, 
while remaining strong in LiDAR-derived data filtered with larger neighbourhood sizes. 
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Below 25% the degree of association weakens in LiDAR-derived data filtered with the 
smaller local neighbourhood sizes. 
In the early rotation, unpruned and unthinned hardwood plantation (Figure 7) there is a 
moderately strong correlation at the canopy surface (height percentile = 100) and at the 
smallest calculated height percentile for the LiDAR-derived data filtered with larger 
neighbourhood sizes . The degree of association weakens in mid-height percentiles 
irrespective of filter size.  
These results demonstrate that a local neighbourhood filter may be applied to LiDAR point 
clouds that induces a degree of signal attenuation similar to that observed in camera-derived 
data. The similarities are strongest in later age stands. Filter sizes with side length up to 2.0 m 
produce varying degrees of signal attenuation. 
 
 

 
Figure 3. Profile view through a cylindrical sample of both LiDAR- and camera-derived 
point cloud data that has been normalised to height above ground in a late rotation pruned 
thinned E. nitens stand. Also overlaid (in red) is filtered LiDAR-derived data that has 
normalised to the highest point in each 1.0 m cell 
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Figure 4. Profile view through a cylindrical sample of both LiDAR- and camera-derived 
point cloud data that has been normalised to height above ground in a late rotation pruned 
thinned E. nitens stand. Also overlaid (in red) is filtered LiDAR-derived data that has 
normalised to the highest point in each 2.0 m cell. 

 

 
Figure 5. Height percentiles versus Pearson correlation coefficients assessing the degree of 
association between filtered LiDAR-derived data and camera-derived data for late rotation 
pruned and thinned hardwood plantation. Strong correlation is apparent at the canopy surface 
(height percentile = 100).  The degree of association weakens as height percentiles are 
reduced towards 25% in unfiltered LiDAR-derived data, while remaining strong in filtered 
LiDAR-derived data. Below 25% the degree of association is weakest in unfiltered LiDAR-
derived data and LiDAR-derived data filtered with the smallest local neighbourhood, while 
remaining strong when filtered with larger neighbourhood sizes. At the lowest calculated 
height percentile all LiDAR-derived data displays a weak association with camera-derived 
data. 
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Figure 6. Height percentiles versus Pearson correlation coefficients assessing the degree of 
association between filtered LiDAR-derived data and camera-derived data for mid rotation 
pruned and unthinned hardwood plantation. Strong correlation is apparent at the canopy 
surface (height percentile = 100). The degree of association weakens as height percentiles are 
reduced towards 0% in unfiltered LiDAR-derived data, while remaining strong in LiDAR-
derived data filtered with larger neighbourhood sizes. Below 25% the degree of association 
weakens in LiDAR-derived data filtered with the smaller local neighbourhood sizes. 
 

 
Figure 7. Height percentiles versus Pearson correlation coefficients assessing the degree of 
association between filtered LiDAR-derived data and camera-derived data for early rotation 
unpruned and unthinned hardwood plantation. Moderately strong correlation is apparent at 
the canopy surface (height percentile = 100) and at the smallest calculated height percentile 
for the LiDAR-derived data filtered with larger neighbourhood sizes. The degree of 
association weakens in mid-height percentiles irrespective of filter size.  
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Part 2: Plot Imputation Using Filtered Point Clouds 
Having established that that a local neighbourhood filter may be applied to LiDAR point 
clouds that induces a degree of signal attenuation similar to that observed in camera-derived 
data, filters of varying side length (1.0 m, 1.5 m and 2.0 m) were then applied to the LiDAR 
data coincident to the library of 573 field plots.  
Metrics were generated from both unfiltered and filtered data. These comprised: proportions 
of returns within height zones, percentiles of return height and the four moments of return 
height: mean, variance, skewness and kurtosis. These four separate sets of metrics were used 
to create four separate imputation models. The modelling approach employed the Boruta 
algorithm to identify important variables (Kursa & Rudnicki 2010) and the regularized 
random forest algorithm to weight the important variables in each model (Deng & Runger 
2012, 2013, Deng 2013). A 10-fold cross validation was used to generate prediction estimates 
for each of the developed models. All data processing and modelling was undertaken using 
the R language and environment for statistical computing (R Core Team 2017). 
Figure 8 presents the variable importance for each of the developed models. In this figure the 
filter size equalling zero represents the results from the model derived using unfiltered 
LiDAR data. All models identify a similar list of important variables. Height percentiles from 
the upper canopy are most important in all models. The height variance (the second return 
moment) in filtered data is comparatively more important, while the proportions all returns, 
and vegetation returns only, above 20m in unfiltered data are comparatively more important.  

 
Figure 8. Variable importance for the four developed models with varying local 
neighbourhood filter sizes. 
 
There were no significant differences in mean prediction of mean dominant height, stocking, 
basal area or merchantable volume across the four models (results not shown). No models 
produced mean predictions that were significantly different to the sample mean, so all models 
were unbiased.  
Table 2 presents the cross-validated root mean square error (RMSE) of prediction estimates 
against the sample mean (design), the unfiltered LiDAR model (model), and comparative 
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percentage change in RMSE at three local neighbourhood filter sizes against the unfiltered 
LiDAR model. Application of the unfiltered LiDAR model results in substantial declines in 
RMSE compared against the sample mean, demonstrating the utility of this remote sensing 
data to provide large gains in inventory precision over traditional design-based sampling.  
The precision of the estimates (defined by percentage change in prediction RMSE) actually 
increased in every case when employing filtered LiDAR data. The smallest increases for each 
inventory metric were found using the largest filter size. The largest improvements to 
precision varied by metric across the other two filter sizes. The largest improvements in 
precision ranged from 10% for total merchantable volume to 18% for stocking. 
Table 2 Root mean square error (RMSE) of prediction against the sample mean (design), the 
unfiltered LiDAR model (model), and comparative percentage change in RMSE at three local 
neighbourhood filter sizes against the unfiltered LiDAR model. 

 
 
These results demonstrate that data from deep within the canopy provide little to no 
information that might be used to improve the precision of an imputation model. They also 
suggest that camera-derived point clouds that mostly provide information from the canopy 
surface are highly likely to be satisfactory for use in hardwood plantation inventory.  
The majority of the Sustainable Timber Tasmania hardwood plantation estate is first rotation 
and established on ex-native forest sites.  They can carry a very high woody weed load that 
has little impact on plantation productivity. Possibly, the LiDAR point cloud data is picking 
up the woody weed sub canopy and the models are not adequately discriminating weedy and 
non-weedy sites. Possibly there is an issue with varying scan angle in the point cloud data 
leading to varying degrees of attenuation. Both these issues would be mitigated by the 
filtering process applied in this work and may in part explain the results observed. There is of 
course additional information to be gleaned from camera-derived point clouds. Their 
relatively high point density suggests stem counts would be supported. Those counts could 
easily be included in an imputation and would no doubt improve the precision. 
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3.4 Workflow for extracting metrics from aerial 
photogrammetric point cloud data and generating 
estimates of forest inventory attributes 
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1. Introduction 

 
The studies presented in Sections 3.1.1 and 3.1.2 showed that metrics calculated from aerial 
photogrammetric (AP) point cloud data can be used for mapping forest resources in softwood 
and hardwood plantations in Australia. A number of processing steps are required to 
manipulate the information in the AP point cloud, extract the point cloud metrics and use 
those metrics for modelling inventory attributes. 

In this section the processing steps in the data workflow will be described to provide all the 
required information for implementing AP-based forest resources modelling. The main 
software packages required to implement the point cloud processing methods described in 
this section are: R (R: A language and environment for statistical computing. http://www.R-
project.org/) programming language and LASTools (Isenburg 2014). R can be downloaded 
free of charges from https://www.r-project.org/. LASTools can be downloaded from 
https://rapidlasso.com/lastools/ and it requires licensing for most commercial or government 
use at a cost of approximately $2,000/year.  The basic spatial operations can be performed 
using commercial (e.g. ESRI ArcGIS) or open source (e.g. QGIS) Geographic Information 
System packages.  

 

2. Flowchart: diagrams 

The workflow is divided into two separate flowcharts (Figures 1 and 2). The first flowchart 
represents the processing steps required for extracting point cloud metrics at both plot and 
grid-level from AP data (Figure 1). 
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Figure 1. Flowchart illustrating the workflow for extracting point cloud metrics from aerial 
photogrammetric (AP) data. 

The second flowchart (Figure 2) represents the processing steps required for selecting the 
best predictors from the set of AP metrics, implementing a machine learning modelling 
approach for predicting forest inventory attributes and generating spatially explicit surfaces 
(i.e. grids) of forest resources. 

 

Figure 2. Flowchart illustrating the workflow to generate estimates of forest inventory attributes. 
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Each element and step presented in Figure 1 and 2 is described in Section 3. 

3. Flowchart: description 

a) AP point cloud: Aerial photogrammetric point cloud (Figure 3). 

 

Figure 3. Example of aerial photogrammetric point cloud 

b) LiDAR ground returns: Ground returns are extracted from LiDAR point cloud (Figure 4). 
In LASTools software (Isenburg, 2014), lasground is used for bare-earth extraction, by 
classifying the returns in the cloud into ground points and non-ground points.  

 

Figure 4. Example of ground returns from LiDAR point cloud 

 

c) Step 1: Ground Normalization: AP point cloud is normalized (Figure 5) based on bare-
earth information provided by LiDAR ground returns. Ground-normalization is processed in 
LASTools using lasground. 

 

Figure 5. Ground-normalized aerial photogrammetric point cloud 
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d) Step 2: Plot-level metrics extraction: Using lascanopy in LASTools, a range of metrics is 
extracted using all the returns in the Ground-normalized AP point cloud contained within 
each of the inventory plot. Please, refer to Table 3 in Chapter 3.1.1 for the list and description 
of some of the most common metrics used for modelling forest inventory attributes using 
point cloud data.  

There are several options available for extracting AP point cloud metrics for each inventory 
plot using lascanopy. For instance, users can prepare a text file with the radius size and 
Lat/Long coordinates of each plot or use a polygonal shapefile with the boundary of each 
plot.   

e) AP metrics database: The output of Step 2 is a database (e.g., in .csv or .txt format) 
containing all the AP point cloud metrics and inventory attributes values for each inventory 
plot. In Figure 6, each inventory plot is assigned with a unique ID, total stem volume (TSV) 
value and values for 6 different AP point cloud metrics. 

 

Figure 6. Example of aerial photogrammetric (AP) point cloud metrics database 

 

f) Step 3: Grid-level metrics extraction: Using lascanopy in LASTools, the metrics generated 
in Step 2 are extracted using all the returns in the Ground-normalized AP point cloud across 
the entire area of interest. AP metrics grids are generated by overlaying a regular grid across 
the entire area of interest. There appears to be general consensus in the literature that the size 
of each cell in the grid should be equal or close to the size of the inventory plots. For 
instance, if the plot diameter is 20m, the cell size should be 20m.  

Using lascanopy, a regular grid is overlayed on the Ground-normalized AP point cloud and 
the point cloud metrics are calculated across the entire area of interest using all the returns 
within each of the grid cell (Figure 7). This can be achieved in a number of different ways. 
For instance, users can generate surfaces in raster format (e.g., .tif) by using the option –step 
to set the resolution to the required value (e.g., -step 20 = 20m grid) and the option –otif to 
define the output type. Alternatively, users can prepare a grid in shapefile (polygon 
geometry) format covering an area of interest and calculate the metrics within each of the 
polygons. 
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Figure 7. Example of aerial photogrammetric grid-level metric. 

g) Step 4: Variable selection: The number of metrics in the AP database is reduced by 
removing variables with variance equals to zero and highly correlated predictors (Pearson’s 
correlation coefficient >= 0.8 or <= -0.8; Evans, 1996). This variable selection process aims 
at minimizing the number of predictors used for modelling and excluding redundant 
information from further analysis. This processing step can be performed using any 
spreadsheet program (e.g., Microsoft Excel) or generating a correlation matrix in R (R: A 
language and environment for statistical computing. http://www.R-project.org/) programming 
language. 

At this stage, additional and more complex variable selection processes can also be applied to 
further reduce the number of AP metrics. A range of different variable selection processes 
(e.g., stepwise variable addition, see Section 2.3 Methods in Chapter 3.1.2) are available and 
can be easily implemented in R. 

The inclusion of irrelevant or correlated predictor variables can negatively impact on 
prediction accuracies (Brosofske et al. 2014).  There are now, however, numerous 
sophisticated variable selection methods e.g. simulated annealing (Packalen 2012) and 
Genetic Algorithms (Garcia-Guttierez et al. 2013) which were not evaluated in this study but 
which could be integrated into an operational workflow. While they may be computationally 
intensive, they can improve estimate accuracies and new processing solutions such as cloud-
based processing are improving analytical capacity and efficiency. 

h) Step 5: Plot imputation: Using the package “yaImpute” in R, a plot imputation modelling 
approach based on k-Nearest Neighbour algorithm (k-NN) is applied. With this algorithm, the 
model learns from response variables (i.e., forest inventory attributes) and predictors (i.e., AP 
metrics) of a reference dataset by identifying the most effective set of predictors to predict all 
the responses. Given a target dataset (i.e., data with unknown response values) the 
“calibrated” model will retrieve from the reference dataset the plot or plots (i.e., nearest 
neighbours) with the most similar set of predictor values for each target plot and assign it 
(them) to that specific target plot. 

k-NN model accuracy is generally assessed in terms of root mean square error (RMSE) and 
bias. The smaller RMSE values are and the closer to zero bias values are, the more accurate 
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the model is. RMSE and bias values are calculated by comparing the predictions of the plot 
imputation model to the observed values of the response variables (i.e., forest inventory 
attributes).   

i) Forest resources grids: Finally, the Plot imputation model is applied to the AP metrics 
grids generated in Step 3, to apply the k-NN analysis to the entire area of interest and 
generate spatially-explicit maps of forest resources in grid format (Figure 8). This processing 
step can be performed using “yaImpute” in R. 

 

Figure 8. Map of total stem volume (TSV, m3/ha)  generated using aerial photogrammetric point 
cloud data 
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1. Introduction 

Detailed information on the spatial distribution of forest resources is of crucial importance to 
forest growers for effectively planning their timber management operations (e.g. Kankare et 
al. 2014). Incomplete or inaccurate information about timber resources distribution can 
negatively impact the efficiency of forest operations (e.g. Holopainen et al. 2010). A wide 
range of remote sensing technologies have been developed in recent years that enable 
managers to implement improved inventory mapping and spatial monitoring applications 
(e.g. Holopainen et al. 2014; White et al. 2016). 

Airborne LiDAR data is now used for forest inventory applications in many regions of the 
world, including Australia (e.g. Dash et al. 2015, White et al. 2016). Previous studies have 
successfully applied this technology for modelling forest structural properties in softwood 
plantations (e.g. Dash et al. 2015) and eucalypt dominated systems overseas (e.g. Silva et al. 
2015), however research on the potential of airborne LiDAR for predicting forest inventory 
attributes in native sclerophyll forests in Australia is lacking (Shendryk et al. 2016). 

In this study we used LiDAR data to model inventory attributes in native forests in NSW. 
The aims of this study were to: 

1. Generate and assess the accuracy of LiDAR-based estimates of three inventory attributes: 
Stocking (trees/ha), Basal Area (m2/ha) and Total Stem Volume (m3/ha); 

2. Calculate probable limit of error (PLE) values from LiDAR-based estimates of the three 
inventory attributes; 

3. Compare PLE values calculated from LiDAR estimates with PLE values calculated from 
plot inventory data. 

 

2. Materials and Methods 

2.1 Study Area and field plot data 

This study focused on a native sclerophyll forest managed by Forestry Corporation of NSW 
near Eden in south-eastern NSW (Figure 1). The study area is a multi-aged and mixed-
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species forest, dominated by Eucalyptus agglomerata, E. sieberi, E. muelleriana and, in the 
southern tablelands, E. fastigata. The study area covers ~225,000ha, with dominant 
silviculture practices being a combination of thinning and alternate coup harvesting. 
Elevation ranges from 5m to 1200m and the estate is subdivided into 25 operational units 
(Figure 1) ranging from ~80ha to ~46,400ha in size.  

Inventory data from 344 plots were provided by Forestry Corporation of NSW (Figure 1). All 
plots were surveyed during winter 2014 and were located within 20 of the 25 operational 
units. At each field plot, the total number of live standing trees, their diameter at breast height 
(DBH, 1.3m) and stem height were measured. Using those tree-level measurements, the 
following plot-level inventory attributes (Table 1) were calculated and used in this analysis: 
Stocking (trees/ha, SPH), Basal Area (m2/ha, BA) and Total Stem Volume (m3/ha, TSV). 

 

Figure 1. Location of Eden native sclerophyll forest and inventory plots. Polygons represent the 
extent of the 25 operational units. 
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Table 1. Average, standard deviation (Stdev), maximum (Max) and minimum (Min) values of the 
three forest inventory attributes used in this study: Stocking (SPH, trees/ha), Basal Area (BA, m2/ha) 
and Total Stem Volume (TSV, m3/ha) 

 

 

2.2 LiDAR point cloud 

LiDAR data was acquired in between August 2011 and June 2013 at a density of 7.46±3.73 
returns/m2. Using LASTools software (Isenburg 2014), a quality check was performed to 
assess the absence of void areas within the LiDAR point clouds coverage (Figure 2) and 
remove noise-affected data (e.g., returns from clouds). LiDAR data was normalized using 
lasground function in LASTools to compute the height above the ground for each point. 

 

 

Figure 2. LiDAR-based average height model covering the study area. Raster resolution is equal to 
30m. 

 

A range of metrics (Table 2) that were expected to correlate with the horizontal and vertical 
structure of the trees within each plot were calculated. All the metrics in Table 2 were 
calculated twice using all returns and only first returns within the point cloud, thus the total 
number of LiDAR predictors used in this study was 72.  

99



All metrics were calculated at both plot-level and raster-level. For each of the 344 inventory 
plots, plot-level metrics were calculated using all points contained within their boundary. 
Raster-level metrics (Figure 2) were generated by overlaying a regular grid across the entire 
study area. Each cell in the grid was 30m x 30m in size to closely match the radius size of the 
inventory plots (i.e., ~17m). LiDAR data extending outside the plantation boundary was 
excluded from further analysis. All raster metrics (Table 2) were calculated using the point 
cloud contained within the 30m x 30m grid cells. 

All metrics were generated using LASTools software, except for cr_plots, d_250, d_500, 
s_plots, s_250 and s_500 that were generated using Spatial Analyst tools in ESRI ArcGIS 
10.2.2. 

 

Table 2. List of LiDAR metrics considered in this study 
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2.3 Methods 

This study was based on two processing steps. First, we calculated LiDAR-based estimates of 
SPH, BA and TSV. In the second step, PLE values for SPH, BA and TSV were calculated 
from LiDAR-based estimates and compared to PLE values calculated from the inventory 
plots.  

For step 1, we used a plot imputation modelling approach based on k-Nearest Neighbour 
algorithm (k-NN) using the package “yaImpute” in R (R: A language and environment for 
statistical computing. http://www.R-project.org/). With this algorithm, the model learns from 
response (i.e. SPH, BA and TSV; Table 1) and predictor (i.e. Table 2) values of a reference 
dataset (i.e. plot inventory data) by identifying the most effective set of predictors to predict 
all the responses. Given a target dataset (i.e., data with unknown response values) the 
“calibrated” model will retrieve from the reference dataset the plot (or plots) with the most 
similar set of predictor values for each target plot and assign it (them) to that specific target 
plot. 

Plot imputation modelling was preceded by a variable selection analysis. Predictors with 
variance equals to zero and highly correlated predictors (Pearson’s correlation coefficient >= 
0.8 or <= -0.8; Evans (1996)) were removed. A second variable selection method called 
stepwise variable addition was applied to the remaining metrics. This method adds variables 
in a stepwise fashion according to how much improvement they make to the generalized root 
mean square distance between observed and predicted values. This method was applied over 
50 successive runs generating 50 different models (i.e., sets of predictors). The stepwise 
variable addition method was implemented using the “randomForest” package in R 

Each of the 50 models selected by the stepwise variable addition method was cross-validated 
over a number of realizations (i.e., r=100). For each realization, data were split into a training 
(70%) and test (30%) set. The plots in the training set were used to predict the response 
variables (i.e., SPH, BA and TSV) in the test set through k-NN imputation. For this k-NN 
analysis, the number of nearest neighbor was set to 2, the distance metric was set to most 
similar neighbor and the nearest neighbor distance weighing was set to weighted mean. 

For each model (n=50) and realization (r=100), plot-level relative RMSE (i.e., RMSE%) and 
relative BIAS (BIAS%) were calculated using the following equations: 

RMSE% = 
�1
𝑁𝑁
∑ (𝑌𝑌�𝑖𝑖−𝑌𝑌𝑖𝑖)2𝑖𝑖
1
𝑁𝑁
∑ 𝑌𝑌𝑖𝑖𝑖𝑖

 

BIAS% = ∑ (𝑌𝑌�𝑖𝑖−𝑌𝑌𝑖𝑖)𝑖𝑖
∑ 𝑌𝑌𝑖𝑖𝑖𝑖

 

 

where, N is the total number of plots considered, Yi is the observed response for plot i and 𝑌𝑌�𝑖𝑖 
is the imputed response for the same plot. For each model (n=50), all RMSE% and BIAS% 
values (r=100) were averaged. The model which produced the lowest RMSE% values for all 
response variables combined (i.e., lowest average RMSE%) was selected as the best k-NN 
model and retained for further analysis. 

The best k-NN model was used to predict stand-level SPH, BA and TSV values at each of the 
20 operational units in Figure 1. For each operational unit, an imputation model was fitted 
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using all the reference plots except those located within the operational unit of interest. The 
calibrated model was then used to predict the average SPH, BA and TSV of the plots within 
the operational unit of interest. 

Finally, the best k-NN model was applied to the 30m resolution LiDAR raster-level metrics 
to generate surfaces of the three response variables across the entire study area.  

 

2.4 Probable Limit of Error 

Probable Limit of Error (PLE) is an accuracy metric operationally used for forestry 
assessment in New Zealand and Australia. For a given inventory attribute, this metric 
provides the range of values within which the “true” mean of the population is likely to be 
found based on estimated values at the plot locations. Using the plot inventory data, PLE was 
calculated for all the response variables following Goulding and Lawrence (1992): 

PLE = 
𝑡𝑡 × 𝑠𝑠𝑠𝑠𝑠𝑠
𝑀𝑀𝑠𝑠𝑀𝑀𝑀𝑀

 × 100            (1) 

where, t is Student’s t value, sem is the standard error of the mean estimated from the sample 
and Mean is the mean estimated from the sample. 

Equation (1) cannot be applied to k-NN surfaces because the target plots in the grid are not 
independent samples. PLE values were therefore calculated following the methods described 
in McRoberts et al. (2007).  

The analysis was conducted within four operational units (Figure 3): East Boyd (20,906 ha), 
Nadgee (20,717 ha), Nullica (18,486 ha) and Yambulla (46,416 ha). These operational units 
were selected because they contained the largest number of reference plots within the study 
area. 

 

Figure 3. Location of the plots and four operational units considered for the PLE analysis 
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3. Results and discussion 

After the removal of highly correlated variables, the total number of predictors decreased to 
25. On average, six variables (5.84±0.78) were selected over the 50 iterations of the stepwise 
variable addition analysis. The four most frequently selected predictors were cr_plot, avg, 
d04 and d_plots. Canopy roughness (cr_plots) was selected in each of the 50 iterations of the 
stepwise variable addition analysis. In the study presented in Chapter 3.1.2 about LiDAR-
based modelling of inventory attributes in E. globulus plantations, canopy roughness was also 
selected 50 times during the variable selection process. In both studies, canopy roughness 
showed significant (p<0.05) negative correlations with SPH (i.e., R=-0.61 in native forest and 
R=-0.53 in E. globulus plantations; data not shown), indicating its potential as point cloud 
metric for modelling stocking in eucalypt systems.  

The average RMSE% of all 50 models for SPH, BA and TSV was 48.31%, 36.51% and 
46.01%, respectively (Table 3). 

Table 3. Average (Ave), Standard deviation (Std), maximum (Max) and minimum (Min) 
RMSE% and BIAS% for Stocking (SPH, trees/ha), Basal Area (BA, m2/ha) and Total Stem 
Volume (TSV, m3/ha) based on all 50 models. For each of the 50 models, 100 realizations were 
performed. 

 

The best model (i.e., lowest average RMSE% for all response variables combined) was based 
on seven predictor variables (i.e., avg, std, ske, cr_plots, d_plots, d3 and kur) and provided 
average (r=100) RMSE% values of 48.62%, 34.37% and 43.02% and average BIAS% values 
of -0.81%, -0.18% and -0.98% for SPH, BA and TSV, respectively.  

As expected, stand-level accuracy of LiDAR-based models increased (i.e., lower RMSE%) 
for all the response variables considered (Figure 4). RMSE% decreased to 28.68%, 13.95% 
and 20.48% for SPH, BA and TSV, respectively. 

 

Figure 4. Scatterplots of average observed stocking (SPH, trees/ha), basal area (BA, m2/ha) and total 
stem volume (TSV, m3/ha) values of the 20 operational units on LiDAR model predictions. Dotted 
line represents 1:1 line. 
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Using LiDAR-based gridded estimates of SPH, BA and TSV (Figure 5), PLE analysis was 
conducted within four operational units (Figure 2). Average estimates of SPH, BA and TSV 
derived from the LiDAR-based k-NN models and plot inventory data (PID) were similar 
within the areas of interest (Figure 6). The 95% confidence intervals were smaller for k-NN-
based estimates than for PID-based estimates. Moreover, PLE values were lower for k-NN 
estimates than for PID estimates at all the operational units considered (Figure 7). This 
indicates that, although average estimates of SPH, BA and TSV based on k-NN models were 
not significantly different from the estimates based on plot data, k-NN estimates were 
characterized by smaller uncertainty. 

 

 
Figure 5. LiDAR-derived gridded estimates of stocking (SPH, trees/ha), basal area (BA, m2/ha) and 
total stem volume (TSV, m3/ha). Black outlines represent the boundaries of the four operational units 
considered for the PLE analysis. 
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Figure 6. Average stocking (SPH, trees/ha), basal area (BA, m2/ha) and total stem volume (TSV, 
m3/ha) values at East Boyd, Nadgee, Nullica and Yambulla calculated from Plot Inventory Data (PID) 
and LiDAR-based k-Nearest neighbor model (k-NN). Error bars represent 95% confidence interval. 
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Figure 7. PLE values for stocking (SPH, trees/ha), basal area (BA, m2/ha) and total stem volume 
(TSV, m3/ha) at East Boyd, Nadgee, Nullica and Yambulla calculated from Plot Inventory data (PID) 
and LiDAR-based k-Nearest neighbor model (k-NN) 
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4. Conclusions 

In this study we analyzed the potential of LiDAR-based models for estimating inventory 
attributes in native sclerophyll forests in NSW. Results indicate that LiDAR can provide 
spatial information for improving the accuracy of forest inventory assessment and optimizing 
forest resources mapping in native forests. 

Canopy roughness (i.e., cr_plots) was selected in 100% of the 50 models generated through 
stepwise variable addition analysis. The same results were obtained in E. globulus plantations 
(see Chapter 3.1.2). These findings indicate that canopy roughness (i.e., standard deviation of 
p99 within the plot radius) is an important metric for modelling forest inventory attributes in 
eucalypt-dominated systems. Canopy roughness could be defined as an hybrid metric as it 
combines a point cloud component (i.e., p99) with a 2-D spatial component (i.e., standard 
deviation within the plot or grid cell area). Our results suggest that hybrid metrics could add 
value to imputation analysis and should therefore be investigated further to identify a range of 
suitable predictors for forestry inventory purposes. 

Plot-level RMSE% values of LiDAR-based estimates of the three inventory attributes ranged 
from ~34% to ~48%. Those values were higher than the plot-level accuracy achieved in E. 
globulus plantations (see Chapter 3.1.2) using LiDAR-based models: 19.63%, 17.76% and 
19.58% for SPH, BA and TSV, respectively. Those results clearly show it is more 
challenging to model inventory attributes in a native forest system as compared to a 
plantation system. The main challenges are represented by the mixed-species nature of native 
forest systems combined with lack of spatially-explicit information about stand-age 
distribution. Additionally, the presence of understorey vegetation might represent a 
significant confounding factor. 

As expected, stand-level RMSE% values were lower than plot-level ones, ranging from 
~14% to ~29% (Figure 4). These results indicate that LiDAR-based estimates can provide an 
important source of forest information and be used for large area (e.g., management units) 
mapping of inventory attributes. 

The comparative analysis of PLE (Figure 6 and 7) showed that k-NN estimates were 
characterized by smaller uncertainty when compared to plot-based estimates. Although 
average values derived from the two methods were similar, error levels were lower for k-NN 
estimates. LiDAR-based models therefore provide more useful information for operational 
and management purposes as their estimates are closer to the “true” mean value. 
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Introduction 
One output of this Forest and Wood Products Australia research project (FWPA - PNC326-
1314: Deployment and integration of cost-effective, high spatial resolution, remotely sensed 
data for the Australian forestry industry) are Planning Guidelines (Photogrammetry for 
Forest Inventory).  The Planning Guidelines accompany this Final Report and are available 
from the FWPA website.1 
The Planning Guidelines are intended to assist forest managers to select platforms and 
sensors, to plan flights and photo acquisition, and to implement data processing workflows 
that will support the assessment and adoption of photogrammetric methods in forest 
inventory.  The Guidelines are complemented by a Costing Tool that is intended to assist 
forest managers to estimate the cost of different aircraft or UAS platforms, different camera 
specifications and different flight planning specifications, in order to make optimal decisions 
about platforms, sensors and flight plans. 
The Planning Guidelines contain a substantial amount of operational detail.  This following 
section of the Final Report provides an executive summary of the Planning Guidelines, a 
description of the Costing Tool, and some concluding remarks to guide business decisions 
regarding the adoption of aerial photography and dense point cloud photogrammetry and the 
selection of platforms and sensors. 

Background2 
As discussed earlier in this FWPA Report, the attraction of a photogrammetric approach to 
mapping forest canopies is that it may provide sufficiently reliable data with significant 
operational advantages, including lower deployment and data collection costs, simpler and 
more rapid deployment, a greater capacity for deployment of cameras on Unmanned Aircraft 
Systems, and a greater capacity for forest managers to capture and process data in-house 
(Gobakken et al. 2015; Jensen & Mathews 2016; White et al. 2013).   
These advantages arise because of the low cost of digital cameras compared with laser 
scanning technology, the possibility of deploying consumer grade cameras, and the capacity 
to acquire photography without requiring high accuracy on-board instrumentation to measure 
sensor location and orientation.  Additional advantages of aerial photography include a higher 
availability of aircraft capable of aerial photography and hence easier and more rapid 
deployment; more efficient data acquisition over steep and/or complex terrain because of the 
higher altitude and larger field of view relative to LiDAR (White et al. 2013), and the 
capacity to produce data that has ancillary benefits – for example the production of point 
clouds that contain colour or multispectral information and the production of derived map 
outputs such as high resolution orthophotography (Stone et al. 2016; Stone & Mohammed 
2017). 
While ALS is likely to remain a preferred technology for acquiring high quality digital terrain 
models (DTMs), particularly when the terrain is beneath dense forest canopies and when the 
terrain models are to be used to support a variety of forest management activities, emerging 
photogrammetric methods combined with modern point cloud classification algorithms and 
software may nevertheless be a viable alternative for terrain mapping when the ground 
surface is sufficiently visible from the air, and certainly such as before or shortly following 
establishment of a plantation (Stone et al. 2016).  

                                                 
1 Currently www.fwpa.com.au/resources/reports  
2 This section includes material extracted from Stone et al. (2016) 
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Photogrammetry 
The underlying principle of photogrammetry is that the 3D location of points appearing in 
two or more photographs can be computed from the measured image coordinates of those 
points in each of the photographs (e.g. Kraus 2007; Morgan et al. 2010; White et al. 2013).  
In most cases, photographs are acquired using an aircraft (manned or unmanned) along 
multiple flight lines, with the camera pointed vertically, and with successive and adjacent 
photographs overlapping by 60% (forward overlap) and 30% (side overlap) (Dandois & Ellis 
2010; Paine & Kiser 2012), and with the photo-scale or ground sampling distance (GSD) 
chosen to suit the particular application, typically with photo scales in the range 1:7,500 to 
1:20,000, or GSDs in the range 0.1 m to 0.4 m (e.g. Fensham & Fairfax 2002; Hall 2003; 
Barrett et al. 2016). 
Software enabling the automation of photogrammetric measurement has been available since 
the 1990s, with automatic image matching for Digital Elevation Model (DEM) extraction a 
core capability of software-based (digital) photogrammetry.  Automatic image matching 
relies on the software identifying and reliably measuring corresponding pixels or image 
patches in at least two photographs, traditionally the left and right photographs of a stereo 
pair.  This matching process is invariably subject to error due to incorrect or inaccurate 
matching, leading to erroneous 3D data. Incorrect or inaccurate matching is especially likely 
in cases where occlusions or variations in reflected light cause imagery to vary between 
photographs, or where the geometry of the terrain or a canopy surface varies substantially 
between photographs, such as may occur when there are abrupt vertical changes such as may 
be presented in open stands (Næsset 2002; Wijanarto & Osborn 2007; Honkavaara et al. 
2012; Paine & Kiser 2012).  The quality of DEMs produced from photogrammetry can be 
improved with 3D data filtering (Wijanarto & Osborn 2007) but preferably the 
photogrammetric algorithms and workflows will minimise poor data as part of the 
photogrammetric processing.  
Recent advances in photogrammetric processing of multiple overlapping images have greatly 
improved the quality and reliability of 3D data extracted from photography (e.g. Leberl et al. 
2010; Stal et al. 2013; White et al. 2013; Remondino et al. 2014).  Photogrammetric 
algorithms and processes now enable highly automated production of 3D point cloud data 
from large sets of overlapping digital photographs (Dandois & Ellis 2013; Lisein et al. 2013; 
Gatziolis et al. 2015).  The most commonly applied of these is Structure from Motion – 
Multi-View Stereo (SfM-MVS).  SfM-MVS photogrammetric methods are being applied to a 
wide range of mapping tasks, using a variety of algorithms, data collection methods 
(including UAS, manned aircraft, and ground-based photography) and flight configurations 
(Dandois et al. 2015).  See, for example, Stone et al. (2016) for an introduction to SfM-MVS 
methods. 
Compared with traditional digital photogrammetry algorithms, the more recently developed 
SfM-MVS algorithms and software have a much increased capacity to process blocks of 
photography that have (e.g. Harwin et al. 2015; Stone et al. 2016): 

• very high forward and/or side overlap 
• convergent photography or a combination of vertical and convergent photography 
• a greater range of photo scales within a single block of photography and 

photogrammetric solution 
• photography acquired with uncalibrated cameras. 
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These benefits facilitate the use of different platforms (manned aircraft, unmanned single or 
multirotor UAS, fixed wing UAS) and improve the quality of derived 3-dimensional data 
because of greater photo redundancy and reduced opportunity for occlusions and false 
matches (Stone et al. 2016; White et al. 2013; Micheletti et al. 2015; Remondino et al. 2014; 
Snavely et al. 2010; Leberl et al. 2010; Turner et al. 2012; Westoby et al. 2012; Micheletti et 
al. 2015).  Further, because of the rapid consumerisation of photogrammetry, the modern 
software packages are increasingly optimised for small format, uncalibrated, consumer-grade 
cameras rather than designed primarily for larger format, metric (calibrated and stable) 
mapping cameras. 
An important difference between aerial photography and ALS is the role of high accuracy on-
board IMU (inertial measurement units) and/or GNSS (Global Navigation Satellite System) 
instrumentation.  In the case of ALS, these instruments are critical because the location and 
orientation of the laser scanner during the whole of the data capture period must be known in 
order to convert LiDAR pulse measurements into geolocated points.  In contrast, in the case 
of aerial photography the geometry of the solution (the discrete camera exposure station 
locations and orientations) can be computed after the flight using ground control points 
(natural or artificial targets appearing in the photography), in which case on-board 
GNSS/IMU is not required.  This creates the opportunity to fly aircraft with only a camera 
and no other high cost instrumentation on board.  It does, however, lead to questions such as 
how much ground control is required in order to compute a reliable photogrammetric 
solution, and what are the implications of acquiring additional ground control for the total 
cost of the mapping project (Stone et al. 2016)?  
In broad terms Figure 1 below shows the planning process for acquisition of aerial 
photography to provide for spatially accurate 3D point clouds from SfM-MVS 
photogrammetry are illustrated. 

 
Figure 1. The planning process for acquisition of aerial photography to provide for spatially 
accurate 3D point clouds from SfM-MVS photogrammetry. 
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Airborne photogrammetry – Cameras 
Cameras 
Camera specifications have a substantial influence on flight planning and on the quality of 
photographs that can be acquired from an airborne platform – in turn influencing the 
photogrammetric solution.   
Manned aircraft do not impose restrictions on the physical size and weight of the camera, 
however the physical size and weight of a camera are critical criteria for UAS photography 
because of their contribution to total payload, duration, practical flying height and range.  
Many UAS are manufactured with a single camera type (make and model) installed and no 
capacity to select or to change the camera; others may offer a limited choice of cameras.  
Alternatively, some UAS, particularly multi-rotor platforms, allow the flexibility to purchase 
and fit a camera of choice.   
Key consideration when selecting a camera are: 

• Sensor dimensions (physical dimensions) 
The physical dimensions of the imaging array in a frame camera has a critical influence on 
flight planning. This is because achievable horizontal accuracy, vertical accuracy and image 
information content are largely determined by image scale or, for a given pixel resolution on 
the image sensor, by ground sampling distance (GSD). The requirements for horizontal or 
vertical accuracy or the requirements for image interpretation will therefore often impose a 
bound on the (smallest) acceptable photo-scale.  Ground coverage then becomes dependent 
on the size of the image sensor: the larger the sensor then the larger the area captured in a 
single photography at a given photo scale or GSD.  This then influences the number of 
photos along a flight line (for a given forward overlap) and, more significantly, the distance 
between flight lines (for a given side overlap).  A large image sensor therefore reduces the 
total number of flight lines and therefore flying time, as well as reducing the total number of 
photographs processed in the photogrammetric solution.  In turn, this can also lead to a 
reduction in the amount of ground control required. 

• Image size (pixel dimensions) 
Modern digital cameras capture very high resolution images with the size of image (the pixel 
dimensions or the total number of pixels, measured in MegaPixels) often used as an indicator 
of quality.  However, increasing the number of pixels (the pixel dimensions) for a sensor 
without increasing the physical dimensions of the sensor, and without consideration of the 
lens does not necessarily lead to better quality images. In modern digital cameras, the size of 
an individual pixel may be anything from less than 2 x 2 microns to about 10 x 10 microns.  
Pixels are arranged on an orthogonal grid with the spacing between pixels and the area over 
which each pixel accumulates photons governed by the number of pixels (pixel dimensions of 
the sensor), the physical dimensions of the sensor and the sensor design.  Cameras with a 
physically large sensor (e.g. a full-frame 36 x 24 mm sensor) use proportionally larger lenses, 
which generally allows more light to be captured by each pixel for a given ground sampling 
distance, aperture and shutter speed3 thus improving the performance of the lens/sensor 
combination. 
  

                                                 
3 See e.g. ClarkVision for a useful introduction. 
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• Shutter types: global and rolling shutters 
Small format cameras employ either a global shutter4 or a rolling shutter.  A global shutter 
exposes the whole of the image array to light for a period of time determined by the shutter 
speed.  A rolling shutter sequentially exposes each row of pixels on the sensor, with each row 
exposed to light for a period of time determined by the shutter speed.  In the case of a rolling 
shutter, the total length of time between the first and last rows of a sensor being exposed can 
by up to approximately 1/30th second.  This can impact on the accuracy of a photogrammetric 
solution, since the UAS platform can travel a significant distance over that period.  This 
means there isn’t a unique location for the camera exposure station, and it introduces 
distortions into the image that reduce the reliability of photogrammetric image matching 
between multiple images5.  

• Lens selection 
The photogrammetric solution requires reliable camera calibration data.  This data includes a 
calibrated focal length, coordinates for the photogrammetric principal point and values for the 
parameters of the radial (symmetric) and often also the asymmetric lens distortion functions.  
These data may be from a prior camera calibration or can be computed as part of the 
photogrammetric bundle adjustment on a block by block (project by project) basis (Kraus 
2007). 
A reliable camera calibration is one that can be assumed to remain stable, or very close to 
stable, over time.  If a prior camera calibration is being used in the photogrammetry, then the 
camera-lens combination may have to be assumed stable for an extended period – over many 
projects.  If the camera is calibrated on a project-by-project basis as part of the 
photogrammetric solution, then the only assumption is that the camera remains stable for the 
period of the project (often therefore, for only a single flight). 
In all cases, prime lenses (i.e., lenses that have a fixed nominal focal length and do not have 
zoom capability) are preferred because of their much greater geometric stability.  Prime 
lenses, because of their simpler design are also faster (larger maximum aperture) and achieve 
better image quality (greater sharpness and less chromatic aberration, vignetting, ghosting 
and flare).  A high quality prime lens will significantly improve image quality and will 
significantly reduce the risk of camera calibration parameters varying over time – either 
during a flight or between projects.  Stable lens geometry is more important than very low 
lens distortions, however low absolute values for lens distortions are preferred. 
The optimal focal length depends on the camera’s image format (sensor size) and the 
requirements of the application.  In the case of a full-frame (approx. 36 mm x 24 mm sensor), 
typical choices for focal length will be e.g. approximately 35 mm, 25 mm or 15 mm.  Short 
focal length lenses will provide greater coverage for a given flying height and an image 
geometry that has the potential to produce better vertical accuracy.  However, short focal 
lengths result in highly oblique viewing angles that will increase the risk of canopy structure 
being occluded in photographs, and result in substantially different view angles for canopy or 
terrain points appearing in multiple photographs and consequently reduce the likelihood of 
successful multi-image matching.  Longer focal length lenses produce images that are 
geometrically closer to an orthogonal view of the canopy and terrain, thereby reducing the 
likelihood of occluded features, increasing the likelihood of terrain (bare ground) being 
                                                 
4 Rolling shutters are commonly used in cameras that have CMOS rather than CCD imaging arrays. A rolling 
shutter can facilitate higher frame rates (number of photographs captured per second) in cameras that use a 
CMOS sensor.  For further reading, see e.g. Wiki: Rolling Shutter, Medium, DIYphotography. 
5 See for example the explanation provided by Pix4D. 
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imaged in multiple photos (and so increasing the probability of extracting some terrain height 
data from the photogrammetry), and result in more similar view angles to features in the 
scene (from photography with the same percentage overlap) and so are likely to result in 
more successful image matching. 

• Aperture 
It can be important to maintain high shutter speeds when acquiring aerial photography, 
principally to reduce the risk of image blur caused by the forward motion of the platform but 
also to minimise the risk of image blur caused by rapid changes in the orientation of the 
platform during the period when the camera’s shutter is open.  Shutter speeds can be 
minimised by either setting a high ISO (discussed later) or opening the aperture in order to 
maximise the amount of light passing through the lens. 
However, lenses to not normally operate optimally when their aperture is at its widest setting 
(lowest f-number) but have a sweet spot typically in the range f/4 to f/8 where sharpest focus 
will be achieved.  Additionally, the geometric behaviour of a lens (including the magnitude of 
geometric lens distortions) is likely to be better at aperture settings that are not at either 
extreme of the available f-stop range (since for very small apertures the diaphragm can begin 
to act as an additional lens element while at very wide apertures the light passing close to the 
edges of lens elements increases aberrations). 
For aerial photography using small format cameras, optimal image quality – while balancing 
the related demands on shutter speed and ISO setting – is normally obtained using an aperture 
of approximately f/4 to f/5.6. 

• ISO setting 
The ISO6 setting determines the camera’s sensitivity to light.  In a digital camera, ISO 
controls the amplification of signal accumulated as charge at each image pixel.  High ISO 
settings will reduce exposure times but will result in significantly higher amount of noise in 
the image.  Within the constraints of aperture settings, and while ensuring that the exposure 
time is sufficiently short to keep image blur at acceptable levels, it is desirable to set ISO as 
low as possible in order to minimise image noise.  The maximum acceptable ISO will vary 
between cameras because it is a function of the light gathering efficiency of each pixel.  This 
in turn is a function of the physical size of the pixel, the presence (and efficiency) of pixel 
micro lenses, and the method used to capture colour. Physically larger sensor arrays will 
generally gather light at each pixel location more efficiently and therefore have improved 
signal to noise ratios, and so will allow the use of higher ISO settings.  As a guide, use an 
ISO setting below 200 (preferably) and always below 600 in order to ensure acceptably low 
levels of image noise. 

• Shutter speed 
A high shutter speed minimises image blur.  Exposure time (and so shutter speed) is 
determined by scene brightness, ISO setting and aperture setting.  With aperture constrained 
to a range of e.g. f/4 to f/8 and ISO limited to a value below 200 (preferably) and always 
below 600, normal practice is to select a shutter speed that will ensure that movement of the 
image across the focal plane of the camera during the period of exposure (due to forward 
motion of the platform) is limited to below 0.5 pixels.  This will generally result in shutter 
speeds of less than 1/500th second.  Fast shutter speeds also minimise image blur due to 
instability of the platform at the time of exposure. 

                                                 
6 International Organisation for Standardization (https://www.iso.org/home.html)  
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• Cycle time 
Structure from Motion photogrammetry generally benefits from very high overlap 
photography. Flight planning for SfM-MVS photogrammetry can include forward overlap of 
up to 90%.  Very high forward overlap means very short time intervals between successive 
photographs along a strip.   
The fastest cycle time that can be maintained for extended periods (rather than just a ‘burst 
rate’ for a small number of photographs stored in a memory buffer in continuous shooting 
mode) will depend on a number of factors, including the format in which the photographs are 
being saved, the amount of image compression, the media on which the photographs are 
being stored (card speed), and whether additional post-processing has been selected (such as 
high-ISO noise reduction).  
 

Airborne photogrammetry – Platforms 
Unmanned Aerial Systems (UAS) 
The term Unmanned Aerial System (UAS) is commonly used to describe an unmanned aerial 
vehicle (UAV) together with its control and communication units.  UAS may be either fixed 
wing or rotary, with fixed wing platforms typically having greater speed and longer range but 
reduced manoeuvrability.  An increasingly variety of small and low cost UAS are now 
available that can acquire imagery suitable for SfM-MVS photogrammetry, enabling 3D 
point cloud reconstruction (Stone et al. 2016; Kelcey & Lucieer 2012; Turner et al. 2012; 
Wallace et al. 2012; Lisein et al. 2013; Wallace et al. 2014a, 2014b; Zarco-Tejada et al. 
2014; Dandois et al. 2015; Díaz-Varela et al. 2015; Gatziolis et al. 2015; Wallace et al. 
2016).  
In Australia, the operation of UAS is regulated by the Australian Civil Aviation Safety 
Authority (CASA).  CASA uses the term Remotely Piloted Aircraft Systems (RPAS) for the 
system, Remotely Piloted Aircraft (RPA) for the aircraft, and remote pilot for the controller.  
CASA requirements are designed to ensure safety during UAS operations and include 
standards for UAS controller and remote pilot certification together with regulated operating 
standards.  CASA regulations currently (June 2017) allow commercial operators to fly very 
small RPAs (sub 2 kg), and landowners to fly small RPAs (2 – 25 kg), without a Remote 
Operator Certificate or Remote Operator Pilot License, provided that notification is provided 
to CASA at least 5 days prior to a flight.  A significant barrier to deployment of UAS for 
forest inventory is maintaining a visual line of sight to the airborne platform (Stone et al. 
2016). This Guide does not provide further advice regarding UAS regulation.  In Australia 
refer to CASA7.   

• Multi-rotor UAS 
Multi-rotor UAS currently lead the market in term of sales, for both recreational and civilian 
commercial applications, and are expected to remain the largest sector of the UAS market8. 
Multi-rotor UAS: 

− are the simplest to fly 
− are the least expensive9 

                                                 
7 CASA website: https://www.casa.gov.au/aircraft/landing-page/flying-drones-australia  
8 E.g.: Vision Gain Canadian-Small-UAV-Agriculture-Agri-Business-Applications (April 2017) 
9 Noting that lower cost “build your own” fixed-wing UAS can be assembled, but the Planning Guidelines focus 
on turnkey systems. 
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− can be launched and returned in confined spaces 
− allow precise control of platform positioning (horizontally and vertically) and are a 

simpler configuration to stabilize and control (compared with single-rotor UAS)  
− allow low flying speed, which results in less image blur for a given shutter speed, in 

turn allowing greater flexibility in selection of ISO/ASA and lens aperture (including 
the capability to pause/hover at photo exposure stations in order to minimise risk of 
image blur) 

− allow low flying height and therefore smaller ground sampling distance (GSD – 
image spatial resolution) for a given camera focal length 

− provide high payload capacity and payload flexibility compared with small fixed-
wing UAS, and so facilitate different sensors to be flown: different camera models 
and formats, different lenses; video and still digital camera options; NIR or multi-
spectral imaging. 

 
The primary disadvantages of multi-rotor UAS are: 

− their low endurance (flight times) and low ground speed and therefore limited areal 
coverage per flight. This is a consequence of the relative inefficiency of a multi-rotor 
design in comparison with single-rotor vertical take-off and landing UAS.  Current 
technology results in flying times in the order of 30 minutes (maximum), with 
airspeeds in the order of 15 ms-1 (approx. 50 kmhr-1) in still air 

− the potential requirement to use shorter focal length lenses in order to achieve 
sufficient ground coverage at a given flying height, combined with the fact that 
variation in terrain or tree height as a percentage of flying height will be large, leading 
to (e.g. Stone et al. 2016; Whitehead & Hugenholtz 2014): 

o more difficult automatic image matching because the view-angle to any terrain 
or canopy point will be very different for each photo that captures that point, 
and 

o an increased likelihood of dead-ground.10 
 

 
Figure 2. A current model multi-rotor UAS with integrated digital camera 
(DJI Phantom 4 Pro11) 
  

                                                 
10 “Dead ground” refers to terrain or surface features that are obscured (occluded) from the view of the camera 
because tall features closer to the camera are ‘distorted’ radially outwards from the principal point (centre) of 
the image as the height of those tall features increases. 
11 Image source: http://www.dji.com/phantom-4-pro (April 2017) 
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• Fixed wing UAS 
Fixed-wing UAS are already being used extensively for aerial photo acquisition in forestry, 
including for photogrammetric mapping for both orthophoto production and dense point 
cloud generation.  Some fixed-wing UAS are capable of remaining in flight for many hours, 
however fixed-wing UAS likely to be purchased and deployed for forest inventory work and 
required to operate within line of sight are likely to be small, powered by electric motors and 
to have more limited flight duration. 
The advantages of fixed-wing UAS are: 

− longer flight duration 
− higher ground speed than single and multi-rotor UAS of comparable payload capacity 

and so greater coverage in a given flight time 
− higher flying heights than multi-rotor UAS (and so capability for increased ground 

coverage from higher flying height rather from shorter focal length camera lens, in 
turn reducing relief distortion and dead ground for a given photoscale). 

 
The disadvantages of fixed wing UAS are: 

− substantially more open space required for take-off and (particularly) landing: launch 
and return requires a site clear of significant obstructions, with a substantial distance 
assured for a secure take-off and return approach path 

− a greater risk of errors on take-off and landing, with consequential damage to the 
platform or sensor 

− the higher flying speed, compared with a single or multi-rotor UAS results in image 
blur unless the photography employs high shutter speeds; higher shutter speeds in turn 
limit flexibility in terms of either or both ISO/ASA and lens aperture – leading to 
poorer quality images 

− commonly a need to fly at higher elevations (particularly if capturing over larger areas 
than a multi-rotor and where there is greater variation in terrain height), resulting in 
lower spatial resolution (GSD) and also lower quality imagery if the fixed-wing UAS 
is fitted with a smaller, lower cost camera that can be flown in a light aircraft (Turner 
et al. 2012; Zarco-Tejada et al. 2014; Stone et al. 2016) 

− usually, a higher purchase price, particularly for a turnkey UAS. 
 

 
Figure 3. A current model fixed-wing UAS with integrated digital camera (SenseFly eBee 
Mapping UAV12 ) 
An emerging fixed-wing technology with future potential are hybrid fixed-wing UAS, which 
are fixed wing drones with vertical take-off and landing capability provided by an integrated 
multirotor system. These will remove the need for large take-off and landing areas and 
significantly benefit the application of fixed-wing UAS in forestry applications. 

                                                 
12  SenseFly: https://www.sensefly.com/home.html 
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Manned aircraft 
Manned aircraft have been the mainstay of airborne photogrammetry for much of the past 
century, and have been used very extensively in forestry, both for air photo interpretation 
(API) and for topographic mapping to support forest operations.  There are currently two 
primary options available to forest managers planning aerial photography and 
photogrammetric mapping from manned aircraft:  

• using a light aircraft fitted with a single camera port and a small format digital 
camera, or 

• using a light aircraft fitted with high accuracy location instruments, one or more ports, 
and capable of employing larger (mid- or large-format) digital cameras 

• Light aircraft fitted with a single port and small format digital camera. 
 
Many forest managers have experience acquiring photography using a small format camera 
(film or digital) mounted into a port on a light aircraft.  Developments in photogrammetric 
software, particularly the new structure from motion (SfM-MVS) methods, have made it 
increasingly practical to acquire blocks of aerial photography using a small format digital 
camera mounted in a light aircraft. 
A light aircraft fitted with a single port and a small format digital camera offers the following 
advantages compared with an unmanned aerial system (UAS): 

− flight planning is not limited by aviation authority requirements for line-of-sight 
navigation or restrictions on maximum flying height 

− flight planning is not limited by short flight duration times 
− flight planning can employ higher flying heights and longer focal length lenses to 

achieve equivalent GSD combined with larger sensor formats, potentially resulting in 
fewer flight lines and a lower total number of photographs – in turn reducing the need 
for ground control points (GCPs) 

− travel time to forest location (or locations) is by air rather than by road, with 
significant potential savings in labour costs 

− aircraft deployment can be timed to optimise for weather and environmental 
conditions (avoiding cloud, preferred sun angle, low wind, etc.). 

 
Disadvantages of a light aircraft fitted with a single port and a small format digital camera, 
when compared with an unmanned aerial system (UAS) are: 

− the risk of not being able to access a suitable aircraft at a time that optimises the 
photography (time of year, time of day, weather conditions – cloud and wind) 

− the need for an experienced and capable pilot, able to navigate the aircraft on design 
flight lines and maintain heading and level pitch and roll 

− Commercial mapping providers and mid- or large-format digital cameras. 
 
Specialist providers of aerial photography (and airborne laser scanning) operate nationally, 
with most operating a number of aircraft, each with sophisticated on-board camera, LiDAR 
and positioning instruments, and likely also to be capable of capturing infra-red or multi-
spectral imagery. 
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The advantages of outsourcing aerial photography to a specialist provider of mid- or large-
format photography include: 

• specialist providers can be contracted to acquire and deliver photography, or to 
acquire and photogrammetrically process photography and deliver photogrammetric 
products (georeferenced point clouds, classified point clouds, orthophotos, etc.) 

• specialist providers can be contracted to acquire additional data such as ALS, infra-
red photography, multi-spectral imagery 

• the aircraft will be equipped high accuracy on-board GNSS/IMU and so the need for 
ground control is minimised or eliminated 

• the need for in-house expertise in flight planning is greatly reduced 
• the need for in-house expertise in photogrammetry is greatly reduced or eliminated 
• risks associated with malfunctioning cameras or other on-board instruments are 

outsourced. 
 
The disadvantages of outsourcing aerial photography to a specialist provider of mid- or large 
format photography include: 

• reduced capacity to acquire aerial photography at short notice and at times that 
optimise environmental conditions (weather conditions – wind and cloud cover, sun 
angle) 

• unlikely to be able to provide very high resolution imagery (sub 5 cm GSD) 
• higher deployment costs, higher standby costs, potentially higher data processing 

costs that are likely to increase cost per hectare for aerial photography and processed 
data when the forest stand areas become small or are widely dispersed. 

 

Flight Planning 
The Planning Guidelines provide detailed information to assist with project-based flight 
planning.  The content is limited to UAS and manned aircraft carrying small format cameras.  
Forestry organisations contracting work to specialist airborne remote sensing providers will 
work with the expertise provided by those companies, although the content of the Planning 
Guidelines is expected to help with that process. 
The Planning Guidelines addresses technical aspects of flight planning, including flying 
height, camera focal length, ground sampling distance (spatial resolution), camera exposure 
settings, forward and side overlap, the use of cross-strips, ground control, on-board 
measurement of platform location and/or orientation, and preferred environmental conditions.  
In the Guidelines, these are addressed separately for each of the three platform choices: 
multi-rotor UAS, fixed-wing UAS, and manned aircraft so that operational examples and 
technical details can be tailored for each of the platforms.  The material below summarises 
the key content of these components of the Guidelines. 

Flight planning parameters 
The Guidelines provide, for each of the three platform options – multi-rotor UAS, fixed-wing 
UAS, and manned aircraft – a detailed introduction to the planning criteria together with 
operational instructions to support planning for each of the parameters addressed below. 

• Flying height 
In the case of manned aircraft, flying height will largely be determined by the preferred 
ground sampling distance (GSD) which in turn will be decided on the basis of required image 
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resolution for photo interpretation and required spatial accuracy. In the case of UAS, the 
flying height is more likely to be constrained by line of sight considerations, CASA 
regulations, and by the platform’s endurance and, for forest aerial photography using fixed-
wing UAS there may be sound reasons to apply for exemption from the CASA flying height 
restrictions. Detailed guidance for both manned-aircraft and UAS photography are provided 
in the Planning Guidelines. 

• Camera focal length 
Recommended focal lengths are provided for various small and mid-format digital camera 
formats, that provide a good balance between the competing advantages and disadvantages of 
short and long focal length lenses. 

• Ground sampling distance 
Formula are provided for calculating ground sampling distance, and representative GSDs are 
tabulated for typical combinations of flying height and focal length.  The choice of GSD for 
optimal forest interpretation will depend upon case-by-case requirements.  The choice of 
GSD in order to optimise image matching and point cloud generation is difficult to predict.  
The results from case studies undertaken for this FWPA research project (PNC326-1314) 
suggest that there are two cases to consider:  (i) If the purpose of the photogrammetry is to 
collect very high resolution point clouds, with potential to integrate with below-canopy 
measurement of tree structure acquired with, for example, a mobile or survey-grade terrestrial 
laser scanner, then a GSD of  under about 50 mm is likely to provide suitable imagery for this 
very high resolution photogrammetric processing.  In terms of the reliability of the resultant 
point cloud, the limiting factors are likely to be other aspects of the photography such as 
illumination, lack of image blur, etc.  Or (ii), if the purpose of the photogrammetry is to 
collect point clouds of sufficient density and reliability to support extraction of area based 
metrics for inventory estimation, then a GSD of up to approximately 0.15 metres is likely to 
be acceptable. 

 
Figure 4. Aerial photography acquired from a multi-rotor UAS, small-format camera, and 
GSD of 8 cm. 
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• Camera settings 
The Planning Guidelines provide detailed guidance regarding camera aperture, shutter speed, 
and ISO settings.  These play a critical role, with the derived AP point cloud dependent on 
high quality photography.  This requires that an optimum balance be found between aperture 
(photography acquired with very small or very large lens apertures will usually be sub-
optimal), shutter speed (particularly in order to minimise image blur caused by the motion of 
the aircraft of UAV platform), and ISO setting (to ensure that the setting is sufficiently low to 
keep image noise at acceptable levels). 

• Forward and side overlap 
Structure from Motion (SfM-MVS) photogrammetric methods benefit from very high overlap 
photography.  There are three reasons: firstly, high overlap reduces the differences (parallax 
and view angle) between images in successive or adjacent photographs, which in turn 
improves the likelihood of the image matching algorithm reliably finding and matching 
conjugate terrain features; secondly, high overlap greatly increases the number of photos in 
which each unique terrain feature will be imaged, in turn improving the likelihood that 
incorrect matches will be detected and removed from the match; and thirdly, the accuracy of 
3-dimensional location computed for each matched terrain feature will improve as the 
number of photos in which it is imaged increases from a minimum of 2 up to e.g. 10 or more. 
The minimum practical forward overlap required in order to complete a bundle adjustment 
of a block of (approximately vertical) aerial photography is 60%.  For dense point cloud 
photogrammetry using SfM-MVS methods, the recommended minimum forward overlap is 
75 – 80%, noting that there is normally little additional cost and likely benefits to be gained 
from acquiring very high forward overlap.   
In traditional aerial photogrammetry, the minimum practical side overlap required in order to 
complete a bundle adjustment of a block of (approximately vertical) aerial photography is 
30%.  For dense point cloud photogrammetry flown with UAS and using SfM-MVS methods, 
the practical minimum side overlap is 60% (which ensures a region of triple side overlap 
between three adjacent runs) but 75 – 80% is recommended in order to optimise results. 
Acquiring high side overlap between adjacent strips adds little additional cost in the case of 
UAS platforms, but may add substantially to the cost of manned aerial photography which 
may make 60% a practical maximum value in the case of manned aircraft. 
 

 
Figure 5. UAS flight plan diagram showing e.g. 80% forward overlap and 60% side overlap; 
flights extend beyond the region to be mapped. 
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• Cross strips 
High forward and side overlap improves the geometric strength of a block of aerial 
photographs.  Side overlap is usually less that forward overlap – particularly in the case of 
photography acquired in a manned aircraft because of the need to manage costs but also in 
the case of UAS photography – and so the geometric strength across a block (perpendicular 
to the strips) is usually less than the strength along the block (in the direction of the strips).  
Cross-strips, flown across either end of the block and also potentially across the centre of the 
block, will improve the geometric strength of the block and reduce the possibility of 
geometric deformations. 
 

Exterior orientation (camera location and orientation) 
Photogrammetry requires that the position and orientation of every camera exposure station is 
accurately known.  These data are referred to as the exterior orientation data. There are three 
approaches to acquiring these data: 

i. high accuracy positioning instruments mounted on the platform: in the case of aerial 
photography only locational information (exposure station location coordinates) are 
critical13 

ii. ground control points (GCPs with known East, North, Height locations) distributed 
across the block of photography 

iii. or some combination of the both on-board location measurement and ground control 
points. 

In the photogrammetric solution these measurements – the (E, N, H) coordinates of ground 
control together with (x, y) image coordinates for each GCP measured in multiple images, 
and/or data from high accuracy on-board positioning instruments – are used as observations 
in the bundle adjustment.   

On-board positioning instruments 
In the case of manned-aircraft, commercial providers – particularly those who have aircraft 
equipped for airborne laser scanning – use sophisticated high accuracy on-board GNSS and 
IMU, with the position and orientation data collected by these sensors integrated into their 
LiDAR processing workflow.  High accuracy GNSS location data is therefore also available 
for aerial photography acquired using these aircraft. This allows the photogrammetry to be 
completed without additional ground control although, as noted earlier, the inclusion of at 
least four GCPs provides valuable checks for gross errors (such as datum errors) and some 
indication of the magnitude of any systematic or random errors. 
In the case of a small- or mid-format camera mounted in an otherwise unmodified light 
aircraft, the complexity of employing GNSS capable of providing (post-processed) decimetre 
or sub-decimetre accuracy is greater than for UAS because the distance between the 
perspective centre of the camera and the GNSS antenna will be substantially greater. This 
means that currently a strong distribution of ground control points is likely to be required.14 
On-board high-accuracy GNSS and IMU instrumentation provides a substantial technological 
advantage to commercial airborne remote sensing operators.  The costing tool developed as 

                                                 
13 Unlike airborne laser scanning, it is not necessary to have on-board instrumentation to acquire platform/sensor 
orientation data. 
14 See Benassi et al. (2017) for a current summary. 
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part of this FWPA research project includes the cost of establishing ground control, and 
allows users to isolate the cost of establishing ground control within the project, as a total 
cost and as a per-hectare cost. 
An increasing number of multi-rotor UAS are equipped with a high accuracy GNSS receiver 
that allows platform location to be computed using a post processed kinematic (PPK) GNSS 
solution and, with time synchronisation, the location of the platform at the time of each 
camera exposure to be known.15  In turn, the location of the perspective centre of the camera 
at the time of each camera exposure can be derived as part of the photogrammetric solution, 
usually for UAS with the relationship between the camera’s perspective centre and the GNSS 
antenna (the lever arm offset) known from a prior calibration and then IMU data from the 
flight used to adjust that vector to account for the orientation of the platform at the time of 
image exposure.16 
UAS manufacturers claim that object space (mapping) accuracy of better than 25 mm 
(horizontal and vertical) can be achieved from UAS using PPK GNSS in-flight measurement 
data17 although a more conservative approach may be warranted for current technology with 
vertical RMSE on check points of up 10 cm reported in recent trials (e.g. Benassi et al. 2017).  
High accuracy measurements of platform location also contribute to the reliability of the 
photogrammetric solution: accurate initial exterior orientation parameters in the 
photogrammetric bundle adjustment increase the speed of the solution, add strength to the 
reliability of the solution, and may improve the quality of image matching and derived 3D 
point cloud data in highly complex environments such as forests. 
Manufacturers commonly suggest that high accuracy GNSS eliminates the requirement for 
ground control.  In the case of canopy mapping for forest inventory, when tree heights are 
likely to be derived using canopy height data and terrain height data acquired from different 
campaigns and likely using different technologies and processing workflows, it is sensible to 
include at least four ground control points in order to ensure there are no gross or systematic 
errors in the data sets caused by e.g. the use of a different vertical datum, and also to derive 
some measure of the magnitude of random errors. 
Integration of high accuracy GNSS into a UAS increases the cost of the system but leads to 
substantial savings because the need for ground control can be very greatly reduced or 
eliminated.  The decision to invest in a lower-cost UAS and to then use ground control or to 
invest in a higher cost UAS in order to minimise or eliminate ground control is largely a 
commercial one.  The costing developed for this research project can assist with that decision.  

Ground Control Points (GCPs) 
If the manned aircraft or UAS is not equipped with a high accuracy GNSS receiver, then the 
photogrammetric solution requires ground control to be distributed across the block of 
photography.  Only a small number of ground control points (GCPs) are necessary in order to 
mathematically solve the photogrammetric bundle adjustment; however additional GCPs are 
required in order to ensure that the triangulated block is free from significant geometric 
distortions.  
GCPs are artificial targets or natural features on the terrain that have known (measured) 
reference coordinates (E, N, H) and that appear in multiple photographs as well-defined and 
unambiguous image points.  In UAS photogrammetry, where the area being photographed is 
                                                 
15 For current commercial examples, see e.g. Trimble, Leica.  Integration of GNSS into a multi-rotor UAS is 
described by e.g. Fazeli et al. (2016) 
16 See e.g. Benassi et al. (2017) 
17 E.g. Leica TopoDrone 4Scight specifications (CR Kennedy, Australia) or EOS Systems. 
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relatively small (compared with photography from a manned aircraft) and where the ground 
sampling distance (spatial resolution) is high and the spatial accuracy specifications are often 
high, it is usually the case that photogrammetric targets are placed across the region to be 
mapped prior to capturing photography.  An alternative approach is to fly the photography 
and then measure (E, N, H) coordinates of natural features distributed across the block and 
with each appearing in multiple photos.  This latter approach has the advantage that the 
(sometimes time consuming) task of finding and geolocating ground control can follow after 
photography, and that features used are visible in the photography and well-positioned in 
terms of their location in the block and in terms of the number of photos in which they 
appear.  The disadvantages are an increased risk that natural features identified in the 
photography are difficult to find reliably in the field, and that they are not an ideal size, shape 
and colour for accurate measurement across multiple images. Natural features commonly 
used for ground control include fence posts (particularly at the intersection of fence lines), 
concrete structures such as drains and culverts, bridge infrastructure, or natural features such 
as exposed rocks, the stumps of felled trees, etc. 
The coordinates of GCPs are usually measured using high accuracy differential GNSS.  This 
means that a local base station or a CORS network is required, and that the GCPs need to be 
in locations that ensure adequate sky view and where signal disturbance due to e.g. multipath 
interference is avoided. 
If the site has been flown with airborne laser scanning, then the ALS point cloud can provide 
useful data for establishing GCPs.  Generally, the horizontal accuracy of ALS data will not be 
sufficient to be useful for UAS photogrammetry, but the vertical height data from ALS on 
areas of open flat terrain may be useful. 

• GCP distribution: amount and location of GCPs 
Readers with experience of topographic mapping using large format (film) mapping cameras 
will be familiar with proven and widely used guidelines for establishing ground control for 
that kind of photography and mapping (e.g. Kraus 2007 pp259-269; Powell 2017).  Usually, 
those guidelines were used for aerial photography acquired with 60% forward overlap and 
30% side overlap, although guidelines were also available for photography acquired with e.g. 
60% forward overlap and higher, 60%, side overlap. 
The Planning Guidelines include recommendations regarding the distribution of ground 
control points (GCPs) for blocks of aerial photography.  The recommendations draw on 
guidelines used with traditional large format aerial photography, published studies of UAS 
photogrammetry, and the experience and current practice of researchers and commercial 
providers.  They are intended to ensure there is sufficient ground control distributed around 
and within each block to ensure there isn’t a substantial reduction in the average accuracy 
achieved from the photogrammetry.  For some projects, it may be important to maintain 
accuracy at, or close to, what could be achievable from the photography if it were ‘fully 
controlled’, in which case denser patterns of ground control will be required.  For other 
projects, there may be considerable scope to relax the ground control and allow the average 
accuracy across the block to diminish substantially, compared with what could be achieved 
from the photography if it were ‘fully controlled’.  An example of the latter may be where 
low-altitude multi-rotor or fixed-wing UAS has been used to acquire very high resolution 
imagery, but the spatial accuracy of the point cloud (either or both horizontally and 
vertically) doesn’t need to be what could be achieved from that photography. 
The distribution of ground control around and within a block of aerial photography can be 
specified in terms of the dimensions of a block expressed in terms of the strips that make up 
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the block and the photos make up each strip.  This means that the pattern of ground control 
across a block is largely unrelated to the scale of the photography and so the same 
recommended guidelines can be applied to blocks acquired with either UAS or manned 
aircraft and for a variety of photo scales.  For these reasons, this Guide provides 
recommendations that are common to multi-rotor UAS, fixed-wing UAS and manned 
aircraft. 
In recent years, with the growth of UAS aerial photography and SfM-MVS photogrammetry, 
there have been numerous reports on the accuracy achieved across blocks of photography 
acquired with high forward and side overlap and the influence of ground control (e.g. Harwin 
et al. 2015). 
The accuracy of measurements derived from a photogrammetrically adjusted block will 
depend on the shape of the block, the percentage forward and side overlap of the 
photographs, the number of ground control points, their distribution around the perimeter and 
within the block, the accuracy with which GCP locations are geolocated, the accuracy of 
image measurements, and whether the photogrammetric solution includes camera calibration 
or can rely on a previously calibrated camera.   
The horizontal accuracy of a block can largely be ensured by placing ground control around 
the perimeter of the block, whereas the vertical accuracy of a block can only be ensured by 
placing ground control around the perimeter of the block as well as throughout the block.  A 
practical approach to planning ground control is to: 

1. Determine what ground control is required around the perimeter of the block in order 
to ensure the horizontal accuracy of the whole of the block; 

2. Determine what ground control is required around the perimeter of the block and 
within the block in order to ensure the vertical accuracy of the whole of the block; 

3. Rationalise the two distributions, given that around the perimeter of the block the 
ground control can serve two purposes: ensuring horizontal accuracy and vertical 
accuracy; 

4. Adjust the location of planned ground control in order to sensibly take into account 
ease of access to sites and any departure of the block from a simple rectangular shape. 

Noting these caveats, the Planning Guidelines provide a set of rules that can be used to derive 
a sensible estimation of the total number of ground control points placed and their preferred 
locations around and within a block of photographs.  The rules are expressed precisely in the 
Guidelines because they are the default rules built into the Costing Tool. The Costing Tool 
does allow the parameters values to be varied in order to investigate the impact on project 
costs of reducing or increasing the amount of ground control, and the Costing Tool also 
allows organisations to adopt and load their preferred parameter values. 

• GCP field measurement accuracy 
The accuracy with which the locations (E, N, H) of GCPs should be measured will depend on 
the accuracy that can potentially be achieved from the block of photography and on the 
accuracy that is required in order to derive measurements of canopy metrics (such as canopy 
height) that are fit-for-purpose. 
There may be occasions when the photography has been flown quite low in order to acquire 
very high spatial resolution imagery for photo interpretation purposes but the spatial accuracy 
required from the dense point cloud is actually significantly less than could be achieved from 
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the block of images.  In this case there is little point in establishing more GCPs than are 
required, or measuring their locations more accurately than is required. 
On most occasions however it is likely that the GCP distribution and measurement accuracy 
will be designed to ensure that the accuracy of the point cloud is optimised.  In most cases, a 
good guide is to measure GCP locations with a horizontal accuracy (1 sigma) of 
approximately half the ground sampling distance, and a vertical accuracy of approximately 
two-thirds the GSD.  

• Photogrammetric targets 
Artificial targets used as ground control points need to be easily and unambiguously 
identified in multiple photographs and need to be of a suitable size and shape to ensure their 
centroid can be accurately measured in the images.  The Planning Guidelines provide 
examples of artificial targets.  Alternatively, and particularly for photography acquired at 
lower resolution from manned aircraft, it may be more practical to use natural features 
appearing in the aerial photography and sufficiently visible and unambiguous.  Examples are 
fence posts, particularly corner posts that are easily and unambiguously identified and 
measured because of the presence of converging fence lines, or hard roadside infrastructure 
such as drains, drain covers, road line marking, etc. 
 

     
Figure 6. Artificial ground control targets.  Left: reflective targets constructed from road sign 
material.  Centre: Painted fence post caps.  Right: Various coded and un-coded targets. 

 

Flying time and coverage 
Unlike UAS photography, aerial photography from a light aircraft is not normally limited by 
flight duration (except where a number of sites are separated by large distances).  The time 
taken to complete a block of photography will be a function the aircraft’s ground speed, the 
site dimensions, the photoscale, percentage side overlap, and end of strip turning time.  This 
can easily be computed on a project by project basis.  Flight planning software provides this 
functionality.  Good practice is to extend the block of photography at least several photos 
outside the site at the start and end of every strip, and one strip outside each edge of the 
block.  This ensures that the very high photo overlap that is required for SfM-MVS 
photogrammetry is extended to the edges of the area that is to be mapped. 
In the case of UAS photography, ground coverage from a single flight will be a function of 
flight duration, platform ground speed, site dimensions, photoscale, percentage side overlap, 
and end of strip turning time.  This can easily be computed on a project by project basis.  
UAS flight planning software provides this functionality, usually configured for specific 
makes and models of UAS.  Good practice is to extend the block of photography at least 
several photos outside the site at the start and end of every strip, and one strip outside each 
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edge of the block.  This ensures that the very high photo overlap that is required for SfM-
MVS photogrammetry is extended to the edges of the area that is to be mapped, and improves 
the achievable horizontal and vertical accuracy within the adjusted block. 

Optimal environmental conditions 
It is important to optimise the environmental conditions at the time of the photography.  The 
critical conditions to consider are sun angle, wind speed and cloud cover.  A high solar 
altitude (sun angle) improves the penetration of light into the forest canopy and reduces 
shadows.  Flight planning specifications for routine topographic mapping and orthophoto 
production from large format aerial photography usually specify a solar altitude (sun angle) 
of at least 35 degrees above the horizon.  Higher solar altitudes are recommended for forest 
canopy mapping.  The minimum acceptable solar altitude will be influenced by canopy 
structure, degree of canopy closure, canopy density etc, and by the available window of 
opportunity (in turn a function of site latitude, time of year, time of day).  A reasonable 
minimum solar altitude for forest canopy mapping is 40 degrees, with higher if possible. 
Photography should not be acquired if it is likely to be affected by significant cloud cover, or 
varying illumination conditions caused by rapidly moving clouds.  Ideally, fly when there are 
cloud free conditions, however acceptable photographs can be captured when there are high 
cirrus clouds or, provided there are bright light levels, blanket cloud. Photography should not 
be acquired if smoke or haze will reduce the quality of the imagery. 

Wind speed 
UAS platforms operate best in low wind conditions and will have maximum wind speeds for 
safe operation. High wind speeds will reduce the stability of UAS platforms and will create a 
risk of image blur caused by platform instability during the time that the shutter is open. 
Additionally, wind causes the stems and branches of trees to move.  The stem and branches 
may therefore be in different locations for each of the photographs in which they are imaged.  
This can have two significant degrading effects on the resultant dense point cloud: 

• Movement of the stem or branches may result in a failure of the image matching, 
resulting in gaps in the point cloud data. 

• Movement of the stem or branches may not be enough to cause the image matching to 
fail, but displacement in the images due to the wind will result in incorrect 3-
dimensional locations to be computed.  Because of the mathematics of the solution, 
there is a significant risk that displacement of a stem or branch due to wind (which 
would be a largely horizontal movement in the forest) will result in significant errors 
in the vertical coordinate of the corresponding point cloud. 

The influence of wind has not been analysed for this FWPA research project, but experience 
from multiple campaigns suggests that photography should not be undertaken if the wind 
speed exceeds 20 km/hr (10 knots), and speeds below 15 km/hr (8 knots) are safer. 
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The Costing Tool 
A key finding of this FWPA research project is that aerial photography and SfM-MVS 
photogrammetry afford the forest industry with opportunities to diversify the platforms and 
sensors used to acquire high density measurements of canopy surfaces and, under appropriate 
conditions, terrain surfaces.   
Forest managers have significant new opportunities to decide whether, and when, to employ 
aerial photography rather than airborne laser scanning; to select from a variety of platforms 
(UAS or manned aircraft); to select from a variety of cameras; and to employ a mix of these 
data acquisition options according to purpose for which the data is being collected and the 
characteristics of their estate.  Further, there are choices can be made regarding whether to 
outsource the data collection and processing to commercial providers or to build in-house 
capacity and expertise. 
These decisions will be situation-specific; they will depend upon: 

• whether the data is for sampling or for plantation-wide assessment and in turn upon 
the size those plantations 

• the extent to which the forest resource is consolidated within a geographic region, or 
more widely distributed across a region 

• the remoteness of the forest resource and so the cost associated with deploying 
sophisticated commercial mapping aircraft with ALS or mid/large format digital 
cameras to those locations 

• how easily a locally sourced light aircraft with a simple camera port can be accessed 
and deployed 

• the cost/benefits on a case-by-case basis of investing in building in-house capacity 
(investment in UAS, digital cameras, SfM-MVS photogrammetry software) and 
expertise (staff training), in contrast to outsourcing that capacity and expertise and 
outsourcing the associated risks. 

 
The Costing Tool and the associated section of the Planning Guidelines will assist forest 
managers to compare the cost of acquiring aerial photography using different platforms (UAS 
or light aircraft), different cameras, different flight planning parameters (ground sampling 
distance, forward overlap, side overlap), and different solutions to the measurement of 
external orientation (on-board GNSS or ground control).  The Costing Tool addresses in-
house planning and acquisition of aerial photography and associated ground control; it does 
not specifically address the cost of outsourcing the whole of a data acquisition program, 
including aerial photography and photogrammetric processing, to specialist commercial 
providers, and particularly it does not support costing of aerial photography using mid- and 
large-format dedicated mapping cameras in aircraft equipped with sophisticated GNSS/IMU 
positioning instrumentation.  These costs should be sourced from the commercial providers, 
and of course will reflect the very high investment they make in aircraft and sensors, and the 
risk they carry for deployment, image acquisition, and image processing.  Note also that the 
Costing Tool assists with costing aerial photo acquisition, but does not include the cost of 
purchasing photogrammetry software or the in-house labour cost of processing aerial 
photography to generate dense point clouds, although the Planning Guidelines do include 
specific information about computing hardware requirements, software options and data 
processing times. 
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Figure 7. The platform, sensor and flight planning described in the Planning Guidelines have 
been implemented as an online costing tool. 
The Costing Tool provides four choices of platform: multi-rotor UAS, fixed-wing UAS, and 
two light aircraft options (nominally based on a choice between a Cessna 172 single engine 4 
seat aeroplane and a Cessna 206 single engine 6 seat aeroplane with higher cruise speed but 
higher cost). 
In the case of manned aircraft, the tool accounts for staff travel time to the airport, aircraft 
hourly hire rate, staff cost during the flight, maximum flight duration and any returns to an 
airport for refuelling.  The total flying time is computed using aircraft flying distance to site, 
cruising aircraft speed, aircraft speed during photo acquisition, and using an estimate of the 
total time flying each block of photographs.  The total time flying each block of photographs 
is computed by the Costing Tool using the dimensions of the site and the flight planning 
specifications, including digital camera specifications, ground sampling distance, forward and 
side overlap specifications, estimated turning time at the end of each strip of photographs.  
The Tool allows for up to three sites to be costed within one project, with the distance 
between the sites, the distance to a refuelling airport, and the distance from the last site to the 
home airport included in the costing. 
In the case of UAS, the Costing Tool accounts for staff travel time from their home base to 
first and any subsequent sites, a depreciation rate for the UAS (based on purchase cost and 
estimated total flying hours before loss or replacement), staff labour cost during the flights, 
maximum flight duration and the time lost to landing for replacement batteries.  The total 
flying time is computed using vehicle travel distance to the site and an estimate of the total 
time flying each block of photographs.  The total time flying each block of photographs is 
computed by the Costing Tool using the dimensions of the site and the flight planning 
specifications, including digital camera specifications, ground sampling distance, forward and 
side overlap specifications, estimated turning time at the end of each strip of photographs.  
The Tool allows for up to three sites to be costed within one project, with the distance 
between the sites and the vehicle travel distance from the last site to the home base included 
in the costing. 
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The costing tool has default values for all variables, any of which can be changed by the user.  
Costs, where stated are reasonable estimates and can be updated by the user. 
As noted above, photogrammetry requires a solution for the exterior orientation of the camera 
at each photographic exposure station.  This can be achieved either using on-board high 
accuracy GNSS equipment and a post processed solution, or using ground control points 
distributed around the perimeter and throughout the region photographed in the block.  
Recommendations are provided in the Guide for the amount and distribution of ground 
control points. 
Both options result in costs.  In the case of using on-board high accuracy GNSS equipment, 
there will be an additional hourly cost for hiring a light aircraft or an additional purchase cost 
for a UAS.  In the case of using ground control points there will be the additional labour cost, 
plus some materials costs. 
The cost of the fieldwork to establish ground control is computed using an estimate of the 
time taken to place each ground control point and measure its location, and using a total 
number of GCPs calculated on a block-by-block basis using the rules recommended in the 
Planning Guidelines, but noting that those default rules can be amended on a case-by-case 
basis. 
The integration of costs for acquiring aerial photography and for acquiring ground control, 
and the estimation of those costs based on the primary elements of the flight planning 
(specified GSD, platform, digital camera specifications, forward and side-overlap, site 
location relative to base airport or the organisation’s staff base, etc.) allow users to explore 
multiple parameter combinations. 
The computed costs are expressed in terms of total cost and per-hectare cost, and are shown 
separately and combined for photo acquisition and for ground control.  Computed costs can 
be saved as a CSV format file to allow recording and analysis in Excel, and can also be 
plotted as graphs within the software in order to allow for easy visual inspection of the 
influence of different platform, sensor, flight planning, and ground control configurations. 
Finally, the Planning Guidelines provide checklists to assist organisation with the writing of 
specifications for aerial photography from a variety of platforms and sensors and for the 
derivation and Mapping terrain elevation. 
In many forest types it is unlikely that photogrammetric techniques will provide sufficient 
penetration through the whole of the canopy to allow reliable mapping of the underlying 
terrain (Wallace et al., 2016; Stone et al. 2016).  If canopy data needs to be normalised to 
remove terrain height, then an accurate DTM will be required.  This can be derived using 
photogrammetric techniques if aerial photography is acquired at a time when vegetation 
cover is sparse; for example, following a previous harvesting operation or from photography 
acquired for establishment tree counts or for early- or possibly mid-rotation inventory.  
However, if suitable aerial photography is not available, then a previous ALS survey is 
required. 
If an ALS survey is used for the DTM, then it is important to know that the absolute accuracy 
of the ALS DTM is adequate.  In cases where an ALS point cloud is used for both canopy 
height and DTM mapping, then absolute errors in the accuracy of the ALS data are of less 
concern, since they are likely to be present as a systematic error in both the canopy returns 
and the ground returns and so will not affect derived canopy height models.  In cases where 
ALS ground return data is used to normalise photogrammetrically derived canopy height 
data, any errors in the ALS terrain data will convert to errors in derived canopy height. 
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Good practice is to use ALS calibration arrays (usually at least three sites across the ALS 
block that have open, un-vegetated ground) to assist with removal of systematic errors during 
the post-processing of raw ALS data.  Differential GNSS is used to acquire a patch of ground 
heights at each of the calibration arrays, which are supplied to the ALS provider for 
incorporation into their processing workflow.  If this is not done at the time of the ALS data 
processing, then adjustments can still be applied at a later time. 
In all cases where an ALS DTM is used to normalise photogrammetric canopy height data, 
checks should be undertaken – preferably on patches of open terrain – to measure the 
magnitude of differences between the two data sources.   
 

Summary and Recommendations 
The increasing availability of high quality digital cameras, the continuing improvement in 
computing hardware capacity, and the emergence of SfM-MVS photogrammetry have 
combined to provide an opportunity to reconsider aerial photography as a data source for 
mapping forest canopies.  Coupled with the dramatic emergence of UAS platform 
capabilities, and the increasing capacity to integrate on-board GNSS and IMU technology 
onto both manned aircraft and UAS, the scope to employ a variety of both platforms and 
sensors to compute dense point cloud data has the potential to substantially contribute to high 
resolution forest remote sensing. 
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Introduction 
This report summarises research undertaken by the TerraLuma research group at the University of 
Tasmania on system calibration and initial testing of a LiDAR system deployed on an Unmanned 
Aerial Vehicle (UAV) over a Pinus radiata plantation.  A detailed report is included as an 
Appendix to this Final Report.  The following is summarised from that report and excludes the 
detailed technical components of the report.  
Airborne Laser Scanning (ALS) derived LiDAR is the most commonly used form of LiDAR for 
forest inventory purposes. Such data sets typically have point densities in the range 1 to 20 
points/m2 and can cover large areas. However, ALS is generally expensive to collect and does not 
lend itself to high data collection frequencies, and is therefore an impractical option for forest 
sampling, where the total area scanned will often be small and where repeat visits are required. 
Recent development of lightweight accurate LiDAR sensors has seen LiDAR data collection from 
UAVs emerge as a possible solution to the shortcomings of traditional ALS for forest sampling 
tasks. UAV LiDAR has the potential to be collected on-demand, with relatively low deployment 
costs, and to provide very high point densities.  However, commercially available UAV LiDAR 
systems are only recently emerging and are still not a simple or turnkey technology.  Field testing, 
accuracy assessment and calibration are currently important considerations for any trials of UAS 
LiDAR. 
The UAV LiDAR scanner initially used for calibration technique development in this investigation 
was the Velodyne VLP-16 LiDAR 'Puck' mounted on a Devourer X8 heavy-lift multi-rotor UAV 
and Eagle Eye BLG5D DSLR BL Aerial Gimbal. The mounted sensors also include the Advanced 
Navigation Spatial DUAL coupled GPS/IMU. The UAV system also incorporates a secondary Mti-
G-700 MEMS IMU system mounted on the air frame such that yaw and pitch rotations of the 
airframe body could be identified independently of the gimbal mounted Velodyne scanner. 
The incorporation of an aerial gimbal means the lever-arm offset between the GNSS antenna and 
IMU (fixed to the LiDAR scanner) is not fixed and rotates at a mid-point. Lever arm offsets were 
measured using photogrammetric reconstruction of the UAV platform followed by offset vector 
measurement in AUTOCAD 2015. Lever arm offsets were applied prior to boresight calibration 
using specific code developed for lever arm rotation on the Eagle Eye BLG5D DSLR BL Aerial 
Gimbal.  
A quasi-rigorous boresight calibration of the UAV LiDAR unit was then undertaken using 
TerraScan and TerraMatch (© TerraSolid). Calibration was undertaken using surface matching 
tools in TerraMatch to identify roll, pitch and heading offsets and drifts.  
Following calibration, a comprehensive assessment of LiDAR point cloud accuracy was undertaken. 
This assessment examined both relative and absolute accuracy.  The results demonstrate that the 
LiDAR system can repeatedly produce a point cloud with a horizontal absolute accuracy of about 
20cm and a vertical accuracy in the order or 10cm. Strip adjustment using rigid body transformation 
of individual strips slightly improved data accuracy. It was determined that datasets that are 
produced after applying calibration corrections can be expected to have a suitable level of absolute 
and relative accuracy for many applications, but will contain some level of noise. 
Finally, a series of improvements were made to the design of the UAV LiDAR unit and this system 
was re-calibrated and flown over a pine plantation in Uxbridge in Southern Tasmania. Point cloud 
examples from this work are presented and discussed.  
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Airborne and UAV LiDAR 
Laser Scanning 
Various surveying techniques exist to collect dense three-dimensional (3D) spatial data. These 
include traditional photogrammetry and laser scanning technologies (Morin 2002).  Modern laser 
scanning techniques include airborne laser scanning (ALS), more commonly referred to as Light 
Detection and Ranging (LiDAR), static terrestrial laser scanning (TLS) and terrestrial mobile laser 
scanning (TMLS) (Hassan 2014). Three dimensional models and point clouds of natural/built 
structures and topography produced from laser scanning techniques are important for a range of 
applications including environmental assessments, engineering, mining, oil and gas exploration, 
shoreline management, forestry, ecology, city planning etc. (Hassan 2014). Aguilar et al. (2010) 
indicate that the realistic vertical accuracy of airborne LiDAR in open terrain was around 15 cm. In 
steep or densely forested areas accuracy will decrease and will depend on other factors, including 
canopy cover and vegetation structure.  
Unlike static terrestrial laser scanning (TLS) which is undertaken from a point location, other laser 
scanning techniques (i.e. ALS and TMLS) are undertaken while moving. For a moving laser 
scanning system to identify the location of a point on the ground it must integrate distance 
information with information about the location and orientation of the scanner itself at the time of 
each measurement (Hassan 2014). This information is generally obtained with a combination of on-
board high accuracy GNSS and/or inertial sensors (IMU’s) (Colombo et al. 2010). For ALS and 
TMLS datasets acquisition even small errors in these orientations and positions can result in 
substantial on ground displacements in point measurements (Wallace et al. 2012). Therefore, the 
key to producing high quality datasets using moving laser scanning systems is very precise 
geolocation and orientation of the LiDAR instrument at the times when all measurements are made.  

 
LiDAR on UAV’s 
Traditionally, the term ALS has been used to define laser scanning systems from manned aircraft. 
However recently developed small survey grade laser scanners, GNSS systems and IMUs have 
made it possible to install laser scanning systems on unmanned aerial vehicles (UAVs) 
(Mandlburger et al. 2015). Deployment of LiDAR systems on UAVs has only relatively recently 
been implemented (e.g. Jaakkola et al. 2010, Lin et al., 2011, Wallace et al., 2012, Glennie et al. 

2013, Tulldahl & Larsson 2014, Tulldahl et al. 2015, and Mandlburger et al, 2015) and it is still far 
from a simple technology. This delayed development is a result of various factors. LiDAR systems 
are relatively expensive, larger and heavier than cameras and require significant power (Wallace et 

al. 2012). In addition, until recently (see for example Real Earth1) construction of 3D point clouds 
from aerial LiDAR required accurate positional and/or attitude information to facilitate the 
construction of relatively accurate datasets (Wallace et al. 2012). This level of positional accuracy 
requires dual frequency carrier phase receivers / antenna GNNS equipment and high quality IMUs 
for UAV pitch, role and yaw determination. Such systems have historically been neither cheap, 
light or in the case of MEMS-based IMUs particularly accurate.  
Recent developments in LiDAR technology have attempted to do away with the need for 
GNSS/IMU integration by using SLAM for model construction. SLAM stands for Simultaneous 
Localization And Mapping and is commonly used in robotics for position determination using 
technology such as LiDAR or sonar. It is a method of applying mathematical algorithms based on 
sensing data (in this case LiDAR) to compute a map of a scanner’s surroundings and its position 
within its surroundings2. Real Earth provides a SLAM service for the Velodyne VLP-16 and HDL-
32E. They offer both a web based service for uploading raw LiDAR data and a real-time SLAM 

                                                 
1 http://www.realearth.us/3d-model-generator.html 
2 http://www.autonomoustuff.com/real-earth-stencil 
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option with the Real Earth Stencil3. A similar SLAM option is provided by Dibotics4. While this 
technique has been shown to work in urban situations, its utility in complex environments, such as a 
forest is not yet demonstrated. In such situations, traditional GNSS/IMU derived LiDAR is likely to 
be superior. Initial tests of SLAM methods using UAV LiDAR data acquired by the TerraLuma 
research group have failed to work in forest and in open areas.  
The first of the TerraLuma UAV based LiDAR systems is described in Wallace et al. (2012) and 
depicted in Figure 1.  It was designed around an Ibeo LUX Scanner, single antenna GPS unit and a 
Microstrain IMU. While the system produced high density scans, it did have significant accuracy 
and flight time limitations.  Wallace et al. (2012) developed their UAV based LiDAR system using 
a dual frequency GPS receiver (NovAtel OEMV1-df) and a single lightweight antenna (NovAtel 
ANT-A72GA). Using their system, LiDAR data were collected with horizontal RMS error across 
130 measured ground control locations of 0.61 m. This solution was improved using a 30 FPS HD 
video system to generate a structure from motion (SfM) orientation solution. It was shown that 
including the SfM orientation data improved LiDAR point cloud horizontal accuracy from 0.61 m 
to 0.34 m. However, development of an SfM solution and Sigma Point Kalman Filter to resolve the 
UAV’s state was not a trivial matter and such processing complexity would likely slow the uptake 
of UAV based LiDAR. 
 

 
Figure 1. The multi-rotor Oktocopter UAV platform developed by Wallace et al.  (2012) with a 
vibration isolated sensor frame carrying a laser scanner, MEMS based IMU, GPS receiver and 
antenna and video camera. Reproduced from Wallace et al. (2012). 
 
More recently, a number of authors have outlined further development of UAV based LiDAR 
systems. See for example Conte et al. 2013, Glennie et al. 2013, Tulldahl & Larsson 2014, Tulldahl 
et al. 2015 and Mandlburger et al., 2015. Specifically, Glennie et al. (2013) outlined the 
development of a compact mobile laser scanning system suitable for use on a UAV. Their system 
was based on the Velodyne HDL-32E LiDAR scanner with an Oxford Technical Solutions Inertial 
+2 INS and dual Novatel GNSS receivers (using Oxford Technical Solutions RT-PostProcess 
software to determine the UAV trajectory and attitude). They reported accuracies of 4 cm vertically 
(1 sigma) and 17 cm horizontally (1 sigma) when their system was deployed on a balloon 25 m 
above ground.  

                                                 
3 http://www.realearth.us/stencil.html 
4 http://www.dibotics.com 
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Tulldahl & Larsson (2014) and Tulldahl et al. (2015) detailed a UAV-based LiDAR unit and data 
processing system. Their system also utilised the Velodyne HDL-32E LiDAR scanner on a Tarot-
810 hexacopter airframe. The IMU system was the APM (ArduPilot Mega) version 2.6 from 
3DRobotics and 3DR uBlox GPS/Compass. Their system relied on detailed data processing using 
the high data rate LiDAR to dynamically calibrate the moderately accurate INS data (Tulldahl & 
Larsson, 2014). Tulldahl et al. (2015) showed that using this dynamic calibration method they could 
produce data with a relative accuracy of about 5 cm RMSE relative to the direction of flight when 
flying at low elevation (8 m) and speed (2 m/s). 
More complex and expensive commercial UAV-based LiDAR systems, such as that outlined in 
Mandlburger et al., (2015) are also available. The Mandlburger et. al system is based on the RIEGL 
RICOPTER and VUX sensor system (incorporating a GNSS system, a IMU and VUX-1 laser 
scanner). The unit has a take-off mass of 25 kg and a flight time of 30 minutes and may produce 
terrain information in forested environments with an accuracy of better than 10 cm (Mandlburger et 

al. 2015). Similarly, turnkey LiDAR pods such as the Routescene LidarPod®5, which is based on 
the Velodyne HDL-32E laser scanner, with integrated RTK GPS and Inertial Navigation System 
(INS) or the various turnkey LiDAR systems offered by Phoenix Aerial Systems6 which are based 
on Velodyne, Ibeo or Riegl laser scanners, are also available and supposedly offer high accuracy 
UAV LiDAR at a cost. Current prices for the Phoenix Aerial Systems products range from 
AUD$85k to AUD$250k depending on desired range and accuracy. YellowScan7 also produce two 
turnkey LiDAR systems, one of which (the YellowScan Surveyor) has a claimed precision of 4 cm 
and absolute accuracy of 5 cm.  
While the above research and products clearly demonstrate the potential for UAV based LiDAR the 
research of Wallace et al. (2012), Glennie et al. 2013, Tulldahl & Larsson, 2014, Tulldahl et al. 

2015 and others has also demonstrated that such systems still have limitations. Even commercial 
options such as Phoenix Aerial Systems products indicate potential relative accuracy errors in the 
order of 18 cm at scan distances of 100 m8 depending on IMU selection. 
More recently, the TerraLuma group has developed and has completed an initial calibration of a 
second UAV LiDAR system. This system mounts a Velodyne VLP-16 LiDAR 'Puck' on a brushless 
gimbal on a Devourer X8 heavy-lift multi-rotor UAV. The sensor mount also includes the 
Advanced Navigation Spatial DUAL GPS/IMU (with the IMU unit mounted on the gimbal), a 
secondary Mti-G-700 MEMS IMU system mounted on the air frame and a machine vision camera 
setup (Figures 2). Initial trials have successfully demonstrated the system’s capacity to collect 
LiDAR data over plantation forests.  
Subsequently the TerraLuma group has designed and implemented a series of improvements to the 
UAV LiDAR system design (Figure 3). The new system has been calibrated using the technique 
outlined in the longer report that is included as an Appendix to this Final Report. The results from 
this calibration are not reported in detail here; however, examples of computed point clouds from 
the system’s first operational trial over a P. radiata plantation in Uxbridge, Southern Tasmania, are 
presented.  
 

                                                 
5 http://www.routescene.com/products/product/uav-lidarpod 
6 http://www.phoenix-aerial.com/ 
7 http://www.yellowscan.fr/ 
8 http://www.phoenix-aerial.com/information/accuracy-explained 
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Figure 2. The Velodyne VLP-16 LiDAR 'Puck' mounted on a brushless gimbal on a Devourer X8 
heavy-lift multi-rotor UAV. Sensor mount also includes the Advanced Navigation Spatial DUAL 
GPS/IMU unit and a machine vision camera. 
 

 
Figure 3. The final design of the Velodyne VLP-16 LiDAR 'Puck' installed on-board an off-the-
shelf heavy lift UAS from DJI (MATRICE 600). Sensor mount also includes the Advanced 
Navigation Spatial DUAL GPS/IMU unit. 
 

LiDAR calibration 
Calibration of LiDAR data is one of the more difficult processes to perform when constructing 
LiDAR data collection systems. Calibration of LiDAR systems is essentially the process of 
determining the relative mounting parameters (lever-arm offsets and bore sight offsets) and, if 
required, certain intrinsic parameters (i.e. ranging and scanning unit errors) (Hassan 2014). 
Fundamentally a LiDAR system consists of a scanner (to measure distance to an object), a 
positioning system (for location determination – i.e. GNSS system) and a system to determine 
orientation (i.e. an IMU). Each of these components is combined in a LiDAR equation (accounting 
for mounting parameters) to determine the location of each scanned point. Each of these 
components also contributes to the overall error budget of any LiDAR system (i.e. laser scanner 
distance and angle errors, GNSS positioning errors and IMU attitude errors). 

140



 

 
 

In addition to the general random positioning and angular/range scanning errors, several other 
systematic errors are likely to be present in LiDAR data. These may include beam divergence errors, 
mirror scale errors, mirror deceleration errors, encoder latency errors, pitch-slope errors etc9. Two 
other systematic error sources exist in LiDAR systems that are directly related to the mounting of 
sensors and must be managed through system calibration. These are the relative mounting 
parameters of boresight offset and lever-arm offset (Glennie 2007 and Hassan 2014). These relative 
mounting parameter offsets are the most commonly corrected error sources in LiDAR datasets 
because they can result in significant systematic offsets in LiDAR data (Morin 2002; Habib et al. 

2010a). The effects of these systematic errors are most commonly evidenced by a misalignment 
between overlapping scan strips and in extreme cases (such as in UAV LiDAR) by significant depth 
in the scan profile of flat features (such as roofs and flat ground). These systematic errors can 
significantly degrade the utility of surface models produces from such misaligned systems.  
The first of the two relative mounting parameters, lever-arm offset is the distance (in x, y and z in 
the scanner’s coordinate frame) from the scanner to the positioning system (i.e. the GNSS antenna) 
and/or the IMU. Lever-arm offsets are generally determined by direct measurement using 
measurement devices and/or CAD diagrams of equipment or through calibration procedures using 
known markers or overlapping data sets (Glennie 2007). 
Boresight error represents a more difficult error source to manage. Boresight offsets are the physical 
angular mounting offsets (in roll, pitch and heading) between the IMU and the laser scanner. These 
offsets represent angular values that must be added or subtracted from the reported IMU values to 
correctly position a laser return. For commercial units (i.e. LiDAR pods with integrated IMUs and 
scanners) these offsets can be provided by the manufacturer. However, such calibrations may be 
biased, or may drift over time (Hassan 2014). Similarly, for LiDAR systems that are built from 
separate components (as is the case for many UAV LiDAR systems with independently sourced 
scanners and IMUs), such calibrations are not available. In these situations, in-flight calibrations are 
required (Hassan 2014). 
While a variety of techniques are employed to calibrate boresight in flight, most use overlapping 
LiDAR strips (Glennie 2007). Overlapping flight strips are generally flown in different directions or 
at different elevations such that flat features (such as ground points or roof areas) can be used to 
adjust angles. For ALS systems, various flight configurations have been tested (i.e. Burman 2000; 
Morin 2002; Kersting 2011). Calibration flight patterns are also recommended in various 
commercial adjustment software packages for surface to surface and tie line based calibrations. 
Again, such software recommends suitable surfaces, such as the flat runways and sloped building 
roofs, for calibrations. Opposing flight lines are generally recommended because divergence 
between the datasets is most apparent for opposing flight lines. 
Following strip collection, boresight angular errors can then be estimated using either manual 
adjustments or a mathematical adjustment (i.e. least squares adjustment) (Glennie 2007). Manual 
adjustment has historically been common place (Morin, 2002 & Glennie, 2007). Glennie indicated 
that, in addition to being time-consuming, the accuracy of manual adjustments was at best as good 
as the accuracy of the IMU and that significantly higher accuracies could be achieved using 
mathematical adjustments. 
Mathematical techniques to deal with systematic errors in LiDAR systems can be described as data 
driven or system driven (Hassan 2014). Data driven techniques use only the LiDAR points and 
compare them to reference data sets. These techniques are also called strip adjustments and do not 
specifically identify system errors or their magnitude (Habib et al. 2010a, Hassan, 2014). 
Conversely, system driven techniques are true system calibration techniques which solve for biases 
in system parameters using the LiDAR equation (Hassan, 2014). System driven techniques can be 
defined as rigorous or quasi-rigorous (Habib et al. 2010a). Rigorous techniques utilise system raw 

                                                 
9 http://katrinamclean.com/common-lidar-survey-errors/ 
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measurements to estimate bias in parameters. Quasi-rigorous approaches use only the trajectory 
information and the derived time stamped LiDAR points for bias identification.  The TerraMatch 
software applies a quasi-rigorous approach for LiDAR calibration and was used in this investigation. 
In addition to solving mounting parameters (yaw, pitch and roll offsets), it can also be used to solve 
the mirror scale parameter (TerraMatch Users Guide, 2015). The software will also solve time-
dependent effects such as drift, however, time dependent oscillations cannot be corrected in most 
commercial software package. 
 

UAV based LiDAR Accuracy 
Following unit calibration, the LiDAR equation can be used to combine position, orientation and 
scanning distance information into a final LiDAR output. This LiDAR output can also be further 
processed to solve for fluctuating elevation correction (TerraMatch Users Guide, 2015), undertake 
minor rotations to better fit scan strips, remove outlier points, classify points etc. (processes which 
can be undertaken in TerraScan, CloudCompare and/or LASTools). This additional processing will 
result in a final LiDAR model. At this stage a fundamental and commonly asked question is: how 
accurate is the point cloud? 
Due to the level of post-processing that is generally undertaken on LiDAR data sets, assessing only 
a post-processed LiDAR point cloud provides limited information on the accuracy of the LiDAR 
data collection system itself.  Habib et al. (2010b) indicate that for most end users the LiDAR 
acquisition system is a black box and that LiDAR data users require more effective tools to evaluate 
the true quality of derived point clouds and argue for an examination of both internal/relative and 
external/absolute accuracies. These accuracy estimations are well described in photogrammetric 
reconstruction studies (Habib et al, 2010b). Photogrammetric relative accuracies can be determined 
by looking at the a posteriori variance factor and variance-covariance matrix resulting from a 
bundle adjustment (Habib et al. 2010b). Absolute accuracies can be determined by looking at the 
position and point offset from independently measured targets. See for example the absolute 
accuracy assessment outlined in Harwin & Lucieer (2012).  
For LiDAR datasets, the evaluation of relative and absolute accuracies is less clear. Generally, 
relative point uncertainties are modelled against uncertainty estimates derived from system 
components (i.e. the LiDAR units distance measurement error, the GPS uncertainty and the IMU’s 
uncertainty in attitude determination) combined with flying height information. Uncertainty inputs 
are generally as provided by the component manufacturer. This is particularly common for 
commercial LiDAR uncertainty estimates10. However, these mathematical uncertainties are not 
based on rigorous testing of derived LiDAR datasets themselves.  
Strip adjustments are also a form of evaluating relative accuracies in LiDAR datasets. Strip 
adjustments assess data quality but are primarily undertaken to correct systematic error in 
overlapping strips (Habib et al. 2010b). Various techniques have been outlined in scientific 
literature to undertake strip adjustments (i.e. Bretar et al. 2004, Habib et al, 2008, Kornus & Ruiz, 
2003, Lee et al. 2007, Rentsch & Krzystek 2009). Commercial options also exist (i.e. 
BayesStripAlign and TerraMatch). However, in a commercial situation these strip adjustment 
metrics are generally not provided with a purchased point cloud and clearly cannot be determined 
by the end user unless they have access to time stamped LiDAR points and trajectory information. 
Habib et al. (2009) and Habib et al. (2010b) outline several detailed methodologies for evaluating 
relative accuracies in LiDAR datasets for ALS derived point clouds. Their assessments used pseudo 
conjugate points, conjugate aerial and linear features and point to patch correspondence to 
determine the degree of consistency between overlapping LiDAR strips. Their tests assumed that 
conjugate features in overlapping strips should align perfectly if random and systematic errors are 
absent. They reported translation and rotation estimates for the various techniques described. They 
                                                 
10 http://www.phoenix-aerial.com/information/accuracy-explained 
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also explore a noise assessment technique by examining the goodness of fit between pseudo-
conjugate and conjugate surface elements (points, features and patches). Their results demonstrated 
that rigid body transformations could be used to report on systematic and random errors in ALS 
LiDAR datasets.  
Relative uncertainty can also be assessed in-part for LiDAR point clouds by examining scaling 
errors of measured features in the data. In the case of Tulldahl et al. (2015) the accuracy of a UAV-
based LiDAR was assessed by comparing distances between targets (boxes) for individual flights as 
compared to ground truth values. Their assessment demonstrated a high degree of agreement of 
measurements between targets for low flight altitudes and slow flight speeds. While this assessment 
does look at the final processed dataset it does not assess the location of points relative to a ground 
datum and is therefore not an absolute accuracy assessment technique.  
Methodologies used to test absolute uncertainty of LiDAR point clouds have been more commonly 
applied in the literature. Generally, authors compare their final LiDAR point clouds with 
independently collected ground control points (i.e. Hodgson & Breshahan 2004; Wallace et al. 2012) 
or with a surface model of known accuracy (i.e. a photogrammetrically derived surface model). 
Habib et al. (2010b) identified two issues with using ground control data to assess accuracy. Firstly, 
ground control data is generally expensive or time-consuming to collect and requires surveying or 
GNSS knowledge. Secondly, unless specific targets are used the technique provides very poor 
verification of horizontal quality. This is especially true if verification is undertaken using ground 
models. While these issues may reduce the use of this type of quality assessment in commercial 
situations it does not reduce the technique’s utility in a research situation or as a method of 
assessing the absolute accuracy of a non-commercial self-built LiDAR system. As such, the use of 
ground control targets was used in this examination of LiDAR accuracy.  
 

Aims and Objectives 
The aim of the work reported here was to develop a workflow for UAV LiDAR system calibration 
of lever-arm offsets and boresight angles and to assess the relative and absolute accuracy of 
calibrated and processed LiDAR point clouds produced using a UAV based LiDAR system, and to 
demonstrate the capacity of the calibrated system to acquire reliable data over a trial site established 
on a P. radiata plantation. To meet these aims the following objectives were defined: 

1. To develop a photogrammetric solution (using Photoscan and CAD software) to accurately 
estimate the lever-arm offset of a UAV-based LiDAR system and to model the effect of 
placing the LiDAR scanner and IMU on a gimbal (i.e. using a multiple vector rotating lever 
arm) 

2. To estimate the boresight offsets of the UAV-based LiDAR system using a commercial 
package using data collected at a test site with comprehensive and accurately surveyed 
ground control.  

3. Using the above calibration, to produce an accurate LiDAR point cloud from overlapping 
strips and assess the relative and absolute accuracy of the LiDAR cloud and clarify the 
internal noise of the LiDAR model through comparison of the LiDAR model to known 
control points and models of the test site. 

4. To deploy a calibrated UAV based LiDAR over a plantation forest (P. radiata).  
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Methodology 
The work reported here, and described in detail in an Appendix to this Final Report, was undertaken 
on two UAV LiDAR platforms.  The calibration methodology was developed using the platform 
shown in Figure 1., which comprised a Velodyne VLP-16 LiDAR Puck mounted on a Devourer X8 
UAV airframe.  The trial flights completed over the Tasmania Pinus radiata trial site was also 
undertaken using the Velodyne VLP-16 LiDAR Puck but mounted on a DJI MATRICE 600 
airframe 
The Velodyne VLP-16 scanner is designed for use on mobile platforms. It weighs 830 g, has a 
measurement range of up to 100 m and a typical measurement accuracy of better than +/- 3cm over 
that distance (Glennie et al., 2016). It has a vertical field of view of 30o (+15° to -15°) and can 
rotate at 5 to 20 rotations per second, collecting up to 300,000 points per second for a full 360-
degree scan). 

 
Figure 4. The Velodyne VLP-16 LiDAR 'Puck'. 
The sensors also included an Advanced Navigation Spatial DUAL GNSS/IMU tightly-coupled for 
accurate determination of the position and orientation of the Velodyne scanner.  On the first of the 
airframes, used to develop the calibration methodology, the scanner was mounted on a gimbal 
system and an additional IMU (an XSENS Mti-G-700 MEMS IMU) was mounted on the gimbal 
above the Puck so that the yaw and pitch rotations of the airframe body could be measured 
independently of the gimbal.  On the second of the airframes (the DJI MATRICE 600) the design 
was changed to remove the gimbal mounting (see Figure 3).   

 
Figure 5. The Advanced Navigation Spatial DUAL GPS/IMU unit. The GNSS antenna are not 
shown. 
The methodology employed for the system calibration is described in detail in Section 2 (Methods) 
of the technical report included as an Appendix to this Final Report.  As noted, the methodology 
was developed for the first of the platforms, that had a gimbal-mounted Velodyne scanner and IMU.  
The key steps in that process were: 
1. Measurement and modelling of the lever-arm offset between the GNSS and the IMU on the 

gimbal mount.  This was achieved using a photogrammetric reconstruction of the UAV platform 
followed by direct measurement of offsets in CAD (Figure 6). 
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Figure 6. Lever-arm offsets in the UAV photogrammetric point cloud measured by identifying the 
location of objects and reconstructing the object in CAD (Autodesk AutoCAD 2015). 
 
2. Estimation of boresight values using LiDAR point clouds acquired over a suitable, accurately 

surveyed calibration site.  A secure site that included a large agricultural shed with multiple pitch 
angles was used (Figure 7).  Calibration data included: 34 measured ground control targets 
distributed across the site; Leica MS50 MultiStation scans of the solid walls at each end of the 
shed (Figure 8), and a high density point cloud of the shed roof and the open areas of 
surrounding land derived from DJI Phantom 3 UAV photography using Agisoft Photoscan and 
the established ground control (Figure 9) 

 
Figure 7. The shed at the calibration site. 
 

 
Figure 8. The ends of the shed scanned using a Leica MS50 MultiStation. 
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Figure 9. Photogrammetric point cloud of the main shed and surrounding (point cloud constructed 
using Agisoft Photoscan from Phantom 3 photography flown at 45 m). 
 
3. LiDAR data was collected over the calibration site. Two flights were undertaken. During both 

flights, a Leica GNSS (Leica Viva GS10 and AS10 antenna) collected static data at a base 
station for later post processing of flight trajectories. Raw flight position and orientation 
information as well as ranging information acquired by the Velodyne VLP-16 LiDAR 'Puck' 
were collected on the on-board NUC computer during flights.  

 
4. Extracted position and orientation data from the DUAL GPS/IMU and the secondary MEMS 

IMU were then combined with lever-arm offset measurements in the Advanced Navigation 
Spatial DUAL reference frame to identify the new position of the Velodyne VLP-16 LiDAR 
'Puck' reference point. Thus, lever-arm offsets could be accounted for outside of the LiDAR 
equation and calibration software. 

 
5. Finally, position and orientation information in the form of .pos and .csv files were combined 

with .pcab data from the Velodyne VLP-16 LiDAR 'Puck' using code initially developed for 
LiDAR investigations outlined in Wallace et al. (2012) and further refined by Dr Stephen 
Harwin and Associate Professor Arko Lucieer. This code allowed visualisation and selection of 
specific parts of the UAV flights as depicted in Figures 10 and 11 and then outputted these flight 
strips as raw LiDAR (.las) files and  trajectory information (as a .csv file containing columns of 
Time, X, Y, Z, Roll , Pitch, Heading information for each LiDAR point in the LAS file).  

 
6. Calibration for boresight offsets was accomplished as follows.  Following raw data preparation, 

a quasi-rigorous boresight calibration of the UAV LiDAR unit was undertaken using the 
uncalibrated LAS files (with lever-arm calibration incorporated) and exported .csv trajectory 
information using Microstation Connect Edition (© Bentley) and TerraScan and TerraMatch (© 
TerraSolid). This calibration comprises several stages; these are documented in the full technical 
report.  Figures 10 and 11 illustrate the way in which the planar surfaces of the shed facilitate the 
calibration.  
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Figure 10. Un-calibrated LiDAR data points showing a significant roll error. Roll errors are evident 
as rotation perpendicular to the direction of flight of the UAV. 
 

 
Figure 11. Un-calibrated LiDAR data points following removal of roll error. Offsets between 
ground heights to the right and left of the image are caused by bore sight errors. 
 
7. After the full range of shift, scale and drift correction values were identified for flight 1 the 

same correction values were applied to flight 2 and the full dataset was merged into a single 
LAS file. Further corrections such as Find fluctuations in TerraMatch were not applied to 
these data as they would mask the actual accuracy of the LiDAR system. However, output data 
was clipped in an area centred over the site shed with a diameter of approximately 100 m. This 
area includes all ground control points for subsequent accuracy assessments. 

 
8. The relative accuracy of the LiDAR point cloud was assessed in terms of the degree of 

consistency between LiDAR points in overlapping strips and the internal quality of individual 
strips. Scale accuracy was determined by comparing distances extracted between well-defined 
features in the LiDAR point cloud with distances extracted from the Leica MS50 MultiStation 
point cloud.  Absolute accuracy was determined using a method similar to that outlined in 
Wallace et al. (2012): ground target locations within the LiDAR point cloud were extracted 
manually and compared to survey accurate field measurements. 
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UAV test flight over a Pinus radiata plantation 
The redesigned UAV LiDAR system (Figure 3) was calibrated using a technique similar to that 
outlined above, but made less complex because the LiDAR scanner in the new system is not 
mounted on a gimbal.  This system was flown over a trial site comprising thinned unpruned Pinus 

radiata in Uxbridge, Southern Tasmania (Figure 12). Lever-arm offsets and boresight corrections 
for the new LiDAR system were applied to the raw data. Final LiDAR outputs are presented in this 
report. 

 
Figure 12. Pinus radiata plantation study site, Uxbridge southern Tasmania 
 
 

Results 
Some key results are illustrated in this section.  Refer to the full technical report (Appendix to this 
FWPA Final Report) for details. 
 

 
Figure 13. Un-calibrated scan lines – illustrating spatial misalignment between strips 
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Figure 14. Flight lines following calibration for heading shift, roll shift, pitch shift and mirror scale. 

 
The adjusted point cloud had point densities ranging from approximately 150 pts/m2 to 
approximately 900 pts/m2 for individual flight strips. The point density of the final combined point 
cloud was approximately 1200 points per m2; the average spacing of points was 3 cm.   
Relative accuracy was assessed using the height differences between strips for areas over open bare 
ground and roof surfaces and was measured to be 0.085 m (average absolute value of the elevation 
difference) and by comparing distances between identifiable objects (roof points were identified in 
the point cloud manually, the locations of targets on tripods were identified by computing the 
average position of points) with the agreement between distances generally better than 10 cm. 
Absolute accuracy was assessed for raw calibrated flight lines and for flight lines following a rigid 
body transformation.  Targets on tripods were identified in the point cloud of each flight by locating 
the average position of points representing each target.  RMSE values for east, north and height 
were computed, with horizontal RMSE estimates approximately 25 cm and vertical RMSE 
approximately 15 cm.  
 

UAV LiDAR acquisition over a Pinus radiata trial site. 
The redesigned UAV LiDAR system (Figure 3) was calibrated using the methodology described 
outlined above and flown over a P. radiata trial site in Uxbridge in Southern Tasmania. 
Measured lever-arm vectors were X = -503.01mm, Y = 3.15mm and Z = 503.01mm in the 
Advanced Navigation Spatial DUAL GPS/IMU reference frame. Rotations of these vectors for 
calculation of the LiDAR unit reference locations were undertaken using the Advanced Navigation 
Spatial DUAL GPS/IMU Roll, Pitch and Heading values only as the gimbal was removed in this 
UAV design.  Boresight calibration values were: heading shift 0.0491 degrees, roll shift -0.0185 
degrees and pitch shift-0.0359 degrees. Drift in boresight calibration values was not evident in the 
new design. Calibration parameters were applied to raw LiDAR data in TerraScan (© TerraSolid). 
Final calibrated LiDAR data collected at the Uxbridge site is presented in Figures 15, 16, 17 with 
data from all flight lines shown, and in Figure 18 with data from only one flight line shown. 
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Figure 15. Calibrated LiDAR data (viewed from above), Pinus radiata plantation. 
 

 
Figure 16. Calibrated LiDAR data, Pinus radiata plantation. 
 

 
Figure 17. Section through the calibrated LiDAR data, Pinus radiata plantation. 
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Figure 18. Calibrated LiDAR data – one scan line only, Pinus radiata plantation. 
 

 
Conclusions 
This project achieved its objectives and delivered several important findings that can be used to 
help guide future research. The work demonstrated the utility of photogrammetric reconstruction for 
measuring lever arm offset values for UAV LiDAR calibrations. The work shed significant light on 
the characteristics of a suitable UAV calibration site and the techniques that can be used to 
undertake boresight calibrations of UAV LiDAR systems. In addition, the work delivered a simple 
LiDAR boresight calibration process for UAVs, together with recommended improvements to that 
process. 
The calibration approach developed has successfully been applied to a newly developed UAS 
LidAR system and field work undertaken to collect data over a P. radiata plantation forest. A dense 
point cloud was successfully acquired and early assessments of that data indicate good responses 
from, and penetration through the canopy and to the terrain. 
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Introduction and Background 
The aim of this unit of work was to develop new software routines for performing individual 
tree detection and counting from aerially-acquired 3D pointcloud datasets over softwood and 
hardwood plantations. This section describes the development of a software package 
“PointcloudITD” which can be used to detect and map the locations of individual trees, using 
a machine learning approach to classifying tree locations. 
During a previous FWPA-funded research project (FWPA PNC305-1213), a new 
methodology for individual tree detection was developed by Amrit Kathuria (Forest Science 
team, NSW Department of Industry, Lands & Forestry) (Kathuria et al. 2016). The approach 
used a two-stage process consisting of maxima-detection and crown classification using a 
logistical regression model built using hand segmented LiDAR pointclouds. The algorithms 
were implemented as a series of R scripts which were very effective at detecting trees over 
small areas, but suffered from poor computational performance when applied to larger multi-
hectare datasets. The work performed in this current project began as an effort to re-
implement these algorithms in software to provide improved computational speed and hence 
the ability to process larger LiDAR datasets (covering a whole stand or compartment). 
 

Overview of PointcloudITD Software 
PointcloudITD builds upon the approach of Kathuria et al. (2016) by using a two-stage 
process to detect and map tree locations from pointclouds. During the first stage of 
processing, candidate tree crown locations are identified in pointclouds by finding local 
maximas (peaks) in the data that form a set of potential crown/tree locations. The second 
stage of the process uses a classification model, which is built internally by the software 
using machine learning and user-provided maps of a small number of tree crowns within 
plots, to further refine the list of potential candidates into a definitive list of classified crowns. 
The software is primarily designed to be used with LiDAR measured pointclouds, but can 
also be used with pointclouds derived from other sources, such as from aerial 
photogrammetry. The software provides a basic Graphical User Interface (GUI) that allows 
the user to import pointcloud files in LAS format (support provided by the libLAS library 
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(http://www.liblas.org/)), import plot-based stem maps, configure and run different 
processing steps and export tree maps in a variety of formats including csv, text files and 
shape (.shp) files. 
 
The workflow model for the software allows a user to import pointcloud data in LAS format, 
generate canopy normalised points and rasterised canopy height models (or use existing 
classification built into the pointcloud), determine local maxima points and further 
distinguish actual crowns/stem locations from this set. In order to produce a classification 
model that interprets pointcloud data into tree crown labels, the software also provides the 
ability to load field acquired stem data (from DGPS surveys or other GIS sources), and use 
this data to develop a stem classifier that can be exported and used on any other lidar dataset. 
A typical workflow for using PointcloudITD to produce a tree map from a pointcloud dataset 
consists of the following steps: 

• Create a new project and import pointcloud datasets/tiles into the project 
• Generate height normalised pointclouds of the forest canopy and rasterised canopy 

height models in geotiff format 
• Detect and map local maximas in the canopy pointcloud 
• Extract focal statistics for each local maxima that correspond to features of the local 

points in the vicinity of each maxima, which are later used to help classify maximas 
into true crowns 

• Load user-provided stem maps and associated plot boundary data that is used by the 
software to extract training examples of actual stem locations 

• Build a classification model from the training examples 
• Deploy the training model to the entire pointcloud to detect tree locations, or export 

this classification model for use across other pointcloud datasets 
 
PointcloudITD is implemented in a combination of the C++ and python programming 
languages and is designed to work efficiently with large datasets, by processing multiple 
LiDAR tiles in parallel across the available processing cores on the machine used for running 
the software. For machine learning, PointcloudITD uses the open-source machine learning 
software tool kit “scikit-learn” (http://scikit-learn.org/) under-the-hood, providing an interface 
to a variety of different classification algorithms. 
 

Algorithms and Processing Steps 
The following sections describe algorithms used within the different processing steps 
performed by PointcloudITD. 
 

• Pointcloud normalisation 
Most steps in the processing workflow use points that are normalised to the terrain height, 
where the z-axis of points represents the canopy height above ground, rather than sea-level 
elevation or absolute height. The software tool provides the option (a) for the user to specify 
that the pointclouds being imported are already canopy height normalised points (if, for 
example, pre-processed using other software tools such as LAStools) or (b) the z-axis of 
points corresponds to absolute height. Where points are provided with absolute height (option 

155

http://www.liblas.org/
http://scikit-learn.org/


(b), the software provides the user with a processing option for producing normalised canopy 
height points as a pre-processing step.  
 

 
 

 
Figure 1. Two examples of colour segmented pointclouds (green: canopy, red/white: 
ground/non-canopy points) using the “Generate Normalised Canopy Points” pre-processing 
option. 
 
The processing step allows the user to specify whether the pointcloud data contains pre-
assigned classifications (such as ground points) that can be used to segment and subtract 
canopy points from the ground, or if no such classification data is available, the software uses 
an internal minima-finding strategy to segment ground-points and generate the canopy height 
model itself. This minima finding strategy is controlled by two parameters, which are user-
configurable. The first parameter “LM radius 1” is the minimum distance between local 
minima points used to represent the ground and the second parameter “LM radius 2” is the 
maximum horizontal search radius which is used to associate points to their closest ground 
point, then used for ground height subtraction. Finally, PointcloudITD removes canopy points 
that have a height above ground smaller than a user selectable threshold. 
Once pointcloud normalisation has been performed, PointcloudITD exports separate 
pointclouds corresponding to the located ground, actual canopy and the original points 
colour-coded by point type, each as separate files in ply format. Figure 1 illustrates two 
examples of colour-segmented pointclouds where green points correspond to canopy, and 
red/white points correspond to the ground plane/non-canopy objects. 
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(a) (b) 

Figure 2. Rasterised canopy height models generated using the “Generate Canopy Height 
Model (raster)” pre-processing option and viewed in QGIS (an open-source GIS tool). The 
colours represent canopy height, in this case processed from the LiDAR pointclouds at a 50 
cm grid resolution (user selectable). 
 
The canopy height normalised points are then stored in the corresponding project directory 
and are used for further steps in the processing chain. The software additionally provides the 
option to generate and export rasterised canopy height models in floating-point geotiff format 
that are viewable in GIS software (see Figure 2). 
 

• Local maxima finding 
Once canopy height points are available, a local-maxima finding strategy is used to produce a 
candidate list of tree-crowns (Figure 3). The user specifies (or uses pre-configured options for) 
the minimum distance between points (default 2 m) and the software determines the list of all 
canopy points that are the tallest point within their surrounding area of the radius specified. 
The algorithm additionally assigns to each local maxima a value representing the maximal 
radius within which the point continues to have the maximum canopy height, up to a user 
specified distance (or default value of 15 m). Internally, PointcloudITD uses a grid-based 
fixed radius near neighbours search (with computational time scaling linear with the number 
of points) (Bentley et al. 1977) to identify local maxima points. Detected local maxima are 
exported into several formats including csv, GIS .shp files and as a separate pointcloud file. 
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Figure 3. Example detected local maximas (candidate tree-crowns) overlaid with rasterised 
canopy height model data. 
 

• Feature/focal statistic calculation 
Later stages in the processing workflow use classification algorithms for selecting tree 
crowns from the candidate set of local maximas. This process relies on information that can 
be used to reliable distinguish the actual peak of a crown from other local maxima points that 
are not the true peak point of the tree. This information is potentially contained in the shape, 
distribution and density of the pointcloud surrounding the local maxima that makes up the 
structure of the canopy and stem. In order to provide a summative, quantitative description of 
this information, suitable for use as a decision/classification variable, PointcloudITD extracts 
summative statistics and other descriptors from all pointcloud points surrounding each 
detected local maxima. These sets of values are referred to as “focal statistics” or “features”. 
During this processing stage, feature variables are calculated for each local maxima using all 
pointcloud canopy points within a user-selectable radius around the point (default value of 15 
m). These feature values for each local maxima are exported in csv and other binary formats, 
and later used during the classification/refinement process. 
Table 1 provides a list of all focal statistics/features calculated by PointcloudITD and made 
available to the user for later classification stages in the processing workflow. Most focal 
statistics are calculated based on parameters associated with the local distribution of points in 
the pointcloud, with a subset of features being calculated based on the local raster 
information of the canopy height model, corresponding to the surface at the top of the canopy. 
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Table 1. Focal statistics and features calculated for each local maxima and used as variables 
for the classification/refinement processing step. 

Variable Source Description 

Height Points Peak height above ground 

Radius still Maxima Points Maximum radius to which point is still the maxima 

Point Count Points Number of points 

Hor. Dist. to Tallest Points Horizontal XY distance to tallest point 

Vert. Dist. to Tallest Points Vertical distance to tallest point 

Height Rank Points Number of points taller than this point 

Max. Height Points Height of tallest point 

Min Height Points Height of lowest point 

Mean Height Points Mean of all point height values 

Height Median Points Median height value 

Height Variance Points Variance of point heights 

Height Std. Dev. Points Standard Deviation of height values 

Mean above Mean Points Mean height of all points higher than mean 

Height Skew Points Skew of height distribution 

Height Kurtosis Points Kurtosis of height distribution 

Height Range Points Maximum minus minimum height 

Height Rel. Range Points Height range divided by height mean 

Height 10% Points 10th percentile height 

Height 20% Points 20th percentile height 

Height 30% Points 30th percentile height 

Height 40% Points 40th percentile height 

Height 50% Points 50th percentile height 

Height 60% Points 60th percentile height 

Height 70% Points 70th percentile height 

Height 80% Points 80th percentile height 

Height 90% Points 90th percentile height 

RasterCHM std. 
dev. 

CHM 
Raster 

Standard deviation of heights from CHM raster 

RasterCHM 
Gradient Mag. 

CHM 
Raster 

Average magnitude of the gradient of CHM raster 

RasterCHM 
Gradient Dir. 

CHM 
Raster 

Average direction of the gradient of CHM raster 
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Figure 4. Comparison of detected local maxima and overlaid plot data stem map attained 
using differential GPS measurements in the field. The software makes associations between 
these points as training instances of actual crowns/stems which are used to train the 
classification model. 
 

• Training data association 
Training stem locations are loaded as csv files containing a list of 2D tree stem locations 
mapped in the field and a corresponding plot number/id. Data on the plot boundaries must 
also be provided; the software allows for the user to specify plot centers, shape (circular or 
square) and the dimensions of each plot. The software then takes the plot stem maps and 
associates detected local maximas using a nearest neighbours association algorithms (with 
user-definable maximum association distance). All associated local maximas become positive 
training examples (for the location of a stem/crown) which are later used in classification 
model training. The remaining un-associated local maxima that lie within the specified 
sampling plot boundaries become negative training examples (detected maxima, that 
according to the plot data, do not correspond to actual stems/crowns). PointcloudITD exports 
crown positions used as positive and negative training examples in .shp format (Figure 4). 
 

• Classification model training and tree detection 
Once the training data has been loaded, the user can build a stem classification model. The 
software takes both positive and negative training examples and builds a discriminative 
classifier based on the associated feature vectors/focal statistics of each positive/negative 
crown. This stage in the software interfaces to Scikit-learn which provides an interface to a 
number of user-selectable classification algorithms (a Support Vector Machine (SVM) 
classifier (Cortes & Vapnik, 1995) is used by default). This stage of the processing performs 
automatic cross-validation to optimise classifier parameters and provide an estimate of the 
classification accuracy. The resulting classification model can take as an input the feature 
vector/pointcloud focal statistics for any other detected local maxima and determine whether 
this is likely to be a real crown or not. The classification model itself is also exported to a 
portable file that may be loaded into other projects with other pointcloud sources, lacking plot 
training data. 
Once a stem classifier has been trained, or imported into the current project from an external 
source, or different project, the software uses the model to refine the list of detected local 
maxima in the project into a list of detected tree crowns. The resulting list of crown locations, 
and corresponding canopy heights are then exported in a range of formats including csv files 
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and GIS .shp files. The resulting output files represent estimated stem locations, from which 
further analysis can be performed to evaluate tree density and stocking. 
 

PointcloudITD Software Results 
 
Table 2. Current software processing times per 100 hectares for major steps in processing 
chain (2.9GHz Intel Core i7 dual-core processor).  
 

Processing Step Processing time (sec) 

Canopy Height Model/Point Normalisation 35.5 

Maxima Finding (2.0-15.0 m) 3.5 

Focal Statistics Calculation 33.0 

Classify Stems 0.8 

Total: 72.8  

 

• Computational performance of software 

PointcloudITD was run on a dual-core laptop computer using a pointcloud dataset with 
approximately 13.2 million points over a 100 hectare area containing approximately 40,000 
stems as a benchmark for assessing the computational performance. The software takes 
approximately 1 minute and 12 seconds for complete processing with most time spent 
producing a canopy height model from the raw pointcloud data and during calculation of 
focal statistics used for training and classification (Table 2). These results indicate that a 
typical forest resource unit of 10,000 hectares could be processed in approximately 1 hour 
using a two core computer (typical laptop computer) or 18 minutes on a eight core computer 
(typical high-powered desktop computer). 

 

• Tree detection accuracy 

Using LiDAR data (having an all returns point density of 27 and last only returns of 14 per 
m2) that was acquired for HQPlantations over a 47 ha, 1982 Age Class compartment in a 
Pinus carribea var. Honduras plantation, the accuracy of tree detection/stem counting from 
PointcloudITD was assessed. Reference data consisting of stem maps of twenty 0.06 ha plots 
surveyed using a Trimble GEO7X with an attached Rangefinder were used for classification 
training and validation. Stem maps for ten randomly selected plots were imported into the 
software and used to build a classification model, which was then applied to the dataset for 
the entire 47 ha area. Three focal statistics were used for training; the crown height, “radius 
still maxima” and the vertical distance to the tallest point.  
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Figure 5. Refinement of detected local maxima into classified tree crowns: all points shown 
are detected local maxima. Green points are those maxima that have been positively 
classified as tree crowns based on the machine learning stage, whereas red points are local 
maximas that have been disregarded based on the classifier output. 
 
Figure 5 illustrates detected tree crowns (in green) overlaid with rasterised canopy height 
model data. Shown in red and detected local maximas that have been rejected as tree crowns 
during the classification/refinement stage of processing in the software. During the machine 
learning phase, positive training examples are used reinforce a classifier model that 
automatically eliminates false detections based on, in this instance, canopy height (as a 
feature). Figure 6 shows a comparison between the actual number of stems per 0.06 ha plot 
(from field-based data) with the detection counts using the classified stem map. Stem 
detection accuracy was 85% when comparing the sum of true positive and true negative 
detections to the total number of surveyed stems across the ten plots. The resulting count of 
detected trees in the validation plots had a bias of 1.7% and RMSE of 7.25%. 
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Figure 6. Comparison of number of true and detected stems in 10 validation plots (0.06 ha) 
using the software tool, where the stem classification model was trained using stem map data 
from another 10 training plots. 
 
Stand stem densities are commonly estimated through a statistical area-based approach (ABA) 
(e.g. White et al. 2013). Often, however, stand density is predicted with only a moderate 
degree of precision from LiDAR data when compared with other stand-level variables such 
as mean stand height and volume (e.g. Peuhkurinen et al. 2011). Woods et al. (2011), for 
example, used LiDAR and an ABA methodology for an inventory on a Pinus banksiana 
stand and reported a relative RMSE value of 6.5% for mean tree height and 9.0% for 
quadratic mean diameter at breast height but 28.5% for stocking (stems ha-1). Whereas 
Kathuria et al. (2016) reported an RSME% of 5.7 for tree crown detection across a range of P. 
radiata stands. It is therefore recommended that this PointcloudITD software can be applied 
for an accurate estimate of stand stocking and then this tree-level parameter used as a 
predictor in subsequent ABA predictions.   
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Reference Guide for the operation of PointcloudITD 
This section provides more details on the software interface and operation of PointcloudITD 
including instructions for using the software during a typical workflow. 
 

• Installation: Windows 
Unzip the software zip file to any location on your machine. Run ‘pointcloudITD_GUI.exe’ 
by double-clicking to launch the GUI. 
 

• Other Suggested Free/Open Source Software 

Pointcloud ITD does not provide functionality for visualisation of results during the different 
processing steps, however outputs are provided in a project data directory in common file 
formats which can be accessed by the user. There are a number of suggested, open-source or 
free cross-platform tools which can be used for visualising results and partial results during 
the use of PointcloudITD: 

o CloudCompare (http://www.danielgm.net/cc/): Pointcloud viewer, is compatible 
with .las and .ply file formats 

o Meshlab (http://www.meshlab.net): An alternative pointcloud and 3D geometry 
viewer, compatible with ply 

o QGIS (http://www.qgis.org): A free Geographical Information System (GIS) 
environment, capable of viewing, editing and annotating a geodata in a variety of 
vector and raster formats, including the geotif images and shp files produced by 
PointcloudITD 

 

 
Figure 7. PointcloudITD Software Main Project Window 
 

• PointcloudITD Main Window 
The software uses a simple graphical interface to perform steps in the processing chain. The 
main software window (Figure 7) includes options for starting, loading and saving projects, 
editing processing options and performing processing steps. The user creates a project file, 
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which stores information about the state of the processing and creates a corresponding 
directory where all processed outputs are saved. Once a project is started, pointcloud files can 
be imported to the project is LAS format. Multiple pointcloud tiles can be associated with a 
single project. 
 

• Starting a New Project 
After opening the software, click on “New Project” in the main window. Use the file dialog 
to select a location to save the project and all of it’s working files. Ensure that the project 
name contains no spaces. PointcloudITD will create a project file and directory at the selected 
location and name. The project file uses the extension “.itd” and contains information about 
the state of processing, sources to the original pointcloud data and saved project options. The 
project file uses an xml format. The project creates a directory in the same location as the 
project file that has the name “<projectname>_itdfiles”. The outputs of all processing are 
stored in this directory and accessible to the user. At any time, the project may be saved by 
pressing the “Save Project” button on the main window. This saves information to the “.itd” 
project file and should be performed before exiting the software. 
 

• PointcloudITD project data directory structure 
Data within the project data directory is ordered according to the different processing steps. 
The sub-directories within the project data directory are: 

o “chm_points”: contains outputs from “Generate Normalised Canopy Points” 
o “chm_raster”: contains outputs from “Generate Canopy Height Model (raster)” 
o “localmaximas”: contains outputs from “Compute Local Maximas” 
o “focalstats”: Contains outputs from “Compute Focal Statistics” 
o “classifier”: Contains outputs from “Load Stem Training Data”, “Build Stem 

Classifier” and “Locate/Classify Stems”. 
 

• Opening an Existing Project 
To open an existing project, click on the “Open Project” button. Use the file dialog to 
navigation to the location of the project file and data directory and double-click on the 
project’s “.itd” file. Once a project is loaded, information about the current state of 
processing is provided in the project details tab including the number of pointcloud files, total 
number of points, number of detected local maxima and number of classified crowns. 
 

 
Figure 8. PointcloudITD project options window 
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• Project Options 
To configure the options for the project, click on the “Project Options” button on the main 
window. This opens a separate project options window (Figure 8) that allows the user to 
configure options associated with the different processing steps. Options are grouped 
according to the blue text above each group of options: 

o Point Normalisation Options: 
o Extract Ground from Classification: If this option is checked, 

PointcloudITD will use the classification data contained within the LAS file to 
locate ground points when normalising points. If unchecked, PointcloudITD 
will try to find ground points using a local minima finding strategy. 

o LM Radius 1: When the “extract ground from classification” option above is 
checked, this parameter represents the minimum distance between detected 
local minima/ground points. 

o LM Radius 2: When the “extract ground from classification” option above is 
checked, this parameter represents the maximum distance to which the 
algorithms searches for a nearby ground point when normalising each canopy 
point 

o Minimum Canopy Height: All canopy points with a height below this 
threshold are removed from the final normalised canopy pointcloud. 

o CHM Raster Generation: 
o Raster Grid Resolution: Grid resolution to be used when producing 

rasterised CHM is tif format. These raster files are used mainly for 
visualisation, and are not used during further processing steps. 

o Local Maxima Finding: 
o Minimum Radius: Minimum distance between detected local maxima points. 

The detected local maxima points are the set of all points for which there 
exists no taller point within a radius around the point of this value. 

o Maximum Radius: Each local maxima is assigned a feature value “radius still 
maxima” which is computed during maxima detection. “Maximum Radius” is 
the maximum distance out to which the algorithms searches for taller points 
when calculating this value. 

o Focal Statistics: 
o Radius: When calculating features/focal statistics for each local maxima, 

radius is the maximum distance to a point for it to be included in the 
calculations for a given local maxima. 

o Training Stems: 
o Maximum Association Radius: When training points are loaded by the user, 

a nearest neighbour strategy is used to associate detected local maximas to 
mapped stems. This parameter represents the maximum distance between 
training stems and detected local maxima for an association to be made. 
Detected local maximas with no associations within this radius, but still within 
the boundaries of the sampled plot area are used as negative training examples 
(i.e. a detected local maxima that is definitely not a crown peak point/stem). 

o Classifier Training: 
o Classifier Type: The type of classification algorithm used for the 

classification model. Only the “SVM” (Support Vector Machine) is available 
in this current version of the software. 

o Training Fraction: Fraction of stems to be used as a training set (the rest 
being used as the test set) for each randomised trial of cross-validation that 
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occurs internally to the software in order to optimise classification parameters 
and provide an estimate of detection accuracy. 

 

 
Figure 9. Importing pointclouds: option to import clouds in normalised coordinates 
 

• Importing pointclouds 
PointcloudITD allows for multiple pointcloud files to be imported into a single project file. 
PointcloudITD will process pointclouds across multiple files in parallel, reducing total 
computation time for datasets with large numbers of points. Click on “Import .las files” in the 
main project window and use the file dialog to select one or multiple .las format files to 
import into the project. Once files are imported in, the import button can be clicked additional 
times to load other files from different file system paths. LAS files imported into a project 
must be compatible with the LAS file format version 1.3 or below, as files coded to a higher 
version number of the las format are not compatible with liblas. When pointclouds are 
imported into a project, the user is prompted to indicate if the points have already been height 
normalised (z-axis represents height above the ground). Select “Yes” if this is the case or 
select “No” for points with z-axis coordinate measured in absolute height. For points that are 
already in normalised form, the software copies the point data into the project and disables 
access the  first stage of processing “Generate Normalised Canopy Points”, which is no long 
necessary to perform.  
 

 
Figure 10. PointcloudITD Processing Progress Window 
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• Processing Step: Generate Normalised Canopy Points 
Once pointclouds have been loaded into a project and options configured, the project should 
be saved by the user. The first stage of processing is to produce a normalised canopy height 
model for the pointcloud dataset (for datasets which were loaded with absolute z-axis height). 
Click on the “Generate Normalised Canopy Points” button under “Processing Steps” on the 
main project window. A processing progress window will open to inform the user of the 
progress in performing this processing step. Once the processing window is completed, the 
window will indicate the caption “finished”, at which point this progress window may be 
closed. 
Within the project data directory “chm_points”, the project stores .ply format files of the 
resulting pointclouds for the canopy, ground points and all points, colour labelled by type. 
Files are named according to the filename of the original las file the data originates from. 
 

• Processing Progress Window 
During processing steps, the software provides a processing progress window that provides 
an overview of the total progress associated with the current processing stage (Figure 10). 
The software uses a multi-core parallel processing architecture to allocate processing tasks 
across available processors on a single machine in order to minimise processing/computation 
time. The window displays information on the overall progress of the current tasks and 
progress of individual processes. The window also provides a status console for detailed 
feedback on the status of each process. At anytime, the processing step can be cancelled by 
closing the progress window. The user will be prompted for confirmation before the 
processing halts and control returns to the main software window. When the processing for a 
given task has completed, the progress window will display the caption “finished”, after 
which the user can close the progress window in order to move onto the next step of 
processing. 
 

• Processing Step: Generate Canopy Height Model (raster) 
PointcloudITD provides the ability to generate and export a rasterised canopy height model 
(surface of tallest points along the top of the canopy) in geotif format. Click on the “Generate 
Canopy Height Model (raster)” button on the main window to perform this step. Geotif files 
are stored in the project directory “chm_raster”. These files are mainly for visualisation 
purposes, and are not used during further processing steps. 
 

• Processing Step: Compute Local Maximas 
Once PointcloudITD either has access to previously loaded canopy normalised points, or 
these points have been generated in the previous processing step, click the “Compute Local 
Maximas” button under “processing steps” to compute local maxima points. Results are 
stored within the “localmaximas” sub-directory. The local maximas are saved in .csv, .txt 
and .ply formats for each separate pointcloud file loaded into the project and in .shp file for 
(“all_maximas.shp”) for all local maxima points within the whole project. 
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• Processing Step: Compute Focal Statistics 
Once local maximas have been computed, click “Compute Focal Statistics” in order to 
calculate the values for all focal statistics/features for each local maxima. Values for all 
available variables are computed and saved in .csv format within the “focalstats” sub-
directory of the project. 
 

• Processing Step: Load Stem Training Data 
In order for pointcloudITD to build a classification algorithm that distinguished tree 
stems/crown peak points from other local maximas in the pointcloud, training examples of 
points corresponding to both real crowns (positive examples) and example corresponding to 
local maximas that are not crown peaks (negative examples) are needed. To produce this data, 
pointcloudITD allows the user to upload data containing stem maps over plots from 
information collected in the field. PointcloudITD uses the local maximas that are the closest 
match to the stems within the provided training data as positive examples and all other 
unassociated local maximas (that fall within the specified plot boundaries) become negative 
examples. 
Training plots should be loaded as one csv file per plot. The first row of the csv file should 
contain the plot type (either “circle” or “square”), the X (easting) coordinate of the plot center, 
the Y (northing) coordinate of the plot center and the plot dimension (radius of the plot for a 
circular plot or length of one edge of the plot for a square plot). Each subsequent row should 
have four values for each stem that was mapped within the plot: the stem number (1 to N), 
the X coordinate, Y coordinate and a zero value. Figure 11 illustrates an example training 
plot csv file (viewed in Microsoft excel and as a raw ascii file).  
Once a training file is loaded, the number of positive/negative associations computed from 
the training data is displayed to the user. 

  
(a) (b) 

Figure 11. Example stem map training data csv file (a) viewed in Microsoft Excel and (b) in 
raw ascii form 
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• Project options and classification feature selection windows 
The classification feature options window provides the ability for the user to select which 
specific focal statistic values will be used during classification model training, in order to 
allow customisation to different datasets (Figure 12). These options should be selected prior 
to building a classification model. The default values include the height, radius still maxima, 
vertical distance to tallest point and raster CHM features. The full list of options is described 
in Table 1. 
 

• Processing Step: Build Stem Classifier 
Once training data has been loaded and the desired training features/focal statistics configures 
from the classification features options window, click on “Build Stem Classifier” to train a 
classification algorithm. A dialog window appears indicating the model is currently being 
trained, and this dialog automatically disappears when training is finished. The classification 
algorithm performs internal cross validation to estimate the detection accuracy of the classify 
(number of true positives and false negatives compared to total local maximas within each 
plot) and this accuracy is displayed in the project information window. The classifier can be 
re-generated using new features by opening the classification feature options window, 
choosing different features by clicking on/off on the selection boxes, clicking OK and 
clicking “Build Stem Classifier”. Variations in the cross-validation accuracy can provide an 
indication of the expected performance of the classifier, and can be used to help choose the 
best sets of classification features to use for a particular pointcloud dataset/ forest 
environment. 

 
Figure 12. PointcloudITD classification feature options window 
 

• Importing a stem classifier from another project 

Once a classifier has been built, it can then be imported into other pointcloudITD projects and 
used to classify points. To import a classifier into a project, click on the “Import Stem 
Classifier” button on the main window. Use the file dialog to navigation to the location of the 
project from which the classifier will be imported and select the project’s “.itd” file and click 
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open. Once loaded, the classifier can the be used and the project’s information window 
should indicate the cross validation performance of the classifier. 
 

• Processing Step: Locate/Classify Stems 
Once a stem classifier has been built or imported from another project, it may be used to 
classify the set of local minimas and create a set of refined tree crown points. Click on the 
“Locate/Classify Stems” button on the main project window. When the process has 
completed, the list of crowns is stored in “all_classified_crowns.csv” and 
“all_classified_crowns.shp” in the classifier sub-directory of the project data directory. 
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Introduction and Background 
The aim of this unit of work was to investigate the use of aerial and remote sensing tools 
(including manned aerial photography, UAV high-resolution imagery and satellite imagery) 
for quantifying Coarse Woody Debris (CWD) and other residues left over after harvesting in 
a Pinus radiata compartment. Interest in quantifying post-harvest CWD stems from and the 
ability of forest managers to account for the correspondence between estimates of pre-harvest 
yields, measured post-harvest yields and potential yield that has been left behind after 
harvesting. The quantification of post-harvest residues may also be important in the context 
of recent interests in the use of residues as a source of biofuel (Steele et. al. 2008), hence 
allowing forestry managers to quantify this resource. 
The literature on analysis of residues and CWD in forestry from satellite and aerial imagery is 
reasonably sparse. Satellite imagery has been used to assess post-harvest residues of other 
crops (for example (Daughtry et al. 2004)) and for CWDs have been analysed using satellite 
(Huang et al. 2009) and aerial photography (Ortega-Terol et al. 2014; Smikrud & Prakash, 
2006). Satellite imagery used in (Huang et al. 2009) with a spatial resolution of 4 m resulted 
in poor approximations of CWD. The higher resolution aerial photography used in (Ortega-
Terol et al. 2014) (9cm per pixel) resulted in good discrimination of CWD and Large Woody 
Debris (LWD) where such discrimination was performed by manual image annotation. 
The aim of this unit of work was to develop methods for collecting aerial imagery over post-
harvest sites and develop post-processing and analysis routines for quantifying the volume of 
CWDs present at a site. We considered the potential to measure CWD from (a) manned aerial 
photography (9 cm per pixel) (b) UAV high-resolution photography (up to 2 mm per pixel) 
and (c) different multi-spectral satellite imagery sources for which spectra/colour might be a 
distinguishing feature from which CWD could be measured. 
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(a) 

 
(b) 

 
(c) 

Figure 1. (a) One hectare area of post-harvest forest acquired using aerial photography at 9 
cm per pixel. (b) zoomed-in region corresponding to red box in (a) illustrating mix of debris 
and other residue at the site. (c) hand labelled training examples (white pixels) of Coarse 
Woody Debris (CWD) used to provide training examples to a supervised image classification 
scheme. 

 

Analysis of coarse woody debris from manned aerial photography 
Colour manned aerial photography, with a spatial resolution of 9 cm per pixel was acquired 
in October 2014 over post-harvest compartments at Canobolas State Forest, near Orange in 
NSW (Figure 1 (a,b)). The imagery data was used to test the feasibility of an automated 
image processing routine for segmenting CWDs from other background material and ground 
coverage types at the site. Sections of CWD debris were manually annotated (see Figure 2 (c)) 
in the imagery by producing a secondary image layer with the location of CWD material 
represented using white pixels, in order to provide training data for a supervised image 
classification scheme. Gabor filter banks (Feichtinger & Strohmer 1998) over a range of 
different scales and frequencies were used as texture descriptors and combined over the red, 
green and blue channels of the image in 16-by-16 pixel patches to provide features by which 
the classification scheme labelled image regions using a Support Vector Machine (SVM) 
classifier (Cristianini & Shawe-Taylor 2000). The image classifier was then applied across 
the imagery scene in order to label each pixel based on its probability of corresponding to 
CWD material 
Figure 2 shows results of the classification output applied across the site where image 
intensity corresponds to classification output representing the probability/confidence of the 
image pixel corresponding to CWD (i.e. white equals high confidence CWD, grey is 
uncertain and black equals high confidence non-CWD objects and surfaces). Results 
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demonstrate reasonably low false negative rates (CWD incorrectly labelled as bare ground or 
other classes), however reasonably high false positive rates (non-CWD material labelled as 
CWD), partly owing to training data not being able to always provide a conclusive decision 
on CWD presence/absence where debris sizes are small. 
 

(a) (b) 

Figure 2. (a) Output of supervised image classification algorithm where grey-scale intensity 
is proportional to classifier confidence in the presence of CWD. (b) zoomed-in region of 
study site corresponding to red box in (a). 
 
Results indicated that the textural and shape properties that make CWDs distinguishable from 
other background material were unlikely to be present in imagery with a spatial resolution as 
low as 9 cm per pixel, hence motivating the investigation of sources of higher spatial 
resolution imagery. 
 

Mapping of coarse woody debris from UAVs using high-
resolution imagery and structure-from-motion 
The potential of aerial imagery data to quantify post-harvest CWDs was further assessed by 
examining high spatial resolution imagery available from lower flying UAVs. High-
resolution UAV-based colour imagery (< 1cm per pixel) was collected and post-processing 
routines developed to quantify CWDs. 
 

• October 2015 Fieldwork at Canobolas State Forest 

In October 2015, fieldwork was undertaken at the Canobolas State Forest in order to collect 
additional data for the development and testing of new approaches for evaluating post-harvest 
residues using high-resolution aerial imagery data. The objective of the fieldwork was to 
collect high-resolution aerial imagery of post-harvest sites with corresponding in-situ 
measurements of the quantity of woody debris to act as a benchmark for evaluation of new 

175



techniques. Harvesting at the site had occurred in May 2015, and the site was characterised 
by a combination of CWDs and a combination of partially-senesced and live pine needles 
(see Figure 3 (a)).  
 

  
(a) (b) 

Figure 3. (a) Post-harvest residue at fieldwork site at Canobolas State Forest. (b) Falcon-8 
UAV used to collect airborne datasets during fieldwork. 
 
At the study site, nine sampling quadrats were selected, each a 10 by 10 m square region of 
ground. Plots were characterised visually to have either a “low”, “medium” or “high” 
quantity of debris and this was confirmed using a commonly used log measurement 
methodology based on Huber’s formula to estimate all the CWD in each plot (van Laar & 
Akca 2007). Plot locations were selected to achieve three plots for each of these 
classifications. Plot locations were measured by tape measure and marked out using survey 
poles. Survey-grade (cm-accuracy) Differential-GPS (DGPS) was used to measure the 
locations of the plot coordinates, and these were marked using 15 by 15 cm purple visual 
targets to ensure plot boundaries were visible from the air. 
An AscTec Falcon-8 UAV, provided by the ACFR, (Figure 1 (b)) was flown over the study 
site to collect geo-referenced colour imagery. The UAV uses eight controlled rotors and an 
on-board navigation system using inertial sensors and GPS to provide fully-autonomous 
trajectory following control over a pre-arranged flight path. Take-off and landing of the UAV 
was performed manually by an experienced remote aircraft pilot from a 1-by-1 m wooden 
board (placed on an adjacent road) with a laptop-based ground station operated from the back 
of a parked four-wheel drive. The AscTec Falcon-8 can fly at altitudes from 10-100m with an 
endurance of approximately 15 minutes. The UAV carried a consumer-grade colour digital 
camera with a resolution of 24MPix, which provided a resolution on the ground of 
approximately 2mm per pixel at 15m altitude and 4mm per pixel at 30m altitude. A single 
flight at 30m altitude was used to cover the entire study site of approximately 4.5 hectares 
and four targeted flights at 10-15m altitudes were used to image each 10 by 10 m sample plot 
area at the highest possible resolution (approximately 2 mm per pixel).  
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(a) 

 
(b) 

 

 
(c) 

Figure 4. Post-processed high-resolution imagery maps using data collected from a UAV of 
post-harvest fieldwork sites. (a) Imagery mosaic from 30m altitude UAV flight. (b) Oblique 
view of photo-textured 3D topographic model generated from imagery using structure-from-
motion. (c) Zoomed-in view of high-resolution imagery mosaics illustrating detailed features. 

 
Collected images were post-processed using a custom structure-from-
motion/photogrammetry software package developed at the ACFR (Bryson et al. 2013) (also 
using on-board UAV navigation data) to produce high-resolution geo-referenced imagery 
mosaics and digital surface models (Figure 4 and Figure 5). This software provides a 
capability similar to software such as Agisoft Photoscan (http://www.agisoft.com/) of 
VisualSFM (http://ccwu.me/vsfm/). All UAV flights were performed in the morning of the 
7th October. Subsequent to the UAV flights, in-situ measurements of woody debris were 
made by hand in the field. Survey-grade DGPS was used to measure the location of each and 
every stump located in each plot. The diameter and height of each stump was measured by 
hand using a tape measure. Within each plot, all pieces of wood with diameter greater than 
2.5cm were manually measured in the field using callipers and a tape measure. The length 
and mid diameter of all pieces was recorded, and wood marked with spray paint to avoid 
double-counting. 

 

• Analysis of High-resolution UAV Imagery Data 
The first stage of post-fieldwork activities focussed on manual, digital annotation of imagery 
data collected from the UAV for the purposes of (a) developing new desktop-based methods 
for quantifying post-harvest debris as an alternative to manual counting in the field and (b) to 
provide baseline results for automatic image analysis techniques for performing 
quantification from images.  
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(a) 

 
(b) 

Figure 5. Data for plot number 2 of 9: (a) photomosaic layer with overlaid plot boundaries 
(10x10m quadrat), (b) Digital Elevation Model (DEM) layer, gray-scale colour corresponding 
to surface height, from which stumps and logs are visible. 
 

 
(a) 

 
(b) 

Figure 6. Imagery and annotation data for plot number 4 of 9: (a) photomosaic layer with 
overlaid plot boundaries (10x10m quadrat), (b) additionally overlaid are digitally-annotated 
locations/boundaries of all coarse woody debris with diameter greater than 2.5cm. 

 
For each of the imagery mosaics over the 10 x 10 m plots, stumps and all visible woody 
material with a diameter greater than 2.5 cm were manually annotated using ImageJ version 
1.41 (https://imagej.nih.gov/ij/) and visualised using QGIS version 2.8 (http://www.qgis.org). 
The coordinates of all visible CWD and the outlines of stumps were annotated by manually 
clicking on the imagery coordinates corresponding to the outline of each piece of visible 
wood or stump, hence creating a separate closed polygon in the two dimensional coordinates 
of the image for each piece (Figure 6 (b)). All polygon coordinates were transformed from 
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image coordinates into horizontal Northing and Easting coordinates in meters using the geo-
registration parameters of the imagery mosaic.  
 
For each polygon corresponding to a piece of CWD (excluding stumps), python scripts were 
used to compute the major and minor axes of the polygon in the horizontal X-Y plane. 
Polygons were then approximated as cylinders with length provided as the major axis of the 
annotated polygon and diameter from the minor axis of the polygon. The volume of each 
piece was then calculated a V = lπr2, where V is the volume, l is the length and r = d/2 where 
d is the diameter. The same calculation for volume was applied to the list of in-situ, 
manually-measured wood from the field (diameters and lengths) to yield reference 
measurements of total log timber volume for each plot. 
 
For visible stumps, the outlines recorded in the annotated polygons were used to calculate the 
average diameter and cross-sectional area at the height for which the tree had ben felled. In 
order to estimate the volume of each tree stump from the annotated polygon, information 
about the stump height was extracted from the digital surface height model imagery layer (see 
Figure 4 (b)) provided through structure-from-motion image processing. For each annotated 
stump (circular polygon drawn around stump boundary), another polygon was automatically 
created, a doughnut shape, extending out 10 cm from the stump boundary. The height of the 
stump was calculated by taking the mean elevation of all pixels from the digital surface 
model imagery layer inside the original stump polygon and subtracting the minimum 
elevation measurement from within the second doughnut shaped polygon (approximating a 
region of ground around the stump). This height was then multiplied by the cross-sectional 
area of each stump to estimate the stump volume. 
 
The total estimated volume of CWDs and stumps for each plot from aerial imagery analysis 
was compared to the volumes calculated from manual measurements made in the field, and 
regression analyses performed. Figure 7 illustrates total plot log volume measured in the field 
(in-situ) vs. estimates of CWD volume derived from annotated imagery for each of the nine 
10 x 10 m quadrats (fallen logs/debris timber only, excluding stumps). The measurements 
derived from annotated imagery had a very good correspondence (r2 = 0.986) to those 
measured in the field, suggesting that wood counting from manually annotated imagery 
provides estimates of debris equivalent to the in-situ, manual measurements. Differences 
were due to a number of factors: not all timber was visible from the air, as in some quadrats 
large pieces of debris lay underneath other branches and pine needle foliage, making it 
difficult to discern from the air and it is not known as to what degree the manually-
ascertained in-situ measurements of volume are accurate.  
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Figure 7. Comparison of in-situ measured total plot log volume vs. volume calculated from 
digitally-annotated logs/coarse woody debris (excluding stumps) across nine plots. Blue line 
indicates a linear regression between the data points (r2 = 0.986) (red dotted line shows a 
unit-slope line representing a perfect one-to-one relationship for comparison). 
 

 
Figure 8. Comparison of in-situ measured vs. digitally-annotated stump areas for 37 stumps 
identified across nine plots. Blue line indicates a linear regression between the data points (r2 
= 0.970) (red dotted line shows a unit-slope line representing a perfect one-to-one 
relationship for comparison). 
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Figure 8 illustrates the relationship between in-situ measured and digital-annotation measured 
stump areas for all 37 stumps located in both the imagery and measured in the field, and 
Figure 9 illustrates the relationship between measured height and digital surface model 
extracted height. The field vs. imagery-derived data were associated to one another using the 
DGPS position measurements made in the field. It was observed that not every stump 
measured in the field could be located in the aerial imagery; there were 4 stumps in total 
across 9 plots that were measured on the ground but could not be observed from the air as 
they were occluded by other debris. Likewise, 2 stumps were identified from the aerial 
imagery that were missed during the ground survey. The following results correspond only to 
stumps that were successfully located in both the ground data and aerial imagery. 

 
Figure 9. Comparison of in-situ measured vs. digitally-measured stump heights for 37 
stumps identified across nine plots. Blue line indicates a linear regression between the data 
points (r2 = 0.373) (red dotted line shows a unit-slope line representing a perfect one-to-one 
relationship for comparison). 
 
Although stump areas corresponded well (r2 = 0.970, Figure 8), the correspondence between 
stump heights measured in the field vs. those extracted from digital surface models was poor 
(r2 = 0.373, Figure 9). This was owing to several factors including the fact that the digital 
surface model sometimes only provided measurements of canopy elevation (rather than 
ground elevation) because of clutter. 
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Figure 10. Comparison of in-situ measured total plot stump volume vs. volume calculated 
from digitally-annotated stumps across nine plots. Blue line indicates a linear regression 
between the data points (r2 = 0.706) (red dotted line shows a unit-slope line representing a 
perfect one-to-one relationship for comparison). 
 
Accounting for both the height and cross-sectional area of stumps, the total volume of stump 
timber was calculated for each plot using both the in-situ measurements and those derived 
from aerial imagery. Figure 10 illustrates the correspondence between plot stump volume 
estimates. The results indicated a relatively weak correspondence (r2 = 0.706) owing to the 
relatively inaccurate estimates of stump height. 
Taking the total timber volume for both stumps and logs/debris on the ground and adding 
them together, Figure 11 illustrates the relationship between in-situ vs. aerial imagery-derived 
total timber volume for each plot. The correspondence between in-situ measurements and 
aerial-imagery derived measurements is high (r2 = 0.983), owing to the fact that logs/debris 
contributed more significantly to the total timber in each plot than stumps.  
The results indicate that the use of UAV-derived, high-resolution imagery and digital 
annotation of the imagery provided an alternative to in-situ, field-based manual 
measurements (callipers and tape measure), with equivalent measurement results, and hence 
accuracy.  
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Figure 11. Comparison of in-situ measured total plot timber volume (stumps and coarse 
woody material) vs. volume calculated from digitally-annotated logs/stumps across nine plots. 
Blue line indicates a linear regression between the data points (r2 = 0.983) (red dotted line 
shows a unit-slope line representing a perfect one-to-one relationship for comparison). 
 

• Automated Image Processing for Quantifying Woody Debris 
The eventual goal of this aspect of the research is to develop automatic image post-processing 
algorithms that would effectively eliminate the need for any manual annotation work after 
imagery collection, allowing much larger areas to be surveyed, thus producing a better 
estimate of post-harvest debris across a working area. Initial work was performed into 
automated segmentation approaches for detecting, segmenting and quantifying coarse woody 
debris in high-resolution imagery collected. The ability to automatically analyse and interpret 
imagery collected by a UAV for quantifying debris would provide considerable savings in 
time (and hence cost) when compared to manual annotation of the imagery, and potentially 
allow for a larger and more accurate sample of a management unit to be quantified than the 
area that can feasibly be annotated manually. 
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Figure 12. (a) Section of imagery mosaic derived from UAV imagery, (b) initial stump 
segmentation results (stump pixels labelled in yellow), (c) initial coarse woody debris 
segmentation results (coarse woody debris locations labelled in yellow). 
 
Image detection algorithms for both CWDs and stumps were developed. A stump detection 
algorithm was developed that used a Histogram of Oriented Gradient (HOG) (Dalal & Triggs 
2005) feature descriptor combined with a Support Vector Machine (SVM) (Cortes & Vapnik 
1995) classifier to segment pixels in the mosaic imagery according to the presence of stumps. 
The HOG has been modified to use a polar coordinate system for producing cells in the 
vicinity of a target sample location such that histograms of gradient directions in the images 
are generated in a series of concentric circles. The aim of computing the feature descriptor 
this way is to pick up on the strong radial gradient present in aerial images of stumps (light on 
top of stump and dark circular region of shadowing at the edge of the stump). Training 
examples of a small portion of stumps identified in the image were used to train the SVM 
algorithm as a binary classifier to classify 32 x 32 pixel patches into presence/absence of a 
stump. An algorithm for classifying and segmenting CWDs in imagery was developed using 
a combination of Gabor filter banks (Feichtinger & Strohmer 1998) and an SVM classifier. 
Training examples of woody debris extracted as a subset of the manually annotated wood 
were used to segment 16 x 16 pixel patches into coarse woody debris from other surface 
coverage classes (bare ground, vegetation, pine needles etc.).  
Figure 12 shows a section of the mosaicked UAV imagery (Figure 1 (a)) and classified 
imagery for both the stump detector (Figure 12 (b)) and coarse woody debris segmentation 
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(Figure 12 (c)). Preliminary results illustrated the capacity to segment coarse woody products 
with a moderate level of accuracy at a pixel-by-pixel level, but further work is needed to 
refine the approaches to produce segmentations that have a level of accuracy suitable for 
further quantification of timber volume. 
 

• Potential for satellite remote sensing for assessing coarse woody debris at post-
harvest sites 

In addition to analyses performed to assess the use of high-spatial resolution imagery to 
quantify CWDs, research was performed into the potential efficacy of multi-spectral satellite 
imagery to quantify CWD. The capacity to use satellite imagery over post-harvest sites to 
quantify debris has a number of potential advantages over field-based methods and high-
resolution, low-altitude UAV surveys. Use of satellite-derived imagery would provide the 
ability to cover a whole forest compartment in a single data set at a single time, remove the 
need for staff trained in UAV operations or the need to provide access to a UAV operator and 
purchase of satellite imagery data may be cheaper than the costs of acquiring UAV data 
(depending on sources). The cost of acquiring satellite imagery from different sources 
depends on factors including the size of the area covered and whether archived imagery is 
purchased or whether the satellite must be tasked to collect the imagery. Estimates of the 
costs vary from approximately $10 to $30 USD per km2 as of 20161, and these costs change 
over time depending on how long a satellite has been operational. A simulation study was 
hence performed to assess the potential accuracy of estimates of coarse woody debris derived 
from the spectral information in satellite imagery pixels. 
The highest commercially available spatial resolution from multispectral satellite imagery is 
1.24 m per pixel (Worldview-3), well below the resolution required to detect wood based on 
spatial variations in the imagery. We therefore assessed the ability of different spectral bands 
available within different satellite imagery sources, independently of spatial information, to 
both classify coarse woody material and calculate the per-pixel fractional abundance of 
coarse woody material, distinguished from other ground coverage types using spectral 
unmixing (Keshava & Mustard 2002). It was hypothesised that a combination of spectral 
reflectance features in the red/near infrared and shortwave infrared bands could be used to 
reliably distinguish coarse woody material from other ground coverage types including bare 
ground, live vegetation/weeds and pine litter. Similar features have been used to identify and 
quantify dry crop residues from satellite imagery, where the presence of woody material via 
lignin-cellulose absorption indices in the Short Wave InfraRed (SWIR) region of the 
spectrum (approx. 2000-2200 nm) have been demonstrated (see Daughtry et al. 2004)). Four 
different satellite imagery sources were considered: Worldview-2, Worldview-3, GeoEye-1 
and Landsat-8 (see Table 1). Imagery sources were selected based on global availability of 
data, coverage and revisit times and availability of some SWIR bands. 
 
  

                                                 
1 LandInfo Worldwide Mapping LLC Satellite Imaging Pricing (http://www.landinfo.com/satellite-imagery-
pricing.html) 
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Table 1. Satellite remote sensing imagery sources 

 Worldview-2 Worldview-3 GeoEye-1 Landsat-8 

No. of bands 8 16 4 8 

Band types Colour, NIR Colour, NIR, SWIR Colour, NIR Colour, NIR, 
SWIR 

Bands (nm) 400-450 
450-510 
510-580 
585-625 
630-690 
705-745 
770-895 
860-1040 

Same bands as 
WV2, 
1195-1225 
1550-1590 
1640-1680 
1710-1750 
2145-2185 
2185-2225 
2235-2285 
2295-2365 

450-510 
510-580 
655-690 
780-920 

427-459 
436-528 
513-611 
626-692 
830-901 
1341-1410 
1516-1699 
2038-2356  
 

Resolution 1.84 m 1.24 m (colour/NIR) 
3.7 m (SWIR) 

2.0 m 30 m 

Bit depth 11 11 11 12 

Swath 16.4 km 13.1 km 15.2 km 185 km 

 
During the October 2015 fieldwork at Canobolas State Forest, field spectroscopy studies of 
different surface coverage types at the site were performed to in order to provide reference 
spectra from which the pixel values of multispectral satellite imagery sources could be 
simulated, accounting for different fractional abundances of the ground coverage types 
observed. Multiple reflectance spectra measurements of different ground coverage types 
(bare ground, live vegetation, pine needle litter, coarse woody material, (Figure 13)) were 
made in the field using an ASD hyperspectral radiometer at wavelengths from 400 nm to 
2500 nm (visible to SWIR) with a spectral resolution of 1 nm. Reflectance measurements 
were made under natural illumination conditions (clear, sunny, cloud-free day) of pure 
ground coverage types. In order to additionally assess the effect of dry or wet weather 
conditions on reflectance spectra, measurements were firstly made under natural/dry 
conditions (weather reports indicated there had been no rain at the site for greater than seven 
days) and all measurements repeated under wetted conditions (target areas saturated with 
water using a spray bottle). 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 13. Examples of ground coverage types measured during ground-based field 
spectroscopy: (a) green grass/live vegetation, (b) dried pine needles (litter), (c) coarse woody 
material (log bark), (d) bare ground/soils. 
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Figure 14. Several examples of reflectance spectra of ground coverage types measured at the 
fieldwork site using natural (sunlight) illumination. The noisy features observed at ~1390nm 
and ~1900nm correspond to regions of the spectra subject atmospheric water absorption, for 
which reflectance data cannot be ascertained. Live vegetation (i.e. grass/live pine needles) 
exhibits a step increase in reflectance observed at ~700nm. Woody material (and other 
senesced plant material) exhibits a “dip” in reflectance at approximately 2100nm. 
 
Figure 14 shows mean spectral reflectance curves for each of the nine different ground cover 
types. Live vegetation (weeds, grass and live pine needles) exhibits a low reflectance in red 
light (approx. 670 nm) and high reflectance in near-infrared light (700 to 900 nm), owing to 
the effect of chloroplast light absorption and leaf cell scattering (Curran 1989) whereas 
senesced vegetation, wood and soils exhibit relatively equal reflectance across these two 
regions of the spectra. This feature can be measured using the Normalised Difference 
Vegetation Index (NDVI) which is calculated as the normalised difference of reflectance at 
660 nm (R660) and at 760 nm (R760), NDVI = (R760 – R660)/(R760 + R660). Materials containing 
lignin and cellulose (i.e. plant material including wood) exhibit a reflectance “dip” at 
approximately 2100 nm with corresponding troughs at 2000 and 2200 nm (Daughtry et al. 
2004). This feature is typically present in senesced vegetation or wood, but not in live/green 
plant material (leaves) as it is masked by an additional signal absorption feature at 1900 to 
2000 nm exhibited in the presence of water (i.e. in live, green vegetation). The feature is 
measured by the Cellulose Absorption Index (CAI) which is calculated as CAI = ½(R2000 + 
R2200) – R2100.  
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(a) (b) 

Figure 15. Plots of Normalised Difference Vegetation Index (NDVI) vs. Cellulose 
Absorption Index (CAI) of field spectra (a) under normal/dry conditions, and (b) under 
wetted conditions 
 
Values for NDVI and CAI were calculated for each measured field spectrum of different 
ground coverage types and plotted against each other, with separate plots for dry material 
(their unaltered state in the field) and wetted material (Figure 15). The plots indicated that 
under non-wetted conditions, woody material (rough logs, smooth logs and bare stumps) all 
had a relative distinct region of the spectra (low NDVI and high to medium CAI) when 
compared to other material present, suggesting that these spectral signatures could be 
distinguished from other ground coverage types present at the site (i.e. live vegetation, bare 
ground etc.) (Figure 15 (a)). Under wetted conditions, surface water acts to absorb reflected 
light from 1900 to 200 nm, making CAI less effective as a measure of the presence of wood. 
Correspondingly, the spectral signatures of the woody classes became less distinguishable 
from bare ground, but still distinguishable from live vegetation for the wetted case (Figure 15 
(b)). 
Replicated hyperspectral reflectance measurements were used to simulate radiance profiles 
measured by each satellite for a single pixel of imagery under natural sunlight illumination 
conditions, to analyse the potential ability of satellite imagery for quantifying CWD 
abundance. Pixels were simulated in a three-stage process: 

(1) Fractional abundances of coarse woody material (logs and stumps) were simulated 
between 0 and 100% coverage, where for each case, the remaining fractions were 
made up of randomised proportions of senesced pine needles, vegetation (grass and 
weeds) and bare ground (soils and rocks). Mixed spectra were simulated by 
multiplying samples of fractional abundance by randomly selected combinations of 
“pure” material reflectance profiles, taken from the field spectroscopy measurements, 
assuming linear mixing of materials. 

(2) The resulting reflectance profiles were multiplied by an ambient sunlight radiance 
profile and atmospheric transmission profile to simulate the resulting spectra of light 
reaching satellite image sensors operating at altitudes greater than 100 km. 
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(3) For each satellite sensor, image pixel digital numbers were simulated by multiplying 
sensor bandpass profiles (Table 1) by the radiance spectra, integrating over the range 
of the profile and quantizing to the bit depth of the imagery source. 

Simulated pixels were produced for spectra under both dry and wet conditions, using field 
spectroscopy reflectance profiles measured from material in a naturally dry state and after 
saturating with water using a spray bottle. For each dry/wet case, N = 150 different mixed 
pixels were simulated with fractional abundances ranging from 0 to 100% coarse woody 
material using randomised combinations of `pure’ spectral profiles ranging from 15 to 45 
samples per class. In addition to mixed pixels, pure pixels were simulated using fractional 
abundances of 100% for randomised samples of each coverage class (N = 45 for coarse 
woody material and N = 45 of other ground coverage types, selected in equal proportions 
from pine needles, vegetation and bare ground). 
Algorithms were developed to (a) classify simulated pure pixels based on dominant coverage 
type and (b) estimate the fractional abundance of coarse woody material contained within 
mixed pixels. A K-Nearest Neighbours algorithm was used for binary classification (coarse 
woody material/other), based on a training set of pure pixels. Cross-validation using a 50/50 
split for training and testing was used to evaluate the accuracy of the classification of woody 
material. Fractional abundances of woody material in mixed pixels were estimated using a K-
Nearest Neighbours regression algorithm that used two-thirds of the pure pixels as reference 
points and estimated fractional abundances based on inverse distance weights to the K = 8 
closest reference points. The classification and regression algorithms both used the Spectral 
Angle Mapper (SAM) distance function (Kruse et al. 1993) to represent the distance between 
reference/training points and test pixels. The resulting classifier accuracies were computed by 
comparing to the true fractional abundances of simulated pixels to assess the relative efficacy 
of different imagery sources for performing pre-pixel estimates of the fractional abundance of 
CWDs. 
Figures 16 and 17 illustrate the pure pixel classification results using test/training pixels 
derived from dry material spectra (Figure 16) and wet material spectra (Figure 17). 
Classification accuracy varied from 88 to 96% for dry pixels and from 79 to 92% for wet 
pixels with the best performance from Worldview-2 bands. The classification performance 
was generally high, even for the four-band imagery for GeoEye-1, indicating that the basic 
ground coverage classes were separable using only colour and near infrared bands. 
Worldview-3 performed slightly worse than Wordlview-2, which indicates that the additional 
SWIR bands serve to confound the KNN classification when SAM distances are considered 
directly. Wet pixel classification results were slightly worse than dry pixel results, but still 
exhibited generally high levels of accuracy, indicating that the water-absorption features 
present in the SWIR bands had only minimal effect on the classification performance. 
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Figure 16. Pure pixel classification results (dry spectra): mean accuracy, precision and recall 
for N = 10 cross validation runs (error bars indicate result standard deviation). 
 

 
Figure 17. Pure pixel classification results (wet spectra): mean accuracy, precision and recall 
for N = 10 cross validation runs (error bars indicate result standard deviation). 
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Figure 18. Estimated fractional abundance of coarse woody debris from mixed dry pixels vs. 
true simulated abundance (linear regression and correlation coefficients computed using total 
least squares). 
 
Figures 18 and 19 show estimated fractional abundances of coarse woody debris against true, 
simulated abundance for different satellite imagery sources when estimating the fractional 
abundances of mixed pixels. The relationship between estimated and true abundance 
exhibited only moderate to marginal values of correlation (r2 = 0.643 to 0.841) for dry pixel 
estimation and lower values for wet pixel estimation, with some large deviation between 
values.  
 

192



 
Figure 19. Estimated fractional abundance of coarse woody debris from mixed wet pixels vs. 
true simulated abundance (linear regression and correlation coefficients computed using total 
least squares). 
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Figure 20. Root Mean Squared Error (RMSE) in estimated fractional abundance of coarse 
woody debris vs. true abundance using dry pixels. 
 
Figures 20 and 21 show the Root Mean Squared Error (RMSE) of abundance estimates for 
different values of simulated abundance, for each of the different imagery sources. Estimates 
of fractional abundance of coarse woody material in mixed pixels generally contained 
reasonably large errors, approximately +/- 20 % abundance for dry pixels and slightly higher 
for wet pixels (approximately 25 % abundance), with large deviations across different 
degrees of true coverage/abundance. 
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Figure 21. Root Mean Squared Error (RMSE) in estimated fractional abundance of coarse 
woody debris vs. true abundance using wet pixels. 
 
Results of the simulated satellite imagery analysis showed that pure pixels of the four 
different coverage classes presented here could be distinguished with a reasonable degree of 
accuracy, but that mixed pixels could only be distinguished with coarse levels of accuracy. 
Each of the four satellite imagery sources illustrated reasonably similar levels of performance, 
with the highest overall performance using Worldview-2 and lowest performance using 
GeoEye-1 and Landsat-8, illustrating that colour/near-infrared bands played the most 
important part in feature discrimination at the spectral band resolutions available on these 
satellites. 
Since coarse woody material makes up only a very small percentage of the areal/ground 
coverage at post harvest sites (less than 5 %), the errors for quantifying coarse woody 
volumes from the larger sized pixel of satellite imagery (1.5 to 30 m, for which pixels are of 
mixed coverage types) would be at least an order of magnitude greater than the mean volume. 
The main reason for the marginal levels of accuracy in unmixing shown in Figures 4 to 7 is 
that intra-class variation in spectral reflectance was high relative the inter-class variations. 
Spectral unmixing is inherently a much more difficult task than pure pixel classification, 
requiring highly distinctive spectral profiles. 
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Conclusions and Future Work 
This unit of work focussed on developing new methods based on aerial and satellite imagery 
sources for quantifying post-harvest CWD and assessing the relative accuracies and other 
logistical advantages of these techniques over plot-based manual assessment of CWD.  We 
chose a plot based approach over line intersect sampling for the expected higher level of 
accuracy obtained by the former approach (e.g. Woldendorp et al. 2004). We used a 
combination of field trials and simulation studies to determine the accuracy from which 
CWD could be quantified using digital workflows based on imagery analysis from both 
spatial and spectral information contained within images. 
 

• Quantifying CWD from Manned and UAV High Resolution Aerial Imagery 
Initial results for segmenting and classifying CWD from manned aerial imagery (with a 
spatial resolution of 9 cm per pixel) indicated that coarse woody material could be 
distinguished from the background with a marginal level of accuracy. Results indicated that 
the textural and shape properties that make CWD pieces distinguishable from other 
background material were unlikely to be present in imagery with a spatial resolution as low 
as 9 cm per pixel, hence motivating the investigation of sources of higher spatial resolution 
imagery. 
When imagery data was collected using lower-flying UAVs (resulting in high-resolution 
aerial photography of up to 2 mm per pixel), the resulting imagery could be reliably used to 
quantify both the areal coverage and total volume of CWD using a digital workflow including 
manual annotation of wood from images (correspondence with field-based measurements of 
CWD over 10 by 10 m plots with r2 = 0.986). The results indicated that the use of UAV-
derived, high-resolution imagery and digital annotation of the imagery provided an 
alternative to in-situ, field-based manual measurements (callipers and tape measure), with 
equivalent measurement results, and hence accuracy.   
Table 2 provides a comparative list of the trade-offs associated with each of the two methods 
(in-situ, plot-based measurements of wood (callipers and tape measure) vs. manual, digital-
annotation of high-resolution imagery from a UAV). The plot-based in-situ measuring 
method had the advantages of requiring minimal equipment (callipers and tape measure) but 
took more time in the field and more personnel.  While it is acknowledged that the line 
intersect sampling is now extensively used for estimating logging residues and takes less time 
than a plot-based approach, it is less accurate and still requires personnel to walk through the 
logging residue.  The UAV imagery-based method took less time in the field for both setup 
and data collection, but required specialised equipment (a UAV) and specialised/trained 
personnel to operate the UAV (remote aircraft pilot for takeoff/landing). Both methods took 
approximately the same amount of time in post-fieldwork activities/analysis. Importantly 
both methods provided essentially equivalent results in terms of quantifying woody debris 
volume on the ground, however it should be noted that the ability to quantify debris from the 
air was dependant on the amount of occlusion owing to slash and pine needle foliage present 
at the site. 
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Table 2. Comparison of methods for measuring/sampling post-harvest woody debris, plot-
based measurements vs. digital annotation of UAV-derived imagery. 

 In-situ plot measurements 
applied in this study 

UAV Imagery derived 
measurements 

Equipment required Callipers, tape measure UAV flight platform, 
camera, ground station 
laptop 

Personnel required 2 people measuring CWD 
pieces and recording data 

1 UAV pilot, 1 ground 
station/support staff 

Time taken for data 
collection 

9 plots took approximately 1.5 
days in the field (12 hours) 

9 plots covered in 4 flights, 
each 10 minutes, 10 
minutes in-between plus 30 
minutes setup time (100 
minutes) 

Time taken for post-
fieldwork analysis 

Data entry of measurements 
and volume calculation (2 
hours) 

Digital annotation of debris 
(4 hours) 

 
The capacity to collect more data while taking less time in the field using the UAV-imagery 
derived estimates, provides the advantage that a larger sample size of post-harvest debris 
could be collected, giving a potentially better representation of the actual debris quantity over 
a full harvested compartment. However, this would obviously require more time for post-
fieldwork analysis.  In addition data acquisition using an UAV removes the requirement for 
personnel to walk through the post-harvest residue.  
Preliminary results using automated image analysis techniques illustrated the capacity to 
segment coarse woody products with a moderate level of accuracy from UAV imagery at a 
pixel-by-pixel level, but further work is needed to refine the approaches to produce 
segmentations that have a level of accuracy suitable for further quantification of CWD 
volume. 
 

• Quantifying CWDs from Satellite Imagery 
Results of the satellite imagery analysis indicated that spectral unmixing of low-spatial 
resolution satellite imagery for the imagery sources and bands considered here is unlikely to 
produce accurate quantifications of post-harvest CWD. However, analyses did show that 
multispectral information in the colour/near-infrared (and possibly SWIR) bands may provide 
useful information to distinguish CWDs if collected at a high spatial resolution (potentially of 
future use for next generation UAVs systems with a hyperspectral imaging capacity). 
The KNN regression approach used in the study for unmixing is a relatively simple approach, 
and it is possible that the application of more sophisticated regression techniques could 
improve this result, however it is unlikely that the improvements would be significant, given 
the inherent intra-class variations observed in spectra. Alternatively, more detailed and 
specific groupings of ground coverage class, involving different types of coarse woody debris, 
or data taken within a different time period after harvest could possibly result in a lower intra-
class variation in spectra, however this could not be determined from the data collected 
within the scope of this study. 
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However, analyses did indicate the ability to reliably distinguish pure pixels of different 
ground types, suggesting that an approach to quantifying coarse woody material based on 
spectral properties could be successful if imagery were produced at spatial resolutions for 
which whole sections of woody material could be resolved (i.e. approximately 2 to 10 cm 
pixels). Imagery at this resolution could be attained, for example, from manned airborne 
multispectral or hyperspectral imagery, flown at low altitudes (below 1000 m). The 
technological trend in the reduction of weight and cost in hyperspectral imaging sensors 
means that in the next five to ten years, UAV providers will most likely provide hyperspectral 
data at these spatial resolutions (and above). The availability of this type of high-resolution 
multispectral imagery could mean that the methods based on spectra examined here may be 
of use in the future. 
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Introduction 
There are key decision points in the management of eucalypt plantations that require the 
estimation of stems per hectare (SPH) to identify areas that require re-planting. These decision 
points are at less than 12 months for survival counts and between six months and a year for 
coppice success. The traditional method for this assessment has involved manually counting 
the tree survival on foot in random plots that represent the plantation compartment as a whole. 
This data was then extrapolated across the compartment. The drawback of this statistical 
sample method is that it can miss areas of concern, is time consuming, lacks secondary quality 
assurance and is labour intensive.  

Background 
The use of aerial camera images and GIS mapping tools is well established in the timber 
plantation sector and more recently has been supplemented with the capture of airborne LiDAR. 
However, capture of airborne data over small management blocks is costly as mobilisation 
costs for relatively small and disbursed sites becomes prohibitively expensive, especially when 
the sites are far from the aircraft base.  
In 2013 trials began for the capture of high resolution aerial images from UAS platforms in the 
‘Green Triangle’ area of Western Victoria and Eastern South Australia to document the 
survival of Eucalyptus coppice. Aerial images were captured at 3.5 cm/pixel and stitched 
together in a Structure from Motion software package. The assessment of the tree count from 
images was quite unsuccessful: the colour images had artefacts and deformations and the 
changes in the colouration of E. globulus during its growth caused problems for the machine 
learning software.  
This Section examines the regulation that governs the capture of aerial data from UAS and how 
these issues were overcome while summarising how survival counts are now being successfully 
completed in young eucalypt plantations. 

Regulation 
CASA is the regulator of the use of UAS in Australia and there are now broadly two categories 
of ‘licence’.  The first is the use of UAS under 2 kg where there is a basic requirement to notify 
CASA and apply for an Aviation Reference Number. Under this category there are no 
possibilities of gaining exemptions to fly outside the standard operating conditions. The second 
category is for the individual to gain a Controller Certificate and the business to hold an 
Operators Certificate. Detailed information can be sourced on the CASA website. This 
Certificate gives greater flexibility in terms of UAS size and applying for exemptions. 
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Key rules for standard operating conditions include:  

 The UAV must be kept within sight by the operator at all times 

 Flights must not be undertaken above 400 ft above the ground 

 Flights are not permitted within 5.5 km (3 NM) of aerodromes. 
 

UAS Photogrammetry 
As with all data capture, there are many tools and parameters to consider in order to delivering 
an output that is fit for purpose. The key points to consider when embarking on a data capture 
program with UAS are: 

 choose the aerial platform for the scale of the task and consider the local constraints 

 an Unmanned Aerial Vehicle (UAV) is just a tool to carry a payload, in this case a 
camera 

 meteorological conditions on the day will affect the outcomes 

 The cost of flying to capture the data is approximately 20% of the total project cost, 
most of the work office-based, either preparing for fieldwork or generating outputs. 

Technical information on photogrammetry and structure from motion methods are contained 
elsewhere in this Final Report and particularly in the Photogrammetry for Forest Inventory: 

Planning Guidelines. 

Image capture 
Effective image capture from UAS in forestry environments is challenging. The terrain is 
difficult, landing areas are typically small and, unsurprisingly, surrounded by trees. There are 
key constraints such as maintaining line of site, bird interactions and weather.  

 Multi-rotor vs fixed-wing 

The first decision for any operation is whether the site data can be captured efficiently from a 
multi-rotor or fixed-wing UAS. Key considerations are the size of the site: a multi-rotor UAS 
(eg Phantom 4 Pro) will take up to five flights to complete the area that a single fixed-wing 
UAS with the same resolution and so there is a cost-benefit calculation to be made between 
time on site versus cost of the UAS. On a good day a multi-rotor can capture up to 100 ha 
whereas a fixed-wing will capture up to 800 ha. A large fixed-wing can also be observed from 
a greater distance thus enabling the area of capture from a particular launch location to be 
extended beyond that of a multi-rotor while keeping within line of sight. 
The second, and somewhat critical, decision is whether there is a location to take-off and land. 
A multi-rotor can take-off and land in a small area whereas a fixed-wing requires a large open 
area. This will most likely be overcome in coming years as UAS with multi-rotor transitioning 
to fixed-wing become commonplace.  
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Figure 1. Off the shelf fixed-wing, multi-rotor and custom fixed-wing 

 

 Resolution, capture and overlaps 

Due to the constraints in efficient aerial capture with multi-rotor UAS the remainder of this 
Section will focus on fixed-wing UAS as this is normally the preferred platform. The UAS 
used in the work reported here have been custom built, allowing the initial investment cost of 
the platform to be reduced.  Using commercial turnkey platforms and cameras comes at a high 
cost that, in high-risk environments, is not an advisable risk. 
The resolution of the data is important; the density of the point cloud is governed by the spatial 
resolution of the photography (the ground sensing distance (GSD)). The higher the density of 
the data, the more accurate the tree count and the completeness of the dataset.  
Key findings arising from the fixed-wing UAV trials have revealed that the camera sensor, 
settings and lens quality are significant to gaining 3D data suitable effective tree counts. The 
best results have been achieved with a minimum 24 mega pixel camera and a high quality 20 
mm lens. At 400 ft flying height the resultant GSD is at or below 2.5 cm. At this density there 
are 1600 points per square metre, this compares to typical aerial images from a manned aircraft 
that produce approximately 40 - 50 points per square metre.  
The choices of appropriate forward- and side-overlap are critical to the derivation of an accurate 
point cloud. There is a fine balance between the technological abilities of the camera, efficient 
area capture and UAV flight characteristics. A high forward overlap is essential, but is 
constrained by the forward ground speed of the UAV. To efficiently capture a large area, the 
UAV has to travel quickly, however with speed comes image blur when flying at low altitudes 
and large photo-scales. A fast aircraft with an 80% forward image overlap might be triggering 
the camera every second (or less) and writing the 10 Mb image file to disk: the camera needs 
to be able to maintain this cycle rate or images will be skipped, directly affecting the resultant 
model. Careful camera selection and settings are vital. The Sony A6100 used in the work 
reported here has proven to perform well in this regard. 
While 30% side overlap has been the traditional minimum for manned aircraft aerial 
photography; SfM-MVS photogrammetry benefits greatly from at least 60% side-overlap.  In 
the case of mapping forest plantations, we employ 75% or greater side overlap, to account for 
occasional blurry images, dropped images and to improve the reliability of multi-image 
matching in complex tree covered environments. 
The best way to minimise the skipping of images due to fast image capture requirements is to 
limit the groundspeed of the UAV.  This can be achieved with effective flight planning, 
particularly by avoiding down-wind flights but also designing an airframe with a low stall 
speed. An additional complication is that cross-wind flight planning creates yaw in the flight, 
which in turn can compromise overlaps.  
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Image clarity and sharpness will also impact upon the resultant model and tree count. Vibration 
in the airframe and turbulence are primary causes of blur, something the design of the UAV 
must take into account together with maintenance and balancing of the propeller. The camera 
settings are critical; for more information see the Photogrammetry for Forest Inventory: 

Planning Guidelines published with this Report.  
 

 Weather 

The key weather influence on successful data capture is wind. Wind has two major effects; 
firstly it influences the flight speed of the UAV, as noted above the faster the UAV is travelling 
the more likely there will be blurred images, compromised overlaps and oblique images from 
turbulent flight. The second major influence of the wind is the movement of the trees. If a tree 
has moved between the photos then the image matching software is likely to be unable to 
correlate the two locations and there will be a gap in the 3D model. In our experience, the taller 
and more closed the canopy the more pronounced this problem becomes and the less likely the 
3D data will be suitable for use.  
The other potential effect on the image quality is the lack of light. If the light levels are low 
then it is likely that slower shutter speeds will be required  and so a higher likelihood that 
photos will have image blur due to the movement of the platform while the shutter is open.  
Because the key output of the task is a tree count the influence of cloud, either high cloud or 
patchy cloud, is minimal on the results. The image may not look as good with patchy cloud but 
the software can still stitch the model sufficiently for a tree count. Sun angle has also not been 
found to be a major issue if the flights are planned to capture data sequentially. 
 

 Threats 

Threats to the successful data capture come in three guises: weather, equipment and wildlife. 
Changes in the weather in Victoria and Tasmania in particular, can be unpredictable and rapid. 
Wind forecasts are generally unreliable and cloud coverage changes throughout most days; 
even those forecast to be clear are rarely free of cloud for the whole day. The methods for 
counting trees must be able to deal with this as it is a reality that cannot be overcome when 
there are budget constraints. Setting a parameter for cloudless sky, no wind and high sun angle 
will increase the cost of capture by many times as there will be considerable downtime waiting 
for good conditions. 
The failure of equipment is a fact of life in the harsh working environment of plantation sites. 
Landing areas are surrounded by trees, debris and stumps cover the ground, and mud or dust is 
in abundance. To successfully capture data an operator should have at least one replacement 
UAV with a selection of additional spare parts, tools and replacement camera lenses. Damage 
is reduced with experience but never eliminated. Careful maintenance and comprehensive 
checking prior to every flight reduce the likelihood of a catastrophic failure in flight. A key 
consideration and OH&S risk is the consequence of damaged Lithium Polymer (LiPO) 
batteries. A battery that receives significant damage has the potential to combust; operating on 
extreme fire danger days is not advised. 
The threats posed by Wedge-tailed Eagles cannot be underestimated. On average one in five 
flights will be attacked and, without operator action, the UAV will be destroyed. Eagles are 
frequently present and therefore the likelihood of an attack during a full day of flying is high. 
This threat re-iterates the importance of the operator keeping the UAV within sight at all times, 
enabling evasive action to be initiated.  
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Figure 2. Eagles in plantations 

Limitations 
The method developed for counting of trees for survival counts is ideally suited to trees 
between 50-70 cm and 5 m in height. Any smaller than this and the influence of weeds can 
become a problem; any taller and the closure of the canopy can cause image stitching problems 
and higher susceptibility to tree movement, even in light winds. One option is to fly higher, an 
option only legally available to Operator Certificate holders (see regulation below) and with 
approval from CASA. The additional flying height reduces the ground sampling distance but 
increases the area coverage per photo and therefore the likelihood of pixel matches and a 
successful image stitch. 
A compounding issue with the flying of taller trees is that it is harder to maintain visual line of 
sight and locate suitable spots to take off and land. Work is progressing on a different method 
that is able to locate 9-month-old pines. If the trees are very small, and there is a very high 
weed density to a similar height to the trees, the current software approach will not be 
successful.  

Processing of Data 
Following downloading of images from the camera they are checked checking for clarity and 
sharpness. The images can then be tagged from the GPS stored flight log: there are a number 
of methods achieve this with the most being a tagging option in the flight planning software 
(for example, eMotion by Sensefly1 or Mission Planner by Ardupilot2 are common). 
The second step in the process is to collate the images together into a map and derive the point 
cloud data from the photogrammetric software. There are a number of commercial packages 
available to generate the initial outputs; commonly used software are Pix4D and Agisoft 
PhotoScan. The tagged images are imported into the software and processed into a 3D colour 

                                                 
1  See: https://www.sensefly.com/software/emotion-2.html  
2  See: http://ardupilot.org/planner/docs/mission-planner-overview.html  
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point cloud (.LAS file, Figure 3) and an ortho image. Settings in the software are set to “high” 
to ensure the highest density point cloud is produced. 
A 300 ha plantation area will take approximately 24-36 hours on a processing computer with 
64Gb of RAM. The resultant .LAS colour point file is approximately 8 Gb in size and the aerial 
image will be a GeoTiff of about 3 Gb. 
All outputs are orthorectified and suitable for use in a GIS package. No ground control is placed 
as the required outputs for processing are relative not absolute.  
 

Deriving Tree Counts 
In addition to the new Individual Tree Detection software application presented in Section 7.1 
which focuses on mature plantations, there are open source counting algorithms written in the 
statistical package “R”3 and MATLAB as well as GIS tools in the ESRI products, QGIS and 
Global Mapper. The key to a successful count in young plantations is a multi-path approach 
that starts by removing the non-tree components of the point cloud model. 
The addition of the tree parameters to the tree point enables the derivation of additional metrics 
such as canopy height, canopy diameter and volume, useful for the identification of growth 
characteristics in the plantation. 

 
Figure 3. Image of 3D point cloud 

Manual quality checking is required to assess the reliability of the results. A practical approach 
is to generate random locations and use these as centroids for 1 ha data-subsets, for which the 
number of trees are manually counted and compared with the automated tree count.  We 
generally quality assure approximately 5% of the site in this way. 

  

                                                 
3 See e.g.: http://quantitativeecology.org/using-rlidar-and-fusion-to-delineate-individual-trees-through-canopy-
height-model-segmentation/  
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Results 
Early results in 2013 using just image analysis and not the 3D point cloud were very poor, with 
errors in excess of 30% not uncommon. Our revised methods that use the 3D point cloud data 
as a primary filter in both the GIS and custom scripting used by Australian UAV are returning 
results of 97% accuracy compared to a manual count from the aerial image. Tested and 
improved over a period to two years, the total number of trees successfully counted is now over 
6 million. 

 
Figure 4. Example dataset 

Point data can then be analysed by compartment, heat map per hectare, or assessed in a gap 
analysis. As each point also stores the data about each tree, other analyses can provide growth 
information, for example tree height above ground and crown diameter. Figure 5 is a graphical 
representation of tree height and clearly identifies areas within the plantation that warrant 
investigation. 

 
Figure 5. Tree height above ground plotted as colour graded 
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The data, once collected, can also provide valuable insights into other aspects of the plantation. 
Weed density mapping, edge effects and drainage issues are all easily identifiable from the 
aerial images. They also serve as a valuable record of the plantation at a point in time for future 
reference. 

Conclusions 
While the methods are not totally straightforward and require some specialist knowledge 
throughout different points of the process, the workflow is relatively simple and now 
demonstrated to be reliable and repeatable.  
Compared to the traditional methods of sampling for tree survival counts, current approaches 
that exploit 3D point cloud data derived from USA fixed-wing photography are more accurate, 
provide a complete census of trees in the area of interest, are cost efficient and reduce the risk 
to field personnel by reducing field time.  
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Summary 
This section describes the NC program which performs nearest centroid (NC) sampling for 
efficiently allocating the number and location of inventory plots. The NC sampling procedure 
introduced by Melville et al. (2016a), was developed specifically for nearest neighbour (NN) 
plot imputation, although it may be suited to other model-based prediction methods. It is 
considerably more efficient than the grid-based sampling schemes that are widely used in 
forestry. The NC package facilitates the NC sampling procedure by providing a suite of 
functions that systematically implement the steps that are followed during the design of an 
inventory survey. The package is designed to be very flexible so that a large number of different 
scenarios can be catered for. Examples are given to illustrate different survey designs using 
actual softwood plantation data. Virtual plot data collected from a Pinus radiata plantation, 
near Nundle in north western NSW are used for these examples. 
In addition, data collected from the Springfield P. radiata study site are used to make 
comparisons between LiDAR and aerial photography (AP) data as a basis for survey design 
and imputation. 
 

Introduction 
The primary motivation for the NC sampling procedure was to develop an efficient (reference) 
plot selection strategy which was specifically suited to imputation. In NN plot imputation, the 
NN algorithm learns from the training data obtained from these reference inventory plots. Then 
for each of these inventory plots a set of coincident LiDAR metrics and other ancillary variables 
such as age and thinning history are also collated. Through the imputation process, data in the 
reference dataset are analysed to select the suite of features (predictors) that most effectively 
predicts the required suite of forest attributes of interest (Rombouts et al. 2014).   
After exploring a number of different options, including balanced sampling (Grafström et al. 
2014), it was decided to develop a sampling method based on a strategy which had not been 
previously considered (Stone et al. 2011, Rombouts et al. 2010, Melville et al. 2015). As part 
of this process, a secondary aim was to develop a logical and systematic structure for the entire 
plot selection process. 
After trialling the procedure on several forestry datasets (including pine plantations in NSW, 
Tasmania and South Australia, and native forests in NSW) the NC sampling method (Melville 
2017) was implemented as an R library (R Core Team, 2017).  
This section outlines the NC sampling methodology in further detail and describes the R 
functions which comprise in the NC package. A number of examples are provided to illustrate 
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the NC procedure, using actual forestry data from a P. radiata plantation near Nundle in north 
western NSW. 
Data from the Springfield study site in Tasmania was also used to make comparisons between 
LiDAR and aerial photography (AP) as the source of remotely sensed data. These comparisons 
were made both in terms of overall efficiency using imputation, and additional efficiency gains 
stemming from NC plot selection. The simulations on which these comparisons are based, 
employ both actual timber volumes (in measured plots) and pseudo-volumes which are derived 
using random forest procedures (in non-measured plots).     

 

NC sampling method 
NC sampling was introduced by Melville et al. (2016a) as an efficient means of selecting 
reference plots for imputation. They provided comparisons between NC sampling and a range 
of other sampling strategies including random sampling, grid sampling, and balanced sampling 
(Grafström et al. 2014) and demonstrated that NC sampling was the most efficient strategy and 
was up to five times more efficient than random sampling. The method was further evaluated 
using data from a native eucalypt forest on the southern coast of NSW, (Melville et al. 2016b) 
and efficiency gains of up to 50% were observed. The method is very flexible and is able to 
accommodate a large number of survey objectives including small area estimation and 
estimation of specific sub-populations, as well as situations where plots in the area of interest 
(AOI) are not spatially contiguous.  
The NC method operates by selecting plots which capture the full range of variation in the 
auxiliary (e.g. spatially explicit metrics derived from remotely sensed data) variables, and is 
based on multivariate clustering, a statistical procedure normally used in the analysis of 
multivariate data (Melville et al. 2016a). Distances (e.g. the Euclidean distance metric) 
between virtual plots (virtual plots are typically represented as pixels having an approximate 
size to the reference plots) are calculated using multiple auxiliary variables, which can, for 
example derived from LiDAR or AP data. A key prerequisite of this approach, therefore, is the 
availability of this spatial data and the strength of the relationship between the variables derived 
from these datasets and the inventory attributes of interest. Plots are grouped according to their 
“closeness” in the space defined by the auxiliary variables and the number clusters is 
constrained to be equal to the required sample size. The clustering algorithm minimises the 
sums of squares from plots to cluster centroids (Hartigan & Wong 1979). After the clustering 
is complete the virtual plots which are closest to the cluster centroids are selected as the 
reference plots. The Figure below illustrates NC sampling with a population of ~130 virtual 
plots and a required sample of n=10 reference plots. The clustering is performed using the two 
“design” variables (i.e. auxiliary variables) p1m (proportion of heights greater than 1m) and 
mqh (mean quadratic height). After forming the virtual plots into 10 clusters and determining 
the cluster centroids, the 10 plots closest to the cluster centroids become the reference plots.  
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Figure 1. Illustration of NC sample using two design variables derived from LiDAR 
 

Sampling Methodology 
When remotely sensed data is available, the entire area of interest (AOI) is usually tessellated 
into pixels which, in Australian plantations, have been typically 33m x 33m (0.1ha) however 
other areas and shapes can be defined. These pixels are referred to throughout this section as 
“virtual plots”. The terms “measured plots” and “ground plots” refer to plots which are 
established and measured by an inventory crew on the ground. These plots are typically circular 
and the variables which are measured may include timber volume, basal area, number of stems 
and a variety of data relating to timber product such as stem straightness, expected log length, 
and so on. Within each virtual plot, the LiDAR data are summarised into metrics that are 
correlated with the measured variable of interest (for example timber volume). It is possible to 
define a large number of metrics based on the auxiliary data, often a hundred or more, with 
commonly used metrics being mean quadratic height, height percentiles, and proportions of 
heights which fall within defined height ranges. With the use of dGPS technology it is possible 
to position the ground plots so that the plot centres are accurately aligned with the centres of 
the virtual plots, thus providing the means of linking the ground-based measures to the auxiliary 
data to enable prediction in the non-measured virtual plots.     
To facilitate description of the NC procedure we introduce some additional terminology. The 
term “reference plot” refers to any virtual plot that has been linked to a ground plot using GPS 
co-ordinates and is thereby assumed to have known values for the variables of interest. In 
conventional sampling theory these plots are usually referred to as “sample plots”. The term 
“target plot” refers to any virtual plot for which a measurement (either actual or predicted) is 
required. Usually target plots will have their measures predicted from the survey data, however 
some of the target plots may be selected for ground measurement (in which case they are also 
reference plots). The term “candidate plot” refers to any virtual plot that is eligible for selection 
using any sampling procedure, including for example random sampling, grid sampling or NC 
sampling.  In many cases, the candidate plots are the same as the target plots, however in some 
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applications such as small area estimation, the set of candidate plots may be considerably larger 
than the set of target plots. Finally the term “pre-existing plot” refers to any plot that has already 
been measured on the ground (or selected to be measured) as part of a recent survey. If these 
plots are deemed relevant to the current survey then they are added to the set of reference plots, 
thereby increasing the number of plots that are available for prediction in the current survey. 
The concept of pre-existing plots can be extended to surveys which are designed in several 
stages as outlined below.       
In the NC program each virtual plot in the database is assigned a “plot type”, which is one of 
the following:- 
T – target plot 
C – candidate plot 
B – both target plot and candidate plot 
R – reference plot 
E – pre-existing plot 
X – neighbour to pre-existing plot      
In the NC package distances are calculated from the auxiliary variables using an Euclidean 
metric. The auxiliary variables which are used for clustering are termed “design variables”, to 
emphasize that they are the variables used for survey design. They may or may not be the same 
as the auxiliary variables used for imputation after the survey has been completed. Note the 
two different uses of “k” in the literature and also in this section; in k-means clustering k refers 
to the number of clusters; in k-nn imputation k refers to the number of nearest neighbours.    
 

Design Variables 
During the development of the NC procedure, simulations performed on Australian forestry 
data used between eight and ten design variables (Melville et al. 2016a). The most obvious 
way to choose the design variables is just to use the same auxiliary variables that are to be 
employed for imputation. However this raises the question of which of the numerous auxiliary 
variables that can be extracted from the LiDAR (or AP) point cloud will be used for imputation. 
It may be possible to define up to one hundred or more separate auxiliary variables from the 
LiDAR dataset, many of which are highly correlated. In the author’s opinion it is not necessary 
to try to find the “optimal” set of auxiliary variables and it is not clear that an optimal set even 
exists. In fact it is possible to define a very large number of variable sets (easily in the tens of 
millions) that are very similar in terms of their efficiency as predictor variables for plot 
imputation. If it has not been decided which variables will be used for imputation then the 
design variables can be chosen using a simple re-sampling procedure which selects sets of 
variables at random and calculates the average mean squared error (MSE), over a set of forestry 
plots, and then chooses any set of variables that is in the smallest 1% in terms of the average 
MSE. The procedure can be performed with large numbers of random variable sets (for 
example several million, depending on computational speed) and requires having access to 
virtual plot data for which both the LiDAR variables and the variable/s of interest are available. 
Another fairly simple option is to use the “varSelection” function which is contained in the R 
“yaImpute” library (Crookston & Finley 2008). To use this function it is necessary to supply 
virtual plot data, as above, with LiDAR variables and variable/s of interest available for each 
plot. 
 

211



Stratification 
Stratification has long been recognized as a means of improving design efficiency in sampling 
(see for example Cochran 1977). However when a good prediction model is available it is not 
as obvious that stratification provides the same efficiency benefits. Since imputation is based 
on using nearest neighbour plots, in the auxiliary space, ad hoc stratification may actually be 
counter-productive. For example if all plots north of an access road are placed in stratum ‘A’ 
and all plots south in stratum ‘B’, and imputation is done within strata, then the results may be 
worse, in terms of efficiency, than having no stratification at all. In other cases stratification 
can provide benefits even when a good model-based prediction method is being used. In 
inventory surveys, strata are often small geographic areas such as forest compartments or 
planning units. Separating these areas according to age or silvicultual history can prevent 
“cross-contamination” between dissimilar plots. For example, in a plantation forest, a young 
age plot may be selected as the nearest neighbour to an older age plot because it contains non-
target species that are taller than the target species and thereby makes the LiDAR signal more 
similar to that of the older age plot. This type of prediction error can be prevented using 
stratification. It could also be advisable to keep different genotypes in separate strata if they 
have different growth curves. Finally the use of stratification enables better control of the 
survey design by allocating more, or less, plots to certain strata based on their importance to 
the overall survey objectives.  
The NC sampling procedure is very flexible and can be used with or without stratification. For 
instance a small AOI could be sampled using stratification, but it could also be sampled using 
“small area” methods (see below) as an alternative to stratification. The reference plots selected 
for the small area can then be included in the overall survey by defining them as “pre-existing 
plots” when designing the overall survey. Specific examples are given below. 
 

Pre-existing Plots 
The ability to define reference plots as “pre-existing” increases the flexibility of the design 
procedure and recognizes that some reference plots may have already been selected and/or 
measured as part of a regular and/or on-going inventory process. Whenever virtual plots have 
been recently measured and deemed to be still relevant they can be used to augment the current 
sample. Another situation where pre-existing plots can be used is when the survey is designed 
in several stages. References plots that are selected in one stage can be defined as pre-existing 
plots in a subsequent stage.  
In order to maximize the benefits of pre-existing reference plots it is necessary to find their 
nearest neighbours in the target set so that these target plots can be removed prior to the 
clustering procedure. Following this, an appropriate sample size, excluding the number of pre-
existing plots, is chosen for selecting reference plots which are suited to the revised target set. 
 

Design Variances 
In the author’s opinion the issue of variance estimation in the context of imputation is not fully 
resolved. Although it is possible to estimate variances at the plot level, when plot level 
estimates are aggregated to the population level spatial correlation between the plots needs to 
be accounted for (Kim & Thomppo 2006).  
The design variances in this package are based on a re-sampling method which is used in 
conjunction with a predictor variable for each variable of interest. These predictor variables 
can be supplied by the user. If no predictor variables are supplied then a training data set is 

212



required which contains both measured variables and auxiliary variables for a reasonable 
sample of plots. The auxiliary variables need to be available for all virtual plots in the current 
survey. The package uses random forest regression to obtain the required predictor variables.  
The NC package also calculates relative efficiencies with respect to a random sample. In this 
context the relative efficiency of two competing sampling methods can be calculated by the 
ratio of their design variances. The relative efficiency can be used to determine the reduction 
in sample size which would result in the same design variance as a random sample. For example, 
if the relative efficiency of NC sampling compared to random sampling is 3 then this would 
allow a 3-fold reduction in the sample for the same precision. Forestry personnel who are more 
used to thinking in terms of sample sizes than design variances may find the relative 
efficiencies more intuitive. Note that relative efficiency compares an NC sample used in 
conjunction with imputation to a random sample also used in conjunction with imputation. It 
does not compare an NC sample used with an imputation estimate to a random sample used 
with a simple design-based estimate, such as the sample mean. Traditionally, grid samples, 
rather than random samples, have been the method of choice in forest inventory. Grid samples 
achieve better spatial coverage and are widely believed to more be efficient than random 
samples. However simulations in a large number of Australian pine plantations have shown 
that grid samples are usually no more efficient than random samples when used with imputation 
(see for example Melville et al. 2015).    
The design variances calculated by the NC package are only approximate (McRoberts et al. 
2007 & 2011; Magnussen 2013). Much depends on the predictor variable (Z) that is used to 
represent the variable of interest (Y) such as timber volume. When the relationship between Y 
and Z is only weak the design variances will not accurately reflect the final prediction variances. 
Best estimates are obtained when the training sample used to determine Z is adequate and the 
auxiliary variables used to construct Z are well correlated with Y.  

 

Description of Functions in the NC package for the Open Source 
Statistical R Environment   
The NC package contains a number of separate functions which are designed to be run 
sequentially. Each function is a stand-alone component of the sampling process. The primary 
functions are described below, in alphabetical order. A more complete description of the 
package is given in Melville (2017). 

Addz 
For each variable of interest, calculates the associated predictor variable, using random forest 
regression. Not intended to be called directly. The arguments are:- 
popfile - dataframe containing population elements (virtual plots)  
training - dataframe containing the training data  
yvars - character vector containing the name of each variable of interest (dependent variable)   
xvars - character vector containing the names of the auxiliary variables    
pool - logical value - should training be data be pooled across strata prior to fitting regression 
model? 
The function uses the auxiliary variables in the training data to build a random forest regression 
model for each variable of interest. The training data must contain the variables specified in 
yvars and xvars. Whenever there are sufficient training data, regression models are fitted 
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separately within strata (pool=F). If there are insufficient data then strata will be included in 
the regression model as a factor. The recommended procedure is not to pool. The output is a 
list containing:- 
 popfile - dataframe containing the population elements, as above, with the predictor 
variable associated with each variable of interest added to the file 
 r.squared - scalar (or vector) containing the r-squared value from each of the random 
forest regression models 

Alloc 
Allocates the total sample to individual strata according to the numbers of candidate plots. The 
arguments are:- 
 popfile - dataframe containing population elements (virtual plots)  
 ntotal - total sample size 
The function allocates sample to strata in proportion to the number of target plots in each 
stratum. Specifically if n is the total sample size, N is the total number of target plots and Nh is 
the number of target plots in stratum h then nh = n  Nh / N.  
The output is a vector of sample sizes, of length H, where H is the number of strata. 

Centroids 
The virtual plots are grouped according to a suitable clustering procedure. This function is not 
called directly. The arguments are:- 
 popfile - dataframe containing population elements (virtual plots)  
 nrefs - vector of sample sizes as determined by alloc or as defined by the user 
 desvars - a character vector containing the names of the design variables 
 ctype - type of clustering - one of ‘km’ (k-means) or ‘WD’ (Ward’s D) 
 imax - maximum number of iterations in the k-means clustering procedure 
 nst - number of sets of starting values (centres) in the k-means procedure 
The output is a list containing:- 
 centroids - dataframe containing the size of each cluster  
 cmns - dataframe containg the cluster means 
 

Check.pop 
Does a complete check of the population file. Errors which are scanned for include missing 
variables (the population file must include the mandatory variables ‘PID’, ‘Strata’, ‘plot-type’ 
and the geographic co-ordinates ‘x’ and ‘y’). Variables are also checked for missing data, 
duplicated plots and other inconsistencies. The arguments are:- 
 popfile - dataframe containing population elements (virtual plots)  
 desvars - a character vector containing the names of the design variables 
The output includes a listing of errors and warnings (if any) and a bar plot showing the structure 
of each stratum, specifically the number of virtual plots associated with each plot type. 
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DesVars 
Calculates approximate design variances for the dependent variable/s based on the survey 
design. The arguments are:- 
 popfile - dataframe containing population elements (virtual plots)  
 nrefs - vector of sample sizes as determined by Alloc or as defined by the user  
 desvars - a character vector containing the names of the design variables  
 yvars - character vector containing the name of each variable of interest (dependent 
variable) 
 kvalue - number of neighbours used in the $k$-nn imputation 
 B - number of re-samples used to estimate the variances  
 zvars - character vector containing the names of the predictor variable/s 
 training - dataframe containing the training data used to calculate the predictor 
variable/s 
 xvars - character vector containing the names of the auxiliary variables  
 pool - logical value - should training data be pooled across strata prior to fitting 
regression model? 
The output is a dataframe containing the design relative standard error for each stratum and for 
the combined strata. Efficiency values, relative to a random sample, are also calculated. 

DVar 
Calculates design variances for a single stratum using a re-sampling procedure in conjunction 
with a predictor variable for the each variable of interest. Not intended to be called directly. 
The arguments are:- 
 popfile - dataframe containing stratum elements (virtual plots)  
 nrefs - scalar containing the stratum sample size 
 yvars - a character vector containing the names of each variable of interest 
 desvars - a character vector containing the names of the design variables 
 kvalue - scalar specifying the k-value used during imputation 
 B - scalar specifying the number of re-samples  
The output is a list containing:- 
 df - dataframe containing the stratum design variances  
 act - actual stratum mean of the predictor variable 
 est - k-nn imputed stratum mean of the predictor variable, based on NC re-sampling 
 estr - k-nn imputed stratum mean of the predictor variable, based on random re-
sampling 
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Existing 
Finds all target plots which are close neighbours to pre-existing plots. These plots are then 
removed from the target set, as it would be inefficient to assign them additional reference plots. 
If requested, a bar graph is produced which shows the number of target plots which are nearest 
neighbours to each pre-existing plot. The arguments are:- 
 popfile - dataframe containing population elements (virtual plots)  
 nrefs - vector of sample sizes as determined by Alloc or as defined by the user 
 desvars - a character vector containing the names of the design variables 
 draw.plot - logical variable - should a graph be drawn? 
The output is a list containing:- 
 Nx - vector containing the number of existing plot neighbours in each stratum  
 Ng - vector containing the number of target plots in each stratum  
 popfile - dataframe containing population elements, as above, with pre-existing plots 
and pre-existing plot neighbours identified 

NC.sample 
The core sampling function. Performs NC sampling, choosing an optimal set of reference plots 
for the target population. The arguments are:- 
 popfile - dataframe containing population elements (virtual plots)  
 nrefs - vector of sample sizes as determined by Alloc or as defined by the user 
 desvars - a character vector containing the names of the design variables 
 ctype - type of clustering - one of ‘km’ (k-means) or ‘WD’ (Ward’s D) 
 imax - maximum number of iterations in the k-means clustering procedure 
 nst - number of sets of starting values (centres) in the k-means procedure 
The output is a list containing:- 
 popfile - dataframe containing the population file with reference plots identified  
 cmns - dataframe containing the centroid means 

NC.select 
Selects the candidate plots which are closest, in the auxiliary space, to the target plot centroids. 
Performed for a single stratum. This function is not called directly. The arguments are:- 
 popfile - dataframe containing population elements (virtual plots) in the stratum  
 nrefs - scalar containg the stratum sample size 
 desvars - a character vector containing the names of the design variables 
 centroids - dataframe containing the centroids for the stratum 
The output is a list containing:- 
 refs - dataframe containing the reference plots  
 exist - dataframe containing the pre-existing plots 
 targs - dataframe containing the target plots 
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R.sample1 
Selects a random set of reference plots in a single stratum. This function is not called directly. 
The arguments are:- 
 popfile - dataframe containing population elements (virtual plots) in the stratum  
 nrefs - scalar containing the stratum sample size 
The output is a list containing:- 
 popfile - dataframe containing the population elements (as above) with the reference 
plots identified.  

Spatial.plot 
Draws an x-y plot, for each stratum, showing the location and type of each virtual plot. The 
arguments are:- 
 popfile - dataframe containing original population elements (virtual plots)  
 sampfile - dataframe containing sampled elements (reference plots)  
The output is a set of graphs. 
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Sampling strategies 
The usual sequence of calling the NC functions is illustrated in the following flowchart: 

 

Figure 2. Flowchart showing typical steps required to select reference plots 
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Examples 
This section is devoted to a number of examples which illustrate the plot selection process 
using several different scenarios.  

 
Example 1 
The first example has all the candidate plots inside the AOI, with no pre-existing plots. 
Therefore all virtual plots have plot type ‘B’ (i.e. they belong to both the both candidate set and 
the target set). Note the mandatory variables ‘PID’, ‘Strata’, ‘plot-type’, and plot centre co-
ordinates ‘x’ and ‘y’. The other variables in the population file are the eight LiDAR variables. 
Stratification in these data was based on age (‘O’ - older trees, mean age 34 years; ‘Y’ - younger 
trees, mean age 9 years). In the following sections any text next to the ‘>’ sign indicates a 
command in the R programming language. The output from an R command typically consists 
of a table, a graph or some type of message. For clarity all output in these examples appears in 
blue text.  
> data(nundle.sf) 
> popfile <- nundle.sf 
> head(popfile) 
 
PID  Strata  plot_type    x   y  mdh  pstk     cc     var  
1    O    B  335… 6520..  29.5   260 79  127       
2 O B 335… 6520.. 31.8 160 81 124 
3 O B 335… 6520.. 29.5 160 84 109 
4 O B 336… 6520.. 31.8 220 89 105 
5 O B 336… 6520.. 30.4 180 76 140 
6 O B 336… 6520.. 31.0 200 83 124 

 
The variable of interest in this example is the LiDAR variable ‘OV’ (occupied volume). 
Occupied volume is well correlated with timber volume (Turner et al. 2011). It is used in the 
following examples as a surrogate for timber volume because it is known for each of the virtual 
plots whereas timber volume itself is not available.  
The design variables are defined as a subset of the LiDAR variables which have moderate 
correlations with the variable of interest (in these data less than 0.76 in absolute value - this 
limit is to prevent unrealistically low prediction errors in the imputation examples).  
> desvars 
 [1] “height” “pstk”   “cc”     “var” 
When the population file is checked there are no errors reported. A bar graph shows the count 
for each type of virtual plot in the population. 
> Check.pop(popfile, desvars) 
A sample of 80 is specified for the entire population (both strata). The function Alloc allocates 
the sample to strata in proportion to the number of target plots in each stratum. An alternative 
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is to provide a user specified sample vector. In this example 58 plots are allocated to the old 
age stratum and 22 to the young age stratum. 
> nh <- Alloc(popfile, 80) 
> nh 
  O  Y  
 58 22    
The NC sampling procedure is then performed on the population file using the calculated 
sample sizes. In this example the k-means clustering option is specified (‘km’). The other 
options which are specified are the maximum number of iterations (200) and the number of 
sets of initial cluster means (20) which are used by the k-means clustering procedure.    
> ncsamp<-NC.sample(popfile, nh, desvars, ‘km’, 200, 20)  
The virtual plots can now be illustrated using an x-y plot as shown in Figure 3. 
> Spatial.plot(popfile, ncsamp$popfile) 

Figure 3. Selected plots in the old age stratum 
 
Finally to calculate the approximate design variances of the sample a predictor is required for 
each variable of interest. These variables can be supplied by the user based on historical data. 
They need to be available for each virtual plot in the population. If no predictor variables are 
supplied then the program is able to calculate them using random forest regression and a 
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training dataset which contains both the variables of interest and a set of auxiliary variables. 
Firstly the necessary parameters are defined.   
> yvars <- ‘OV’ 
> kvalue <- 1 
The names of each variable of interest are specified in the ‘yvars’ vector. The names of the 
auxiliary variables are specified in the ‘xvars’ vector (in this example they are just the design 
variables). The parameter ‘kvalue’ is the value of k used for the k-nn imputation. When a 
training dataset is specified the function adds a predictor variable (named ‘z’) to the population 
file. The names of the predictor variables are specified in the ‘zvars’ vector.  If user supplied 
predictor variables are provided then the name of each variable must be specified in ‘zvars’. 
Otherwise the predictor variables are calculated by the program using the training data. The 
number of re-samples is specified using the parameter ‘B’. Large values (B≥1000) are preferred 
however the time taken to run the DesVar function is directly proportional to the value of B. 
The ‘pool’ option allows for pooling over strata when fitting the random forest model, which 
is not recommended unless the training data has insufficient observations to permit a separate 
model in each stratum. The DesVar function then calculates the design variances. 
 > des.mse <- DesVar(popfile, nh, desvars, yvars, kvalue, B=1000, zvars=‘z’,  
  training=training, xvars=desvars, pool=F) 
 > des.mse 
 
 Var Strata Ng n mse rmse.perc Rel.Eff 
1 z O 1496 58 39528.212        1.04 2.0 
2 z Y 572 22 7594.257        2.17 2.4 
3 z Overall 2068 80 22041.970        0.99 2.1 

 
The output contains the following information for each variable of interest (‘Var’) and each 
Stratum. The number of target plots in the stratum (‘Ng’), the number of reference plots in the 
stratum (‘n’), the mean squared error of z (‘mse’), the relative mean squared error percent of z 
(‘rmse.perc’), and the relative efficiency of z in the NC sample with respect to a random sample 
(‘Rel.Eff’). The same figures are calculated for the overall sample (i.e. across all strata). The 
number of target plots is determined from the original target set. Depending on the survey 
design some of these target plots may also be reference plots so that the number of target plots 
subject to prediction error may be less than Ng (i.e. reference plots do not contribute to the 
design variance estimate).    
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Example 2 
In the second example the candidate plots are inside the AOI, and there are 30 pre-existing 
plots, also inside the AOI. All virtual plots have plot type ‘B’ (both candidate set and target set) 
or ‘E’ (pre-existing). An additional 50 reference plots are allocated using the Alloc function. 
The function Existing removes plots from the target set which are near neighbours to pre-
existing plots - these are assigned plot-type ‘X’. This results in a reduced set of target plots and, 
in this example, a reduced set of candidate plots. The next call to function Alloc allocates the 
reference plots to strata based on the reduced target set.  
> xid <- sample(1:N, size=30, rep=F) # define existing plots, at random, for illustration only 
> popfile$plot_type[xid] <- ‘E’ 
> Check.pop(popfile, desvars) 
> nh <- Alloc(popfile, 50) 
> nh 
 O  Y  
36 14   
> revised <- Existing(popfile, nh, desvars, T) 
> revised.nh <- Alloc(revised$popfile, 50) 
> revised.nh 
  O  Y  
 36 14  
The Existing function also produces a bar plot which shows how many target plots are near 
neighbours to each pre-existing plot. Reference plots which have only a few or no near 
neighbours play a relatively small role in the final estimate. 
> ncsamp <- NC.sample(revised$popfile, revised.nh, desvars, ‘km’, 200, 20)  
> Spatial.plot(popfile, ncsamp$popfile) 
Figure 4 shows the final sample, including the pre-existing plots; virtual plots which are near 
neighbours to pre-existing plots are distinguished from the other target plots.  
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Figure 4. Example of pre-existing plots in the young age stratum 
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Example 3 
This example illustrates small area estimation. Most of the candidate plots are outside the AOI. 
All the target plots are inside the AOI. There are no pre-existing plots. Therefore all virtual 
plots have plot type ‘C’ (candidate set) or ‘T’ (target set). The AOI is wholly contained in the 
old age stratum which results in a warning from the Check.pop function. 
> popfile$plot_type <- factor(‘C’, levels=c(‘B’,’E’,’C’,’T’)) 
> # example of a small AOI in NE corner of stratum 
> popfile$plot_type <- replace(popfile$plot_type, popfile$x>336.1 &  
    popfile$y>6519.6, ‘B’) 
> Check.pop(popfile, desvars) 
Warning message: 
In Check.pop(popfile, desvars) : some strata have no target plots 
> nh <- Alloc(popfile, 20) 
> nh 
 O  Y  
20  0   
> ncsamp <- NC.sample(popfile, nh, desvars, ‘km’, 200, 20)  
> Spatial.plot(popfile, ncsamp$popfile) 

 
Figure 5. Small area estimation: small AOI in the old age stratum 
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Note that most of the reference plots are outside the AOI (see Figure 5). The NC sample for 
small area estimation is usually much more efficient than a random sample because the 
reference plots are specifically matched to the target plots. If the small area sample is only a 
minor part of an overall survey then the reference plots from the small area sample could be 
defined as ‘pre-existing’ when surveying plots outside the small area. This may be preferable 
to defining the small area as a separate stratum in an overall survey (which forces all the 
reference plots in the small area to be selected from within the small area). Alternatively the 
survey for the main area could be done first and the design for the small area second, with the 
reference plots in the main survey defined as ‘pre-existing’ during the small area selection. 
This type of design flexibility allows a large number of scenarios to be catered for.        
 
> des.mse <- DesVar(popfile, nh, desvars, yvars, kvalue, B=1000, 
   zvars=‘z’, training=training, xvars=desvars, pool=F) 
> des.mse 
 
 Var Strata Ng n mse rmse.perc Rel.Eff 
1 z O 158 20 113163.86        1.8 3.2 
2 z Y 0 0 NA       NA NA 
3 z Overall 158 20 113163.86        1.8 3.2 
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Example 4 
This example illustrates the sample design for a specific sub-population. In particular all the 
target plots have mean dominant height (‘mdh’) larger then 34m and they are not contiguous. 
The candidate plots are also inside the AOI, and there are no pre-existing plots. Therefore all 
virtual plots have plot type ‘C’ (candidate set) or ‘T’ (target set). Note that all the target plots 
are in the old age stratum (Figure 6). 
> popfile$plot_type <- factor(‘C’, levels=c(‘B’,’E’,’C’,’T’)) 
> # example of a tall sub-population 
> popfile$plot_type <- replace(popfile$plot_type, popfile$mdh>34, ‘B’) 
> Check.pop(popfile, desvars) 
Warning message: 
In Check.pop(popfile, desvars) : some strata have no target plots 
> nh <- Alloc(popfile, 30) 
> nh 
 O  Y  
30  0   
> ncsamp <- NC.sample(popfile, nh, desvars, ‘km’, 200, 20)  
> Spatial.plot(popfile, ncsamp$popfile) 
  

 
Figure 6. Sampling a sub-population: tall plots in the old age stratum 
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Similar to small area estimation, relative efficiencies for NC sampling of sub-populations are 
often quite high. This is because random sampling only selects relatively small numbers of 
reference plots (on average) which are similar to the target plots. 
 > des.mse <- DesVar(popfile, nh, desvars, yvars, kvalue, B=1000,   
  zvars=‘z’, training=training, xvars=desvars, pool=F) 
> des.mse 
 
 
 Var Strata Ng n mse rmse.perc Rel.Eff 
1 z O 486 20 91812.24             1.42 8.3 
2 z Y 0 0 NA       NA NA 
3 z Overall 486 20 91812.24             1.42 8.3 

 
  

227



Case Study – Comparison of LiDAR and AP derived auxiliary 
data for NC sampling at the Springfield study site 
 
Description 

The Springfield site in north east Tasmania consists of approximately 300 ha of Pinus radiata 
plantation. The site had been pre-stratified by forest management into early-age inventory 
(EAI), mid-rotation inventory (MRI) and pre-harvest inventory (PHI). The PHI is the most 
intensively sampled stratum using a conventional grid sample with 1 plot per 1.4 ha. This 
compares to the EAI and MRI which have been sampled at 1 plot per 4.9 ha and 1 plot per 2 
ha respectively. 
The site was surveyed using LiDAR in early 2015 and then photographically (AP) surveyed in 
April 2015. The Springfield research study involved selecting additional plots for sample 
validation, using sampling strategies which had been developed recently both overseas and 
within DPI. The sampling strategies which were employed in the research study were:- 
- grid sampling, using existing inventory plots 
-  locally balanced sampling, a sampling method which had already been evaluated in a forest 
imputation setting (Grafström et al. 2014) 
- NC sampling which, at the time of the study, had not been trialled under actual field conditions 
The locally balanced and NC strategies involved newly selected plots which were measured in 
May 2015. In the following simulations all available measured plots were used to compare 
sampling and estimation methods.  

 
Comparisons based on actual timber volume in non-contiguous measured plots 

In these simulations there are 251 measured plots in the dataset. Each plot has both LiDAR and 
AP metrics associated with it. All of the plots were measured for various timber product 
volumes.  
Target populations (N=125 plots) were selected at random from the measured plots. Reference 
plots were then selected from the non-target population using sample sizes ranging from 10 to 
75. For each sample size three types of sample were selected, specifically a random sample, an 
NC sample using LiDAR variables, and an NC sample using AP variables. Imputation 
estimates were calculated for the target populations using the different types of sample. For the 
random samples imputation estimates based on LiDAR metrics were calculated and then 
imputation estimates based on AP metrics. For the NC sample based on LiDAR metrics 
imputation estimates also based on LiDAR metrics were calculated. Similarly for the NC 
sample based on AP metrics imputation estimates also based on AP metrics were calculated. 
Design-based estimates (simple averages) were also calculated for comparison. The entire 
process was repeated 10,000 times (i.e. 10,000 different target populations) and estimates of 
timber volume were compared to the known values. The results are shown in Figures 7 and 8. 
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Figure 7. Estimation methods based on random samples 
 
The advantage of this simulation method is that comparisons can be done using measured 
timber volumes, therefore correlations between timber volume and auxiliary variables are more 
realistic.  The disadvantage is that the measured plots were part of an actual forest inventory 
and therefore not spatially contiguous. The variance of a spatially disjoint set of plots is not 
equivalent to the variance of a spatially contiguous set of plots owing to spatial correlation. 
Therefore comparisons between different methodologies are compromised by the unusual 
nature of the target population. 
Based on random samples, imputation using either LiDAR or AP outperformed design-based 
estimation across the full range of sample sizes which were investigated. LiDAR was 
consistently better than AP, although on the scale of Figure 7, there is a clear advantage in 
using imputation with either metric compared to a mean-based estimate. The mean-based 
(design-based) estimate is similar to the conventional inventory approach where averages are 
calculated from a grid sample of reference plots. 
The effect of using the NC sampling method is shown in Figure 8. Gains in efficiency were 
observed across sample sizes ranging from 10 to 75 when NC sampling was used to select 
reference plots instead of random sampling. This occurs with either LiDAR or AP metrics. The 
use of LiDAR metrics resulted in considerably better efficiency than AP metrics, both with 
random and NC samples, especially with small sample sizes.  As the sample size increases the 
difference between methodologies becomes less pronounced, however this is convergence is 
mainly due to the small population of target plots (N=125).   
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Figure 8. Imputation estimates using random vs NC samples 

 
Comparisons based on pseudo-volume in contiguous virtual plots 

In these simulations there are 4337 virtual plots in the dataset. Each virtual plot has both LiDAR 
and AP metrics associated with it. None of the virtual plots have measured timber volume. A 
pseudo-volume was calculated for each virtual plot based on 251 inventory plots which had 
measured values for timber volume in addition to LIDAR and AP auxiliary variables. The 
pseudo-volume was determined from a random forest regression model which used all of the 
available auxiliary variables (both LiDAR and AP). The R2 value for this model was 0.73.  
Target populations (N=3000 contiguous plots) were selected at random from the virtual plots. 
Reference plots were then selected from the target population using sample sizes ranging from 
10 to 300. For each sample size three types of sample were selected, specifically a random 
sample, an NC sample using LiDAR variables, and an NC sample using AP variables. 
Imputation estimates were calculated for the target populations using the different types of 
sample. For the random samples imputation estimates based on LiDAR metrics were calculated 
and then imputation estimates based on AP metrics. For the NC sample based on LiDAR 
metrics imputation estimates also based on LiDAR metrics were calculated. Similarly for the 
NC sample based on AP metrics imputation estimates also based on AP metrics were calculated. 
Design-based estimates (simple averages) were also calculated for comparison. The entire 
process was repeated 1000 times (i.e. 1000 different target populations) and estimates of 
pseudo-volume were compared to the known values. The results are shown in Figures 9 and 
10. 
The advantage of this simulation method is that comparisons can be done using spatially 
contiguous sets of target plots, similar to that which occurs in an actual forest inventory, 
wherein the plots in a compartment or planning units are mostly contiguous. The disadvantage 
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is that the comparisons between methods must be based on a pseudo-volume because actual 
timber volumes will rarely be available for such large populations of virtual plots. 
Based on random samples, imputation using either LiDAR or AP outperformed design-based 
estimation across the full range of sample sizes which were investigated. LiDAR was 
consistently better than AP, although on the scale of Figure 9, the two metrics appear to be 
fairly similar.  

 
Figure 9. Estimation methods based on random samples 
 
The effect of using the NC sampling method is shown in Figure 10. Considerable gains in 
efficiency were observed across sample sizes ranging from 10 to 90 when NC sampling was 
used to select reference plots instead of random sampling. The use of LiDAR metrics also 
achieved better efficiency than AP metrics however the primary benefit was from the choice 
of sampling method, using either metric.  For example AP metrics combined with NC sampling 
is clearly a much better option than LiDAR metrics combined with random sampling. 
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Figure 10. Imputation estimates using random vs NC samples 
 

Conclusion 
This section has introduced the NC package which is intended to be used by forestry 
practitioners for inventory surveys. The methodology and the package were both explained in 
detail, including the calculation of design variances. Examples were presented based on a 
commercially active P. radiata plantation managed by the Forestry Corporation, near Nundle 
on the northern tablelands of NSW. 
Comparisons were also done between LiDAR and AP metrics using data from the Springfield 
study site in north eastern Tasmania. Simulations using actual timber volume and non-
contiguous plots revealed that imputation was superior to the conventional inventory approach 
(i.e. design-based estimation), regardless of whether LiDAR or AP metrics were used. Further 
efficiency gains were obtained when NC sampling was employed and this occurs with both 
types of metric.  Simulations using pseudo-volume and contiguous plots confirmed these 
findings. 
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Background 
The potential to apply virtual reality (VR) methods to forestry has been recognised for some 
time.  For example, Orland & Uusitalo (2001) examined the relationship between VR 
interface design and the requirements of forest management, such as the effective 
communication of forest change over time, assessment of the visual impact of forest 
operations such as harvesting, and the capacity to simultaneously display multiple data types 
to assist with the recognition and interpretation of relationships between data.  At that time 
however, they noted the lack of real, high resolution data, the need to link multiple data from 
different agencies, and a reliance on artificial models built from population data (Orland & 
Uusitalo 2001). They also noted a need to ensure the ‘appeal of the tool does not subvert [the] 
goals of rational, open and responsive management’ (Orland & Uusitalo, 2001).  At about the 
same time researchers such as Blaise et al. (2004), recognising allied developments in GIS, in 
the modelling of tree growth and the capacity to build tools to represent and display plant 
architecture, experimented with 3D visualisation of individual trees and forest landscapes. 
A number of recent applications of VR methods to forest and tree visualisation have been 
concerned with immersive experience design. Examples are the ‘TreeSense’ project from 
MIT Media Lab1, which explored storytelling and engagement by transforming participants 
into a growing tree; a virtual forest developed by Stanford University’s Virtual Human 
Interaction Lab, which allowed participants to immerse in the experience of felling a tree and 
investigated the influence of the experience2. In Australia, a Virtual Forest developed through 
Alzheimer’s Australia is an immersive experience designed to enrich the lives of people 
living with dementia3. 

                                                 
1 https://medium.com/mit-media-lab/if-you-were-a-tree-ee9dd0b8e387 
2 http://news.stanford.edu/news/2011/april/virtual-reality-trees-040811.html 
3 https://vic.fightdementia.org.au/vic/education-and-consulting/the-virtual-forest 
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The density and accuracy of 3D point cloud data captured remotely using either terrestrial or 
airborne platforms and photogrammetric or LiDAR technologies, coupled with developments 
in VR methods and technology, makes it timely to investigate the potential of immersive VR 
to contribute to forest inventory, particularly ‘virtual cruising’ of forest inventory plots. A 
component of that work is to explore the capacity to ingest into an immersive VR 
environment raw 3D point cloud data, together with automatically segmented vector data 
such as stem or branch data, with the capacity to build tools that will allow users to measure 
and assess individual trees. 
 

Objectives 
The work reported in this section is the outcome of an additional Milestone, incorporated into 
the project in early 2017.  That milestone was:  

• Milestone (7b) – Evaluate the potential of virtual reality technology for remote 
cruising of individual Pinus radiata trees from dense point clouds. 

The following objectives were developed for this Milestone: 
i. Identify and report on current and emerging software/hardware that supports 

advanced/immersive visualisation of dense point clouds. 
ii. Identify and report on any existing software that has the potential to allow foresters to 

directly interact (view, measure) within a point cloud in an advanced/immersive 
visualisation environment, or scope development of software to meet this need.   

iii. Undertake an initial assessment of the complexity of importing outputs from stem 
segmentation software (such as LiForest or 3DForest) into a visualisation 
environment and the visualisation of that data with original point cloud data.  

Objective 1: Identify and report on current and emerging software/hardware that supports 
advanced/immersive visualisation of dense point clouds. 

• Immersive VR viewing hardware 
In the past few years, there have been significant investments in immersive VR technology 
from major global IT companies such as Facebook, Google, Microsoft and Apple. This has 
resulted in the availability of consumer-ready immersive headsets (often called Virtual 
Reality (VR) headsets), ranging from a highly portable immersive headset powered by a 
mobile phone to a high performance headset powered by a high-end computer with a high 
performance VR-capable graphic card. The leading VR headsets currently available 
commercially are:  

  

235



Table 1.  PC-Powered High performance VR headsets 
 Oculus Rift4 

 

HTC Vive5 

Resolution 2160 x 1200 pixels 2160 x 1200 pixels 

Refresh rate 90 Hz 90 Hz 

Field of view 110 degrees 110 degrees 

Hand Controller  Oculus Touch Vive Controller 

Tracking area 5 x 11 feet 15 x 15 feet 

Recommended PC Requirements  • Graphic card: NVIDIA GTX 
1060/ AMD Radeon RX 480  

• CPU: Intel Core i5-4590  
• RAM: 8GB 

• Graphic card: NVIDIA GTX 
1060/ AMD Radeon RX 480 

• CPU: Intel Core i5-4590 
• RAM: 4GB 

 
Table 2.  Mobile phone-Powered Portable VR headsets 
 Google Daydream View6 Samsung Gear VR7 

Resolution 1920 x 1080 pixels 2960x1440 pixels 

Refresh rate 60 Hz 60 Hz 

Field of View  90 degrees 101 degrees 

Tracking area Orientation only Orientation only 

Required mobile phones Google Pixel, Huawei Mate 9 Pro, 
Moto Z, Axon 7 

Galaxy S8, S8+, S7, S7 edge, 
Note5, S6 edge+, S6, S6 edge 

 

The refresh rate and field of view of the mobile phone-powered portable VR headsets are 
inferior to the PC-powered high performance, however not by much. The resolution of the 
mobile phone screen is at least or better than the display resolution of the PC-powered high 
performance VR headsets.  However, mobile phone-powered portable VR headsets lack the 
computing capability to render high complexity immersive scenes (data) and are therefore not 
suitable for this project. Currently, the appropriate solution for an immersive visualization 
hardware of this project, because of the very dense point clouds, is a high-performance VR 
headset such as the HTC Vive or Oculus Rift.   
For noting however, in late 2017 the release of a new breed of VR headset called “Standalone 
VR headset” is expected, offered by Google and possibly other major IT companies. In a 
form factor consideration, similar to the portable VR headsets, these new standalone VR 
headsets will not require a tethered PC.  They will be equipped with an advanced position 
head tracking system that does not require external tracking sensors. These headsets will have 
a tracking area exceeding that of current PC-powered high performance VR headsets due to 
their ability to automatically map the external environment, in large-part using computer 
vision (e.g. Google WorldSense). These standalone VR headsets may offer an alternative to 
the current choice of PC-powered high performance VR headsets.  

                                                 
4 https://www.oculus.com/ 
5 https://www.vive.com/au/  
6 https://madeby.google.com/vr/  
7 http://www.samsung.com/global/galaxy/gear-vr/  
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• Immersive VR viewing software 
The selection of appropriate software is more straightforward than the hardware 
consideration.  In the immersive environment, the choice is between Unity 3D8 developed by 
Unity Technologies, and Unreal Engine9 developed by Epic Games.  Both software platforms 
began as game engines, allowing game developers to develop games and export those games 
to a variety of platforms (such as PC, console or mobile). Since the emergences of advanced 
display headsets, both software development platforms have responded by positioning their 
products as software development tools for the new immersive VR hardware devices. 
Unity 3D is however, a more widely used game engine in the market and as a result, there are 
more assets (i.e. plugins) available in Unity 3D’s Asset store. Specifically for this research 
project, there is a point cloud viewer utility asset available on the Unity 3D platform, called 
“Point Cloud Viewers and Tools”10.  This utility allows point cloud data to be loaded into the 
immersive environment.  Common point cloud data formats can be loaded, including XYZ, 
XYZRGB, CGO, ASC, CATIA, PLY(ASC), PTS and LAS. For these reasons, the Unity 3D 
software has been adopted as the platform for this research project, and using the LAS data 
format. 
 
Objective 2: Identify and report on any existing software that has the potential to allow 
foresters to directly interact (view, measure) within a point cloud in an advanced/immersive 
visualisation environment, or scope development of software to meet this need.   

• User interaction with the 3D point cloud 
The Unity 3D platform allows customised software program to be implemented inside the 
immersive VR environment. This is achieved by coding in either C# or JavaScript 
programming languages.  The program can enable desired functionalities of the immersive 
visualisation. The following are some of the key functions: 

• First Person Viewpoint: This function enables users to view the dense point cloud 
within the immersive environment from a first person point of view. Users will explore 
the forest point cloud in a manner comparable to walking around in the real forest, 
enhancing the immersion experience. Additionally, the software can make available 
unique viewpoints that users would not normally experience, such as fly through, 
teleporting from one plot to another plot, or switching in and out of the aerial views.  

• Raycast: This function enables users to select a point or a game object inside the 
immersive environment with which they want to interact. The interaction can include 
actions such as switching activate/de-active functions, marking and unmarking locations, 
physical interaction (such as pushing an object), or displaying information. The 
mark/unmark feature is particularly useful when users want to measure distance between 
two location (trees). 

• Distance: This simple function measures the distance between two points.  

The use of raycasting with point cloud data requires special consideration, since the raw data 
is a point cloud rather than a meshed surface comprising planes.  The point of interest is 
therefore not a simple intersection between a line and a plane, but is defined in terms of the 

                                                 
8 https://unity3d.com/ 
9 https://www.unrealengine.com/ 
10 https://www.assetstore.unity3d.com/en/?_ga=1.242197186.1904995280.1454048114#!/content/16019 

237

https://unity3d.com/
https://www.unrealengine.com/
https://www.assetstore.unity3d.com/en/?_ga=1.242197186.1904995280.1454048114%23!/content/16019


proximity of a line to a single point in the cloud.  This is an ongoing investigation as part of 
the development of the proof-of-concept immersive visualisation.      
 
Objective 3: Undertake an initial assessment of the complexity of importing outputs from 
stem segmentation software into a visualisation environment and the visualisation of that data 
with original point cloud data. 
In a separate component of this FWPA research project, a review has been completed of the 
leading software products for segmentation of stem or canopy structure from dense point 
clouds (Pishchugin, Osborn, Lucieer 2017).  Five software products were reviewed: 
3DForests, LiForest, CompuTree, Fusion_LDV and Web-LiDAR.  Two of these products, 
3DForests and LiForest, were selected for trialling with dense point clouds acquired at the 
Springfield Pinus radiata plantation (NE Tasmania).  Additionally, stem segmentation 
software developed by SCION New Zealand (SCION 2017, Pont 2014) was used to segment 
stems from the same dense point cloud data. 
The output files from the SCION segmentation software and 3Dforest software are in pcd 
format. The following steps were used to import those data into the immersive visualisation 
environment (Unity 3D):  

i. Using CloudCompare, LAZ (original point cloud data) and pcd (segmentation data) 
were converted to LAS format (uncompressed) 

ii. Using the Unity 3D asset “Point Cloud Viewers and Tools”, the LAS format data was 
converted to the asset’s own Binary (DX11) format (bin) 

iii. Within Unity, a “Binary Viewer DX11” script (part of the Point Cloud Viewers and 
Tools asset) was attached to a game object 

iv. Within the “Binary Viewer DX11” script, the previously converted bin file was 
selected to be rendered in the immersive environment.  

This process allowed the original point cloud and the segmented stem data to be visualised in 
an immersive environment.  The resulting combined data, displayed on the Unity 3D 
software’s desktop development environment, are shown in Figure 1 (SCION segmentation) 
and in Figure 2 (3Dforest segmentation). These are for a pre-harvest inventory stand (thinned 
and pruned) from the Springfield (NE Tasmania) study site.  The data in Figure 1 was 
collected using a Leica MS50 Multi-station scanner.  The data in Figure 2 comprises the same 
Leica MS50 Multi-station scanner data combined with a dense point cloud derived from UAS 
photogrammetry. 
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Figure 1. Screen capture of a Unity 3D rendering of TLS data acquired in a pre-harvest Pinus 
radiata inventory plot, shown SCION segmentation (blue: stack, red: combined stems, 
yellow: measured stems) and original point cloud data (green) 

 
Figure 2. Screen Capture of a unity 3D rendering of combined TLS and UAS 
photogrammetry data acquired in a pre-harvest Pinus radiata inventory plot, showing 
3DForest segmentation. 
Investigations are ongoing to document the rendering performances (frame rate, latency) 
across different data file sizes to determine an optimal rendering quality versus data size, as 
well as to identify any limitations that will inform future design and development work.  For 
the inventory plot illustrated here, once the combined data was loaded into the memory of the 
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graphic card, the latency run time on a medium performance PC was normal, and will 
improve substantially on a higher end VR-capable PC. 
 

Summary 
Recent rapid developments in the technology and software to support immersive virtual 
reality visualisation, together with the emergence of promising segmentation algorithms and 
software to extract stems and stem measurements from dense point cloud data, make it timely 
to explore the potential of advanced 3D visualisation to support forest inventory. 
In this pilot project, dense point cloud data from a pre-harvest Pinus radiata inventory plot, 
together with the output from two stem segmentation algorithms, has successfully been 
imported into an immersive VR environment.  More advanced standalone VR headsets 
expected to be available in late 2017 will further contribute to the visualisation of these data. 
VR offers the potential for field staff to transfer their skills to within a 3D and 1:1 scaled 
immersive environment, and to use natural interface functionality such as walking (within 
limited ranges), ‘teleporting’ across longer distances – horizontally and vertically, and 
‘experiencing’ the data from within a forest plot.  The results of this pilot project indicate that 
the technology to support immersive interaction with remotely sensed point clouds is 
available, that very dense 3D point clouds can be imported into current VR systems, that tree 
architecture segmented from the 3D point clouds using separate software can be integrated 
within the same immersive environment, and that tools can be developed to allow users to 
interactively measure stem and tree structure.  Future work is likely to concentrate on 
investigating alternative methods of representing the point cloud in order to optimise the 
immersive experience and developing tools to allow users to interact with the data in order to 
capture or quality assure tree metrics. 
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8. Conclusions 

When the proposal for this project was submitted three years ago there was an intention to 
extend the application of high spatial resolution 3D LiDAR data into the full spectrum of 
commercial forestry in Australia.  This has been achieved with a successful demonstration of 
LiDAR data applied to inventory estimation for eucalypt plantations and native regeneration 
forests.  However, we believe the major achievement of this project has been the 
demonstration that aerial photography (AP) and SfM-MVS photogrammetry afford the 
Australian forestry industry numerous opportunities to integrate high spatial resolution 
photogrammetric data into their resource management systems.  While for most cases 
evaluated in this project, the resultant accuracies derived from AP were less than that 
obtained from LiDAR data, these differences were not significant.  Aerial photography and 
photogrammetry provide an alternative to airborne LiDAR, especially when a high quality 
digital terrain model is already available. 

The reliability of point clouds derived from aerial photography depends on careful flight 
planning and high quality photography. Recommended acquisition and processing 
specifications are provided in a Guidelines manual that accompanies this Final Report. In 
addition, a Costing Tool software application enables foresters to simulate various acquisition 
scenarios and identify the most cost efficient solution in terms of aerial platform, camera and 
acquisition planning specifications that best suit their task at hand.  Although the acquisition 
of LiDAR or AP canopy data constitutes an additional cost, the Nearest Centroid statistical 
program (available in the open source R software platform) permits foresters to reduce the 
number of plots required to achieve a targeted level of precision for their inventory.  These 
savings can off-set the cost of airborne data acquisition. 

In parallel to the acquisition specifications provided for AP, the research has highlighted the 
potential of UAV-LiDAR, but also the current need to fully understand the calibration and 
accuracy assessment processes for these systems.  UAV-LiDAR has the potential to serve as 
an important sampling tool, remotely acquiring very dense 3D point data that can be used in 
precise areal inventory estimations, for example, through nearest neighbour plot imputation 
based on airborne LiDAR or AP data. 

The increasing availability of affordable and accurate 3D information increasingly permits 
the assessment of forest resources at the stand, plot and individual tree level.  Accurate tree 
counts can now be operationally obtained over large areas of mature plantation using the 
software package “pointcloudITD” or through processing camera imagery and AP point 
clouds acquired using a fixed wing UAV over smaller areas of young stands. 

A development that will require further funding in order to fully harness the value of dense 
3D point cloud data is the integration of these data into immersive Virtual Reality (VR) 
platforms. The work reported here has demonstrated the potential to incorporate into VR the 
3D reconstruction models being developed in PNC377-1516. Immersive VR offers the 
potential for field staff to transfer their skills to within a 3D and 1:1 scaled immersive 
environment, and to use natural interface functionality such as ‘walking’ within a forest plot 

241



and ‘experiencing’ the data from within a plot.  Future funds would contribute to developing 
capability and to providing an efficient knowledge and skills transfer bridge for the activities 
of inventory crews from currently operating in the field to remote assessment of trees in the 
immersive environment.  While standard (non-VR) 3D visualisation software packages do 
provide some capacity for on-screen tree assessment, the ‘experience’ in an immersive VR 
plot is simply closer to (albeit not the same as) ‘being’ in a plantation.  

Finally, this project has demonstrated the benefit of bringing together a suite of scientific 
disciplines and expertise which may not have originated from conventional forestry research. 
A team of researchers from five different research units, providing expertise in 
photogrammetry, unmanned airborne systems, programming, software development and 
biometrics all provided key contributions to the project.  Additional technical expertise in 
forest inventory and planning was accessed through the collaborating forestry companies.  
Progressing the adoption of 3D information by the forestry sector is likely to require bringing 
people with these technological skillsets into the forest industry. 
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Appendix 1 - A review of ground-based, remote assessment of tree-
level attributes for plantation inventory 

 

Christine Stone1 and Jon Osborn2 
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2 School of Land and Food, University of Tasmania, Jon.Osborn@utas.edu.au 

 

Introduction 

Defined procedures for the manual measurement of trees and visual assessment of stem quality have 
been embedded in plantation inventory workflows for decades. The traditional attributes obtained from 
inventory plots are based on well-established inventory algorithms and a balance between acceptable 
precision and measurement efficiencies.   

Instrumentation, however, has improved exponentially and ground-based measurement practices have 
improved through the adoption of these technologies. The measurement of tree heights, for example, 
has progressed from using a stick and tape, to a clinometer and tape and onto hand held ultrasonic or 
laser hypsometers. More recently, a series of applications that use smartphone camera images for 
estimating tree height illustrate the potential role of new technologies, although noting that solutions 
such as these are still in development and may not yet efficiently deliver the accuracy of a conventional 
hypsometer (Villasante & Fernandez 2014).  

Since the early 2000’s Light Detection and Ranging (LiDAR) (or laser scanning) technology has 
increasingly been used to estimate forestry parameters from airborne laser scanning (ALS), mobile laser 
scanning (MLS) and terrestrial laser scanning (TLS) platforms. LiDAR is an active remote sensing 
technique that can accurately measure distances by transmitting laser pulses and analyzing the returned 
energy as a function of time. Laser scanning technology is capable of directly acquiring extensive and 
highly accurate 3-D point clouds, which provide detailed spatial descriptions of objects of interest, 
including trees.   

Although the use of ALS data by the forestry sector has significantly increased in recent years, there is 
still the need for plot measurements below the canopy for calibration of forest models developed from 
ALS. TLS hardware is experiencing a period of rapid improvement in price, size and weight which have 
all decreased, accompanied with increasing spatial resolution and measurement speed (Liang et al. 
2016).  

This literature review will focus principally on the application of TLS technology which can directly 
provide inventory information as well as complement and support the synoptic acquisition of LiDAR 
data. 
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Classification of terrestrial laser scanners 

Terrestrial laser scanners are generally classified in terms of the technology employed to measure 
distances (ranges) when using the instrument.  The three primary methods of doing this are: 

1. Pulse ranging (or time-of-flight) methods 
2. Phase shift (or phase measurement) methods 
3. Structured light (optical intersection) solutions 

Time-of-flight techniques are based on measurement of the time-of-flight between emission and 
reception of a returned (reflected) laser pulse. The precision of the measured distance is limited by the 
instrument’s capacity to measure the travel time of the pulse. This used to be a substantial barrier to 
employing these instruments in applications that required high accuracy, but their precision has 
improved substantially in recent years. Pulse ranging techniques are less demanding than other methods 
in terms of the return signal because the analysis required of the return signal is less complex. Time-of-
flight scanners are characterized by long measurement distances, and a capacity to measure surfaces 
that have poor retro-reflective properties. The number of return signals that can be recorded for each 
emitted pulse varies between instruments (e.g. single return , first/last return, multiple return or full 
waveform recording) (Dassot et al. 2011, Liang et al. 2016).  Measurement of multiple returns is 
advantageous in forestry applications because the backscattered signals may arise from targets inside 
of and/or behind vegetation (Liang et al. 2016). Calders et al. (2014a) concluded that multiple return 
TLS instruments lead to an improved sampling at canopy heights. Full-waveform, time-of-flight TLS 
sensors are able to fully digitize the returned energy of an emitted laser pulse, thereby making the 
instrument more sensitive to small return intensities (Strahler et al. 2008). Full-waveform TLS 
instruments such as the Echidna Validation Instrument (EVI) can capture the upper hemispherical view 
of the canopy and have been used successfully to retrieve actual foliage profiles (Lovell et al. 2012; 
Zhao et al. 2013) as well as a range of conventional inventory attributes (Yang et al. 2013). 

Phase-shift scanners use a method of measuring distance that is inherited from high accuracy survey 
grade total stations (electronic theodolites) used by surveyors. In this approach, a more complex signal 
is emitted by the scanner – essentially a sinusoidal modulation onto the base carrier frequency – and the 
phase difference between the emitted and received (reflected) signal is used to determine the total 
distance travelled (Pfeifer and Briese 2007). This approach to distance measurement allows for higher 
measurement accuracy, but is more demanding in terms of the integrity of the return signal and as a 
consequence more affected by the retro-reflective properties of the surface of the object from which the 
signal is reflected and by the atmospheric conditions and ambient light.  This method can however, 
provide very high data acquisitions speed (Dassot et al. 2011). While phase-shift scanners have 
frequently been used in past studies, for operational forestry applications, phase difference methods are 
expected to be limited in future applications compared to time-of-flight scanners that record multiple 
returns (Saarinen et al. 2017). 

Structured light, or optical intersection solutions, are employed in very close range applications that 
require very high accuracy. Scanners in this category may employ any of a number of measurement 
technologies, with a common example being a metric camera/laser intersection solution, with a 
projected laser illuminating a point on the object to be measured and the position of that point being 
imaged by a camera that has a known geometric relationship with the laser scanner. The three-
dimensional position of the illuminated point can therefore be determined by mathematical intersection. 
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A second method of classifying terrestrial laser scanners is in terms of the whether the instrument is 
required to be static (stable) for the duration of a scan, or can be mobile during the scan: 

1. Static TLS are designed to be mounted in stationary position, typically on a tripod, for the 
duration of the scan. Most TLS designed for high precision survey work, for applications such 
as engineering construction and archaeological recording, are tripod mounted static systems. 

2. Mobile TLS (MLS) are designed to collect data from a scanner that is moving.  There are 
currently two approaches to managing the additional complexity of a moving scanner: one is to 
simultaneously measure the position and orientation of the scanner using GNSS (Global 
Navigation Satellite System) and an inertial measurement unit (IMU) technology; the other is 
to employ SLAM methods.  

Mobile laser systems comprising a laser scanner mounted on a vehicles – such as 4WD utility, All 
Terrain Vehicles (ATV) or quad bike (e.g. Wu et al. 2013; Tang et al. 2015) – have played a significant 
role in mapping urban, rural, and industrial environments such as mine-sites, but clearly are limited to 
accessible areas and rely on receiving a high quality GNSS signal, and therefore can be quickly 
compromised in forests, where access is difficult and where the canopy attenuates GNSS signals 
(Bauwens et al. 2016). Nevertheless, where access is possible, several studies have demonstrated MLS 
technology can be used to measure many individual trees in an efficient and labour-saving way (Ryding 
et al. 2015).  MLS has been applied to tree modelling (Rutzinger et al. 2010) and crown reconstruction 
(Lin & Hyyppä 2012). Bauwens et al. (2016), however, note that the accuracy of MLS data is usually 
inferior to registered multi-scan TLS data. 

With the continuing miniaturization of component parts, the potential emerges to integrate scanner and 
positioning sensors into a module that can be carried in a backpack, thus addressing the access barriers 
of vehicle mounted systems. Backpack-mounted MLS systems, also known as personal laser systems 
(PLS), have emerged over the past five years. In PLS measurement, the entire scanning and positioning 
system is carried by an operator, usually on a backpack frame (e.g. Laing et al. 2014c). For forestry 
scenarios, the operator walks through the forest plot to collect the PLS point cloud. The advantages of 
PLS lies in its high mobility in diverse terrain conditions, rapid data collection and multi-view mapping 
geometry (Laing et al. 2014c & 2015). The technological disadvantages of most PLS mainly arise from 
problems with positioning in dense forests where the accuracy of the GNSS is typically degraded or 
inadequate (Liang et al. 2014c). 

A novel solution to this positioning problem is the adoption of SLAM (Simultaneous Localization and 
Mapping) positioning technology, developed within the robotics community (Ryding et al. 2015). In 
this case, forest cover is no longer a limitation as SLAM adapted technology does not need satellite 
positioning (GNSS). Tang et al. (2015) investigated the possibility of using SLAM technology-aided 
MLS system fitted with a small-footprint LiDAR for tree stem positioning and mapping in a closed 
canopy forest. Their SLAM-aided approach improved positioning accuracy by 38% compared to that 
of a traditional tactical grade IMU + GNSS positioning system mounted on the same ATV. It should be 
noted however, that at present, SLAM positioning works optimally in the presence of distinctive feature 
points which are not always obvious in complex vegetation (Forsman et al. 2016). 

SLAM has been adapted into PLS instruments. An early example was developed by CSIRO and is 
referred to as the Zebedee or ZEB1 (GeoSLAM Ltd).  The ZEB1 consists of a laser scanner and low-
cost IMU, both of which are positioned on top of a spring that has been designed to have the resonant 
frequency of the average human gait. The need for a pre-installed network of survey targets is eliminated 
as a moving time window of trajectory data from each ‘rock’ of the instrument is used to compute the 
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3D point cloud (Ryding et al. 2015).  The cost of a ZEB1 instrument substantially less than that of a 
TLS instrument and acquisition times are significantly faster. A point cloud captured by Ryding et al. 
(2015) using the ZEB1, was used to extract DBH and stem positioning information with RMSE of 1.5 
cm and 2.1 cm respectively in an English ash dominated woodland. They suggested that a more directed 
survey aiming the scanner at stems could increase modelling accuracy and reduce omission errors 
through increasing data density.   

Leica Geosystems have now produced a commercial backpack (the ‘Pegasus’) which is a wearable 
sensor platform comprising five cameras and two lidar (Velodyne ‘puck’) sensors. The portable system 
can create 3D scans for areas that can be covered on foot. The solution employs GNSS for outdoors 
positioning when GNSS signals are available but when GNSS is not available it employs only inertial 
measurement and SLAM technology.  A prototype PLS described by Lauterbach et al. (2015) also 
employs the SLAM solution and has no GNSS sensor.  They reported that their system was well suited 
to normal human walking motion and yielded good point cloud representation. Errors occurred when 
the operator failed to walk smoothly resulting in irregular jittering. Therefore, we assume that this 
system would be challenged when the operator is traversing uneven or rough terrain such as i.e. 
encountered in many forested situations.  Future work will focus on integrating GNSS, IMU and 
LiDAR-based SLAM software solutions (Tang et al. 2015). 

 

Point Cloud Analysis 

Laser Scanner point clouds are unstructured data that must be reconstructed by dedicated data 
processing programs in order to extract geometric information related to targeted objects. During the 
past 15 years, forest related research on TLS has focused on developing automated algorithms for 
estimating tree and plot-scaled biophysical attributes.  These attributes can be broadly grouped into two 
categories: i) Geometrical modelling metrics and ii) Gap probability metrics (Newnham et al. 2015, 
Wilkes et al. 2017). 

Geometrical modelling 

With respect to geometrical modelling, Liang et al. (2016) present two tree modelling approaches;  i) 
single tree modelling and ii) individual tree modelling and mapping at the plot level. Detailed 3D models 
of single trees can make an important improvement to allometric model development because they can 
provide detailed information on many tree parameters with a resolution that is not feasible with 
conventional field methods such a local taper functions and branch diameter distributions (Liang et al. 
2016; Olofsson & Holmgren 2016; Sheppard et al. 2017). The ability to quantify tree structure beyond 
standing biomass is critical for predicting forest carbon dynamics (Palace et al. 2016). This approach 
to single tree modelling has become a multi-discipline convergent point, where researchers from 
computer graphic vision, remote sensing and forestry meet (Liang et al. 2016). However, to achieve 
these outcomes requires comprehensive point data coverage from different viewpoints and this leads to 
a rapid cost increase in data collection.   

The objective of individual tree modeling at a plot level can be to detect as many individual trees as 
possible in a plot and to extract various tree attributes (e.g. DBH, height, total biomass etc.) but not 
necessarily aiming for a detailed reconstruction of their shape (Heinzel & Huber 2017). This approach 
attempts to model trees where the point cloud data are often less than ideal because of, for example, 
occlusion effects, low point density and a high amount of noise at certain locations in the plot.  
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To date, the methods developed to estimate tree and stand parameters based on TLS point cloud data 
differ significantly from those based on ALS.  These differences, however, can be expected to merge 
due to the increasing capacity of ALS sensors to acquire increasingly dense point clouds, for example, 
the UAS Velodyne VL-16 Puck and the survey grade Riegl VUX1. The latter now provides models that 
can be carried by light aircraft and UAV platforms.   

Georegistration of the point clouds 

In the case of static TLS, because of the effects of occlusions (discussed below), often more than one 
TLS scan is obtained per plot (e.g. Olschofsky et al. 2016; Heinzel & Huber 2017; Liu et al. 2017). 
Multiple point cloud scans can be merged and aligned (co-registered) in software. The accuracy to 
which individual scans can be globally registered can significantly affect the accuracy of resultant tree 
parameter estimates.  For example, Burt et al. (2013) reported that inducing a 1 cm registration error 
lead to an 8.8% total volumetric overestimation across their data set. There are two approaches to co-
registering point clouds from separate scans. In the first approach, common points appearing in each 
scan are used to bring the scans into a common coordinate system. These points may be natural features 
detected in multiple scans, or targets placed into the scene prior to scanning such as small reflective 
(e.g. white) spheres. In the case of targets, if these have been coordinated – for example with GNSS – 
the resultant combined point cloud will then be represented in the chosen geodetic coordinate system. 
This process can be undertaken in software provided by the scanner manufacturers, or with other 
software such as CloudCompare (www.danielgm.et) or proprietary software such as Polyworks 
(InnovMetric Inc., Canada). The software will provide a mean absolute error for registration and a 
residual error for each target constraint in its registration diagnostics report (e.g. Fan et al. 2015). In the 
second approach, the locations of the multiple scan stations are connected in the field using traditional 
field surveying techniques: each survey station used for a scan is connected to each other station using 
traversing or intersection/resection techniques. Some instruments, such as the Leica Nova MS50 TLS, 
provide scanning capability integrated with a sophisticated survey grade total station. An efficient field 
procedure is to establish three or four connected survey stations in the field, and then the instrument 
can be set up at multiple locations and its position (planimetric and height) and its orientation computed 
by resection. In forestry applications, several investigations have employed marker-free point cloud 
registration, which provides operational efficiencies; these include Kelbe et al. (2017); Liu et al. (2017) 
and Henning & Radtke (2008) who attempted to avoid the use of artificial targets for merging of scans 
into a single point cloud through the use of stem centroids as tie points for merging scans.   

An initial step in the workflow of extracting information from a TLS point cloud is to normalize the 3D 
data through the application of a terrain model.  If an ALS Digital Terrain Model (DTM) is available it 
can be used to correct the height values in the TLS for topographic effects. In the absence of a detailed 
ALS derived DTM, software packages exist which can select points which represent the ground surface, 
often by searching for the points with the lowest Z-values (e.g. the open source software 3DForests). 
However, it should be noted that applying a ground modelling method to TLS data is not as straight 
forward as for ALS due to the differences in angle of acquisition, single returns and the much higher 
density of the TLS data (Moskal & Zheng 2012). The ground data points can be identified, for example, 
by providing pre-measured topographic parameters related to local terrain height and slope or more 
commonly applying an automated filtering algorithm. More sophisticated techniques also now exist, 
for example, topographical correction with TLS ‘plane fitting’ (Calders et al. 2014b).    

Detection of individual tree stems 
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Once the merging and georeferencing processes have been completed, the combined point cloud of 3D 
(x, y, and z) data can then be used for tree level visualization, model reconstruction and parameter 
estimation. Commercial forestry TLS applications have primarily focused on stem profile 
reconstruction (e.g. Murphy et al. 2010; Mengesha et al. 2015a; Srinivasan et al. 2015; Liang et al. 
2016; Saarinen et al. 2017) while ecological orientated studies have tended to develop more complex 
geometrical models that aim to reconstruct the entire woody tree architecture, for example, for entire 
tree woody biomass estimations (e.g. Raumonen et al. 2013; Calders et al. 2014a, 2016; Hackenberg et 
al. 2014; Olofsson & Holmgren 2016; Heinzl & Huber 2017).  

A pioneering study by Bienert et al. (2006) presented a least square circle fitting algorithm that can 
detect tree stems as horizontal cross sections through a TLS point cloud. A year later they (Bienert et 
al. 2007) provided a complete workflow of algorithms allowing for stem segmentation based on an 
initial point cluster search which produces tree cross-sections that appear as arcs with convex surfaces 
facing the scanner and then applied least square circle fitting for diameter estimation. Segmentation of 
the point cloud 1.3 m above the terrain model is used to estimate DBH. Stem profiles were defined 
using the diameters at different height intervals. For the non-observable stem heights polynomial 
smoothing models were applied. Working with Irish company Tree Metrics Ltd. (Cork, Ireland), Bienert 
et al. (2007) incorporated this workflow into a software program called AutoStemTM.  

Murphey et al. (2010) used the AutoStemTM software to detect Pinus radiata tree locations and extract 
stem profile descriptions. Multiple TLS scans per plot were collected and they noted that limby sections 
at breast height and live vegetation around the base had an impact on the automated detection of tree 
stems. Initially their ground surface DTM ground surface was constructed from percentile filtering of 
the TLS point cloud (Bienert et al. 2006). Stem profile descriptions were derived through the modulated 
algorithms developed by Bienert et al. (2007). A modified Kozak taper equation is used to estimate 
DOB in sections of the stem that cannot be observed. A polynomial diameter smoothing function, which 
utilizes a reliability factor for weighting the diameter estimates, is then applied. By specifying a high 
reliability factor in the diameter processing, the software will leave out the sections of the tree with poor 
quality point cloud data. Volumes to any point on the tree stem are obtained by summing the calculated 
volumes of the decimeter slices. Sweep is determined based on the estimated tree centre points for each 
slice. Their results indicated that TLS measurements tended to underestimated DOBs for radiata pine. 
A possible reason for this is the deep fissuring of bark at the base of radiata stems. Nevertheless, they 
were able to estimate stand value and log product yields to within 9% and 6% of actual values directly 
measured following felling.   
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Figure 1. Classified TLS data produced by TreeMetrics 

Liang et al. (2014b) also demonstrated that stem curves can be retrieved automatically, accurately, and 
noninvasively using TLS data. They collected multi-scan TLS data in plots of Scots pines and Norway 
spruces and co-registered the scans using Leica Cyclone software. A stem was modelled from a series 
of connected short cylinders derived from the point cloud to produce a 3D stem model from which the 
stem curve is then estimated. When compared to manually measured stems, the automated stem curve 
measurements had a mean bias of 0.15 cm and RMSE of 1.13 cm at the tree level. They advocated that 
this procedure could be used for improving or calibrating district-level curve functions.   

Overall, most of the published shape-fitting methods use the circular cylinder as their elementary 
building block. As demonstrated above, the derivation of cylinder radius and orientation values allows 
the investigation of tree taper, sweep and lean (e.g. Thies et al. 2004).  AutostemTM is capable of 
providing estimates of wood volume and product assortment at the plot scale. However, it is restricted 
to applications in relatively homogenous stands and it is not suitable for advanced tree and canopy 
modelling (Dassot et al. 2011).    It should be noted, however, that while the circular cylinder is viewed 
as a robust primitive, errors can arise when the cross-section boundary of tree stems or branches is not 
exactly a circle (Åkerblom et al. 2015; Mengesha et al. 2015b).  Nevertheless, stem diameters of 
individual trees can now be estimated using the circle-fitting method with an approximate error of under 
1 cm (Xi et al. 2016). 

More recently, sophisticated data processing workflows have been applied to singe tree modelling using 
multi-scan TLS data (e.g. Raumonen et al. 2013; Olofsson & Holmgren 2016). These complex 
hierarchical models can determine the entire woody skeleton of trees with a very high level of detail 
and accuracy (e.g. Raumonen et al. 2013; Hackenberg et al. 2014 & 2015; Olofsson & Holmgren et al. 
2016). In 2013, Raumonen et al. presented a novel analytical approach whereby the targeted tree was 
automatically reconstructed, including the topological branching structure, via a flexible cylinder 
model. The global tree model is built step by step by an advancing collection of small connected surface 
patches (small local point cloud sets). The algorithm connects these small patches by looking for flat, 
curved objects. If several connected patches have the same radius of curvature and originate from the 
same centre, they are assumed to be part of a tree stem or a large branch. After the patchwork over the 
tree has been obtained and the tree segmented into its branches, the tree surface is reconstructed as an 
aggregate of small cylinders of varying size approximating parts of the trunk and branches. The 
measured point clouds for individual trees contain approximately one to five million points and the 
average point density on the surface of the trunk for a single scan is about 2-5 points cm-2.  
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Calders et al. (2014a) applied a modified version of the above approach (also referred to as Quantitative 
Structure Modelling, QSM) method to estimate Above Ground Biomass (AGM) of trees in a plot of 
several different eucalypt species. Individual tree volume was inferred from the derived QSM and AGB 
estimated from these volume estimates and basic density. Their TLS approach showed a total AGB 
overestimation of 9.68% compared to an underestimation of 36.6 – 29.8% for the allometric equations. 
Possible error sources that can cause overestimation could be related to the TLS data (registration error, 
occlusion, wind and noise) or the QSM reconstruction (segmentation error and geometric structure error 
due to cylinder versus real branch or foliar shapes).   

Other authors have also successfully applied QSMs to TLS data to estimate tree characteristics such as 
branch size distribution (e.g. Krooks et al. 2014; Sheppard et al. 2017) as well an accurate 3D 
characterization of root architecture, volume, and biomass of extracted and washed Norway spruce root 
systems (Smith et al. 2014). Hackenberg et al. (2015) developed an open source package based on their 
QSM approach and recently this program has been embedded within the processing platform 
‘CompuTree’ which is also an open-source product. 

There are numerous other techniques and refinements, Olofsson et al. (2014) for example, developed a 
method for the detection, classification and measurement of tree stems and canopies using the Hough 
transform and the Random Sample Consensus (RANSAC) algorithm. This algorithm is currently being 
evaluated by Dr Mitch Bryson (Australian Centre for Field Robotics, University of Sydney) for tree 
stem detection from dense point clouds acquired by airborne platforms airborne as part of the FWPA 
Project PNC377-1516.  

Application of voxels 

Many of the 3D modelling approaches above are based on deriving a voxel data structure from the point 
cloud. The voxels represent cubes (i.e. ‘volumetric pixels’) of a certain volume arranged without empty 
spaces in between (Lefsky & McHale 2008). As all voxels are identical in volume and shape, regardless 
of the number of points they contain, they represent tree structure much more homogeneously than the 
untransformed 3D point cloud. A voxel grid system can extend traditional neighbourhood searching 
from a 2D image plane to a 3D grid system. For example, in a voxel grid system each voxel has three 
types of neighbours: face; edge and vertex neighbours (Wu et al. 2013).  In addition, the application of 
voxels can also be more computational more efficient than working directly with the point cloud data 
(e.g. Olofsson & Holmgren 2016; Xi et al. 2016).   

The popularity of applying voxels for stem reconstruction in TLS studies appears to be increasing (e.g. 
Xi et al. 2016). Hess et al. (2015), for example, derived TLS-based tree estimates for both stem and 
branch components using a voxel-based bounding box method. They reported coefficients of 
determination between xylometric (water displacement) and the voxel-based estimates that were very 
high for total trees (R2

adj = 0.99), trunks (R2
adj = 0.99), and high for branches (R2

adj = 0.78). The tree 
extraction algorithm presented by Olofsson & Holmgren (2016) is a 3D-voxel grid based solution that 
uses eigenvectors to define the flatness of surface patches. It is interesting to note that they used a voxel 
size of 3 cm and recommended that the density of the point cloud be high enough for cells to contain a 
minimum of four points. More recently, Heinzel & Huber (2017) applied their tree classification and 
shape fitting algorithms based on a mathematical morphological approach using voxel grids.   

Gap probability metrics  

In parallel to the development of the 3D tree geometrical models for tree reconstruction, has been the 
application of TLS for stand-level eco-physiological measurements associated with canopy 
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characterization and based on Gap probability metrics (e.g. Ni-Meister et al. 2008; Lovell et al. 2012; 
Yang et al. 2013; Zhao et al. 2013, Newnham et al. 2015; Wilkes et al. 2017). Gap probability metrics 
assume that the canopy comprises of small “soft” features that are distributed and orientated randomly 
throughout the scanning domain (Wilkes et al. 2017). As Gap probability metrics are derived from 
probability functions, scans can be treated as independent samples and, therefore, do not require co-
registration (Wilkes et al. 2017). 

Critical among these measurements is quantifying forest canopy gap fraction, specifically the 
proportion and size distribution of within- and between-crown gaps when observed from the forest floor 
(Lovell et al. 2012; Zhao et al. 2015). This is important for understanding the canopy radiation regime 
and can be used to determine vertical foliage profiles (Newnham et al. 2015). Vertical plant profile TLS 
data can be used to derive plant area index, tree height, height of maximum density or the canopy base 
height (Calders et al. 2015; Zhao et al. 2015). Calders et al. (2015), for example, used TLS data to 
derive vertical plant profiles and plant area index at specific horizontal layers in order to study the 
seasonal foliar dynamics in a broadleaf deciduous forest in Wageningen, the Netherlands.  Griebel et 
al. (2015) also applied gap fraction theory to successive acquisition of TLS scanner (the VEGNET 
scanner, Culvenor et al. 2014) data to estimate canopy Plant Area Index and vertical structure profiles 
in a eucalypt forest in order to monitor canopy foliar dynamics.  Zhao et al. (2013) demonstrated that 
based on foliage profiles, full-waveform TLS complemented the strengths of ALS by their detailed 
characterization of plot-level structure and thereby could serve as a validation tool and provide localized 
calibration data for ALS campaigns. Finally, Newnham et al. (2015) advocate that in the future, 
geometrical modelling may be combined with gap probability approaches through voxelisation of 
multiple merged scans. 

 

Factors affecting Accuracy 

Under ideal conditions, the accuracy of stem diameter estimates from TLS data is in the order of 1 cm 
RSME (Liang et al. 2016; Xi et al. 2016). However, the accuracy of tree attribute estimates derived 
from TLS data, irrespective of the 3D approach taken, depends on the primary quality of the point cloud 
representing the tree. Survey measurement errors associated with elevation, co-registration and geo-
referencing can contribute to overall error but these tend to relatively small compared to vegetation-
derived error (Coveney & Fotheringham 2011). For example, stem irregularities such as bark roughness 
and non-circular cross-section may explain the negative bias encountered in TLS scaning (Bauwens et 
al. 2016).   

Scan resolution and the number of scan positions directly influence the point density which, in turn, 
affect the accuracy in capturing the tree structure. There is a direct distance-related affect; the points 
further away are less dense and less accurate (Kankare et al. 2016; Liang et al. 2016). For example, 
TLS has a tendency to underestimate tree height (Krooks et al. 2014; Saarinen et al. 2017). Mengesha 
et al. (2015a) reported that AutostemTM derived estimates of stem profiles captured in a stand of Sitka 
spruce declined in accuracy at heights greater than 15 m, even though interpolation and extrapolation 
techniques were applied to estimate diameters for stem regions that were occluded by branches. 
Treemetrics Ltd have now introduced a policy to work with more but smaller plots (i.e. 10 m radius) to 
reduce the problems associated with scan distance.  

Fundamentally, TLS depends on line-of-sight between the scanner and the object being measured. 
Therefore occlusion by surrounding trees, lower branches and understorey vegetation poses a major 
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problem when using TLS (and MLS), i.e. vegetation obstructing the line of sight between the TLS and 
a target tree (e.g. Bauwens et al. 2016). The occlusion effect increases with the distance from the scanner 
and with tree density (Liu et al. 2017). Occlusion of trees is also a serious problem if the goal is to 
determine inventory statistics on an area basis rather than on an average tree basis. When static TLS is 
employed, a common approach to reducing the effects of occlusion is to obtain several scans around 
the objects of interest and then merge the multiple scans into a single point cloud (e.g. Olofsson & 
Holmgren 2016; Liu et al. 2017). The additional survey work required to set up multiple scan stations, 
to establish reference points to enable co-registration of the scans, or to complete a survey that allows 
the instrument stations to be georeferenced in the field, increases field measurement times, processing 
steps and hence acquisition costs (Liang et al. 2016). Murphy et al. 2010 demonstrated that stem 
occlusions can be reduced if low branches and understorey vegetation around the base of trees are cut 
down but again this site preparation takes time.    

Strahler et al. (2008) present a model for adjusting for the occlusion effect based on the assumption that 
the location of trees is randomly distributed, but this is not appropriate for plantation trees which are 
regularly spaced. Murphy (2012) applied the occlusion adjustment model to predict stand-level tree 
count densities and noted that significant error rates for plantation stands were not observed but in 
young open-stands it did not account for the occlusion from branches and shrubs.   

Newnham et al. (2015) report that although occlusion is a significant issue in geometrical modelling, it 
is inherently incorporated into the gap probability approach. The use of gap probability modelling 
requires only a single scan, but the resulting metrics are often indirectly related to inventory parameters 
of interest and hence conceptually difficult to accept for those accustomed to traditional forest surveys 
(Newnham et al. 2015). 

Mobile and personal laser scanning systems address many of the inefficiencies of static TLS, but do not 
currently provide the same capacity for range, resolution and accuracy; however the performance of 
these systems can be expected to improve rapidly over the near future. Another approach to avoiding 
the issues of scan distance and occlusion from a terrestrial perspective is the potential acquisition of 3D 
point clouds from a UAV platform with multi-angular capabilities that could improve geometric 
modelling of the upper canopy structure (Newnham et al. 2015). This is an approach being currently 
investigated in the FWPA project PNC377-1516 “Optimizing remotely acquired, dense point cloud data 
for plantation inventory”.  

Finally, the quality of the TLS point cloud is also affected by the weather conditions at the time of data 
acquisition. Scanning in wet (mist, fog or rain) or snow conditions not only affects the transmission of 
the laser pulse but also the scattering properties of the foliage and stems (Wilkes et al. 2017). Finally, 
any movement of trees during the scanning procedure affects the accuracy of registrations (Henning & 
Radtke 2006). Windy conditions during a progressive scan can produce a ghosting effect and an increase 
of noisy points in the resulting point cloud (Dassot et al. 2011, 2012; Hackenberg et al. 2014, Wilkes 
et al. 2017).   

Terrestrial photogrammetry 

Automated 3D reconstruction of point clouds from multiple photo images has rapidly advanced with 
the emergence of Structure from Motion Multi View Stereopsis (SfM MVS) and the evolution of 
computer hardware (e.g. Stone et al. 2016). In addition, the continuing development of 
photogrammetric workflows has enabled the generation of terrestrial 3D point clouds captured by 
consumer quality digital cameras. The cameras can be onboard low-flying, unmanned airborne 
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platforms ( Lisein et al. 2013; Gatziolis et al. 2015; Wallace et al. 2016) or simply deployed as hand-
held terrestrial units (Liang et al. 2014a, 2015). The digital cameras required to generate image-based 
point clouds are much lighter, cheaper and easier to operate than TLS. Image reconstruction is based 
on automatic detection of the same points in subsequent paired images. 

Liang et al. (2014a), for example, photographed a series of densely-overlapped images around a plot in 
a Finnish Scots pine/Birch forest using an uncalibrated hand-held camera. The point cloud data were 
generated using the SfM MVS automated image matching procedure of Agisoft PhotoScan commercial 
software (AgiSoft LLC, St Petersburg, Russia). The resultant point cloud was then scaled and 
transformed from a camera space to a local geodetic datum. A scaling factor was estimated by the 
distance between tree pairs in the camera and real-world spaces, although scaling and orientation can 
also be established using coordinated control points appearing in the scene. They reported that the root 
mean squared error of DBH estimates of individual trees was 2.39 cm which is comparable to the results 
obtained using a single-scan Leica HDS6100 TLS.  In addition, the spectral information from the image-
based point cloud benefits the automated detection of tree stems versus green foliage. However, an 
image-based point cloud is less able to penetrate understorey vegetation and lower tree branches in 
comparison with TLS and is also influenced by illumination and wind conditions (Liang et al. 2015). 
The generation of image-based points is limited to objects that are visible in the image and they conclude 
that TLS techniques have better capabilities to describe structures within the tree crown. Nevertheless, 
individual stem models can be built from image-based point clouds with the potential for the retrieval 
of stem curves. 

Surový et al. (2016) noted however, that despite the relative accuracy (relative geometrical distortion) 
of the reconstructions available in the photogrammetry processing software, the absolute accuracy is 
uncertain and difficult to evaluate. They concluded that the error associated with terrestrial 
photogrammetry was mostly concentrated in the portions of the tree where visibility is lower, i.e. the 
bottom and upper parts of the stem. Excessive shadow in lower and upper parts of the stem can also 
cause a disruption for stem measurement. Nevertheless, Surový et al. (2016) reported an RSME of 1.87 
cm for DBH measurements in a stand of Cryptomeria japonica, compared to manual tape 
measurements.  To achieve this level of accuracy required taking approximately 20 photos regularly 
distributed around each stem.  The distance from the camera to the tree was between 1 to 2 m, with a 
corresponding spatial pixel resolution of approximately 0.2 – 0.5 mm on the stem. 

 

Future directions with terrestrial 3D point cloud acquisition and analysis 

Liang et al. (2016) advocate that TLS is a vital option for acquiring data for developing new allometric 
models. The sophistication of algorithms capable of processing and analyzing terrestrial point cloud 
data will continue, with modular software systems now available that can, for example, accurately 
provide ABG measurements of complex tree structures (e.g. the open source tool  3D Forest 
(www.3dforest.eu)). Another recently available open source package is called ‘Computree’ which is a 
French developed software platform specifically designed for processing 3D point clouds in forestry 
(http://computree.onf.fr/?lang-en).   

Farrarese et al. (2015) suggest that TLS may best be used to develop accurate individual tree models 
for incorporation into other stand-level models, rather than as a common field-sampling tool. Efficient 
solutions are still required to model trees where the point cloud data are less ideal because of, occlusion 
effects, low point density or noisy data (Liang et al. 2016; Lin & Jiang 2017). At present, acquiring 
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quality, multiple scans required for these software packages is usually much more time consuming than 
the manual acquisition of simple inventory metrics. Newnham et al. (2015) concur, claiming that the 
strength of TLS is not in replicating measurements that can easily done manually. The strength of this 
technology is in providing an assessment of structure that has not been achievable by any other means 
(Newnham et al. 2015; Liang et al. 2016) and as a source of data for calibrating ALS and data acquired 
by other airborne platforms (Liang et al. 2016). 

The associated hardware is also rapidly advancing. For example, the recent availability of super-
continuum laser technology when combined with a hyperspectral time-of-flight sensor enables the 
simultaneous measurement of distance and reflectance spectrum, resulting in a full waveform 
hyperspectral LiDAR instrument. As both the geometry and spectral information on the target are 
available from a single measurement, this technology will extend the scope of imaging spectroscopy 
into spectral 3D sensing (Hakala et al. 2012). A prototype presented by Hakala et al. (2012) produced 
a hyperspectral 3D point cloud of a Norway spruce (Picea abies), averaged in 5-cm voxels and spectral 
indices such as foliar chlorophyll and water content were then calculated for each 5-cm voxel.   

Two recently developed dual wavelength research TLS instruments (the SALCA, Salford Advanced 
Laser Canopy Analyser and DWEL, Dual-Wavelength Echidna Lidar) are designed to separate between 
woody and non-woody canopy constituents (Calders et al. 2015; Li et al. 2016). The DWEL is a full-
waveform TLS that has two co-aligned full-waveform lasers at 1064 nm and 1548 nm wavelengths that 
can characterize forest structure at fine spatial scales while distinguishing between leaves and trunks 
(Douglas et al. 2015; Li et al. 2016). The DWEL therefore, can provide direct measurement of foliar 
area and volume as well as woody biomass without allometric equations. 

Notwithstanding these technological developments, Newnham et al. (2015) acknowledges that there 
has been little uptake of TLS technology for commercial forest inventory. Basic structural metrics such 
as DBH, which are fundamental for conventional yield and growth estimates, can be derived from TLS 
data however TLS is unlikely to out compete current manual methodologies to acquire these basic 
metrics. Liang et al. (2014b) conclude that the advantage of TLS in volume estimation arises from the 
automated derivation of stem curves, rather than trying to replace field measured DBH with TLS-
derived DBH.  Liang et al. (2014b; 2016) also claim that TLS is not used in operational forest 
inventories because of the relatively high cost of the instrument, the large amount of manual work 
required to reduce the effects of occlusion, limited availability of specific 3D software for forestry 
applications and personnel training. For forests and plantations along the east coast of Australia, an 
important constraint is the common presence of dense understorey (e.g. blackberries or lantana).  

Future research will also examine the coupling of ALS and TLS point cloud datasets. In theory, the 
vertically projected foliage profiles from TLS point cloud data are equivalent to those derived from 
ALS and could provide a direct link to ALS surveys (Newnham et al. 2015). Kankare et al. (2015) also 
advocated the benefits of combining direct measurements of tree stems from TLS and the more accurate 
tree crown height measurements from ALS. However, a significant challenge in combining these 
datasets is the high accuracy geo-location and thus co-registration required of both the airborne and 
terrestrial data. 

In conclusion, the capabilities and potential of terrestrial 3D point cloud acquisition and analysis will 
continue. There is still, however, a requirement for cheap and easy-to-use software that make it possible 
to automatically extract information from incomplete data. The challenge for researchers is to provide 
cost-effective and reliable solutions for harnessing this technology which will enable the forestry sector 
to directly benefit from this technology.  
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Abstract 
 
This report summarises UTAS research on system calibration and initial testing of a Light 
Detection and Ranging (LiDAR) system deployed on an Unmanned Aerial Vehicle (UAV). The 
system was developed with a primary focus on forest inventory as a component of a Forest and 
Wood Products Australia research project (FWPA PNC326-131). 
Airborne Laser Scanning (ALS) derived LiDAR is the most commonly used form of LiDAR for 
forest inventory purposes. Such data sets often have point densities in the range of 1 to 20 
points/m2.and can cover large areas. However, ALS data is generally expensive to collect and does 
not lend itself to high data collection frequencies. 
Recent development of light weight accurate LiDAR sensors has seen LiDAR data collection from 
UAVs emerge as a possible method to overcome some of the shortcomings of traditional ALS data. 
UAV LiDAR data has been shown to be quick to collect and to have much higher point densities 
than ALS. However, deployment of LiDAR systems carried by UAVs has only relatively recently 
been effectively implemented and is still not a simple or turnkey technology. The aim of this study 
is to outline the calibration and accuracy assessment of a UAV-based LiDAR system build by the 
TerraLuma research group at the University of Tasmania. Following this, testing of data acquisition 
over a forestry coupe will also be detailed. 
The UAV LiDAR scanner initially used for calibration technique development in this investigation 
was the Velodyne VLP-16 LiDAR 'Puck' mounted on a Devourer X8 heavy-lift multi-rotor UAV 
and Eagle Eye BLG5D DSLR BL Aerial Gimbal. The mounted sensors also include the Advanced 
Navigation Spatial DUAL coupled GPS/IMU. The UAV system also incorporates a secondary Mti-
G-700 MEMS IMU system mounted on the air frame such that yaw and pitch rotations of the 
airframe body could be identified independently of the gimbal mounted Velodyne scanner. 
The incorporation of an aerial gimbal means the lever-arm offset between the GNSS antenna and 
IMU (fixed to the LiDAR scanner) is not fixed and rotates at a mid-point. Lever arm offsets were 
measured using photogrammetric reconstruction of the UAV platform followed by offset vector 
measurement in AUTOCAD 2015. Lever arm offsets were applied prior to boresight calibration 
using specific code developed for lever arm rotation on the Eagle Eye BLG5D DSLR BL Aerial 
Gimbal.  
A quasi-rigorous boresight calibration of the UAV LiDAR unit was then undertaken using 
TerraScan and TerraMatch (© TerraSolid). Calibration was undertaken using surface matching 
tools in TerraMatch to identify roll, pitch and heading offsets and drifts.  
Following calibration, a comprehensive assessment of LiDAR point cloud accuracy was 
undertaken. This assessment examined both relative and absolute accuracy.  The results 
demonstrate that the LiDAR system can repeatedly produce a point cloud with a horizontal absolute 
accuracy of about 20cm and a vertical accuracy in the order or 10cm. Strip adjustment using rigid 
body transformation of individual strips slightly improved data accuracy. It was determined that 
datasets that are produced after applying calibration corrections can be expected to have a suitable 
level of absolute and relative accuracy for many applications, but will contain some level of noise. 
Finally, a series of improvements were made to the design of the UAV LiDAR unit and this system 
was re-calibrated and flown over a pine plantation in Uxbridge in Southern Tasmania. Point cloud 
examples from this work are presented and discussed.  
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1. Introduction 
 
1.1 Laser Scanning 
Various surveying techniques exist to collect dense three-dimensional (3D) spatial data. These 
include traditional photogrammetry and laser scanning technologies (Morin, 2002).  Modern laser 
scanning techniques include airborne laser scanning (ALS), more commonly referred to as Light 
Detection and Ranging (LiDAR), static terrestrial laser scanning (TLS) and terrestrial mobile laser 
scanning (TMLS) (Hassan, 2014). Three dimensional models and point clouds of natural/built 
structures and topography produced from laser scanning techniques are important for a range of 
applications including environmental assessments, engineering, mining, oil and gas exploration, 
shoreline management, forestry, ecology, city planning etc. (Hassan, 2014). Aguilar et al. (2010) 
indicated that the realistic vertical accuracy of airborne LiDAR in open terrain was around 15 cm. 
In steep or densely forested areas accuracy will decrease and will depend on other factors, including 
canopy cover and vegetation structure.  
Unlike static terrestrial laser scanning (TLS) which is undertaken from a point location, other laser 
scanning techniques (i.e. ALS and TMLS) are undertaken while moving. For a moving laser 
scanning system to identify the location of a point on the ground it must integrate distance 
information with information about the location and orientation of the scanner itself at the time of 
each measurement (Hassan, 2014). This information is generally obtained with a combination of 
on-board high accuracy GNSS and/or inertial sensors (IMU’s) (Colombo et al., 2010). For ALS and 
TMLS datasets acquisition even small errors in these orientations and positions can result in 
substantial on ground displacements in point measurements (Wallace et al., 2012). Therefore, the 
key to producing high quality datasets using moving laser scanning systems is very precise 
geolocation and orientation of the LiDAR instrument at the times when all measurements are made.  
 

1.2 LiDAR on UAV’s 
Traditionally, the term ALS has been used to define laser scanning systems from airplanes. 
Similarly, TMLS has been considered scanning from vehicles such as a van, boat, or a 4 x 4 vehicle 
(Hassan, 2014). Hasan (2014) indicated that TMLS did not include airborne systems. However, 
recently the development of smaller survey grade laser scanners, GNSS systems and IMUs has 
made it possible to place laser scanning systems on unmanned aerial vehicles (UAVs) 
(Mandlburger et al., 2015). UAV based laser scanning is in many ways more like TMLS than ALS 
as scanning is undertaken near to a target (or ground) on a moving platform. However, a UAVs 
ability to scan vertically towards the ground means that the dataset it collects is in many ways more 
akin to an ALS dataset, only much denser. Tulldahl and Larsson (2014) considered UAV laser 
scanning a new airborne LiDAR system type which can collect large area, high resolution datasets. 
In addition, and unlike normal ground based TMLS systems, UAV LiDAR is also able to collect a 
more even distribution of data covering areas with difficult access. 
Deployment of LiDAR systems on UAVs has only relatively recently been effectively implemented 
(i.e. Jaakkola et al., 2010, Lin et al., 2011, Wallace et al., 2012, Glennie et al., 2013, Tulldahl and 
Larsson, 2014, Tulldahl et al., 2015, and Mandiburger et al., 2015) and is still far from a simple 
technology. This delayed development is a result of various factors. LiDAR systems are relatively 
expensive, larger and heavier than cameras and require significant power (Wallace et al., 2012). In 
addition, until recently (see for example Real Earth1) construction of 3D point clouds from aerial 
LiDAR required accurate positional and/or attitude information to facilitate the construction of 
relatively accurate datasets (Wallace et al., 2012). This level of positional accuracy requires dual 
frequency carrier phase receivers / antenna GNNS equipment and high quality IMUs for UAV 

                                                 
1 http://www.realearth.us/3d-model-generator.html 
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pitch, role and yaw determination. Such systems have historically been neither cheap, light or in the 
case of MEMS-based IMUs particularly accurate.  
Recent developments in LiDAR technology have attempted to do away with the need for 
GNSS/IMU integration by using SLAM for model construction. SLAM stands for simultaneous 
localization and mapping and is commonly used in robotics for position determination using 
technology such as LiDAR or sonar. It is a method of applying mathematical algorithms based on 
sensing data (in this case LiDAR) to provide a map of a scanners surroundings and its position 
within its surroundings2. Real Earth provides a SLAM service for the Velodyne VLP-16 and HDL-
32E. They offer both a web based service for uploading raw LiDAR data and a real-time SLAM 
option with the Real Earth Stencil3. A similar SLAM option is provided by Dibotics4. While this 
technique clearly works in urban situations, its utility in open environments (i.e. pasture) or 
complex environments such as forest or plantation is not clear. In such situations, traditional 
GNSS/IMU derived LiDAR is likely to be superior. Initial tests of these systems on UAVs by 
TerraLuma have failed to work in forest and in open areas.  
The original TerraLuma UAV based LiDAR system outlined in Wallace et al. (2012) and depicted 
in Figure 1 was designed around an Ibeo LUX Scanner, single antenna GPS unit and a Microstrain 
IMU. While the system produced high density scans, it did have some accuracy and flight time 
limitations.  Wallace et al. (2012) developed their UAV based LiDAR system utilising a dual 
frequency GPS receiver (NovAtel OEMV1-df) and a single lightweight antenna (NovAtel ANT-
A72GA). Using their system, LiDAR data was collected with horizontal RMS error across 130 
measured ground control locations of 0.61 m. This solution was improved using a 30 FPS HD video 
system to generate a structure from motion (SfM) orientation solution. It was shown that including 
the SfM orientation data improved LiDAR point cloud horizontal accuracy from 0.61 m to 0.34 m. 
However, development of an SfM solution and Sigma Point Kalman Filter to resolve the UAV’s 
state was not a trivial matter and such processing complexity will likely slow the uptake of UAV 
based LiDAR. 

 
Figure 1. The multi-rotor Oktocopter UAV platform developed by Wallace et al.  with a vibration 
isolated sensor frame carrying a laser scanner, MEMS based IMU, GPS receiver and antenna and 

video camera. Reproduced from Wallace et al. (2012). 
 

                                                 
2 http://www.autonomoustuff.com/real-earth-stencil 
3 http://www.realearth.us/stencil.html 
4 http://www.dibotics.com 
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More recently, a number of authors have outlined further development of UAV based LiDAR 
systems. See for example Conte et al., 2013, Glennie et al., 2013, Tulldahl and Larsson, 2014, 
Tulldahl et al., 2015 and Mandiburger et al., 2015. Specifically, Glennie et al., 2013 outlined the 
development of a compact mobile laser scanning system suitable for use on a UAV. Their system 
was based on the Velodyne HDL-32E LiDAR scanner with an Oxford Technical Solutions Inertial 
+2 INS and dual Novatel GNSS receivers (using Oxford Technical Solutions RT-PostProcess 
software to determine the UAV trajectory and attitude). They reported accuracies of 4 cm vertically 
(1 sigma) and 17 cm horizontally (1 sigma) when their system was deployed on a balloon at 25 m 
above ground.  
Tulldahl and Larsson, 2014 and Tulldahl et al., 2015 also detailed a UAV-based LiDAR unit and 
data processing system. Their system also utilised the Velodyne HDL-32E LiDAR scanner on a 
Tarot-810 hexacopter airframe. The IMU system was the APM (ArduPilot Mega) version 2.6 from 
3DRobotics and 3DR uBlox GPS/Compass. Their system relied on detailed data processing using 
the high data rate LiDAR to dynamically calibrate the moderately accurate INS data (Tulldahl and 
Larsson, 2014). Tulldahl et al., (2015) showed that using this dynamic calibration method they 
could produce data with a relative accuracy of about 5 cm RMSE relative to the direction of flight 
when flying at low elevation (8 m) and speed (2 m/s). 
More complex and expensive commercial UAV-based LiDAR systems, such as that outlined in 
Mandiburger et al., (2015) are also available. The Mandiburger et. al system is based on the RIEGL 
RICOPTER and VUX sensor system (incorporating a GNSS system, a IMU and VUX-1 laser 
scanner). The unit has a take-off mass of 25 kg and a flight time of 30 minutes and may produce 
terrain information in forested environments with an accuracy of less than 10cm (Mandiburger et 
al., 2015). Similarly, turnkey LiDAR pods such as the Routescene LidarPod®5, which is based on 
the Velodyne HDL-32E laser scanner, with integrated RTK GPS and Inertial Navigation System 
(INS) or the various turnkey LiDAR systems offered by Phoenix Aerial Systems6 which are based 
on Velodyne, Ibeo or Riegl laser scanners, are also available and supposedly offer high accuracy 
UAV LiDAR at a cost. Prices for the Phoenix Aerial Systems products range from $85k to $250k 
depending on desired range and accuracy. YellowScan7 also produce two turnkey LiDAR systems, 
one of which (the YellowScan Surveyor) boasts a precision of 4 cm and absolute accuracy of only 5 
cm.  
While the above research and products clearly demonstrates the potential for UAV based LiDAR 
systems the research of Wallace et al. (2012), Glennie et al., 2013, Tulldahl and Larsson, 2014, 
Tulldahl et al., 2015 and others has also demonstrated that such systems still have limitations. Even 
commercial options such as Phoenix Aerial Systems products indicate potential relative accuracy 
errors in the order of 18 cm at scan distances of 100 m8 depending on IMU selection. 
Recently the TerraLuma group developed and undertook initial calibration testing of a second UAV 
LiDAR system based on the Velodyne VLP-16 LiDAR 'Puck'. This system mounts the Velodyne 
VLP-16 LiDAR 'Puck' on a brushless gimbal on a Devourer X8 heavy-lift multi-rotor UAV. The 
sensor mount also includes the Advanced Navigation Spatial DUAL GPS/IMU (with the IMU unit 
mounted on the gimbal), a secondary Mti-G-700 MEMS IMU system mounted on the air frame and 
a machine vision camera setup (Figures 2). The initial testing successfully demonstrated their 
systems capacity to fly and collect LiDAR data over plantation forests. This study initially set out to 
develop a calibration technique to facilitate accurate point cloud production from a UAV based 
LiDAR platform.  

                                                 
5 http://www.routescene.com/products/product/uav-lidarpod 
6 http://www.phoenix-aerial.com/ 
7 http://www.yellowscan.fr/ 
8 http://www.phoenix-aerial.com/information/accuracy-explained 
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Figure 2. The Velodyne VLP-16 LiDAR 'Puck' mounted on a brushless gimbal on a Devourer X8 
heavy-lift multi-rotor UAV. Sensor mount also includes the Advanced Navigation Spatial DUAL 

GPS/IMU unit and a machine vision camera.  
 
Following initial calibration work, the TerraLuma group has redesigned and improved their UAV 
LiDAR system design (see Figure 3). This new system was also calibrated using the technique 
outlined in this report. The specific results from this calibration are not described in detail here. 
However, this new system was flown over a Pinus radiata plantation in Uxbridge in Southern 
Tasmania and examples of the derived point clouds following this system re-development are 
presented.  

 
Figure 3. The final design of the Velodyne VLP-16 LiDAR 'Puck' installed on-board an off-the-
shelf heavy lift UAS from DJI (MATRICE 600). Sensor mount also includes the Advanced 
Navigation Spatial DUAL GPS/IMU unit. 
 

1.3 LiDAR calibration 
Calibration of LiDAR data is one of the more difficult processes to perform when constructing 
LiDAR data collection systems. Calibration of LiDAR systems is essentially the process of 
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determining the relative mounting parameters (lever-arm offsets and bore sight offsets) and, if 
required, certain intrinsic parameters (i.e. ranging and scanning unit errors) (Hassan, 2014). 
Fundamentally a LiDAR system consists of a scanner (to measure distance to an object), a 
positioning system (for location determination – i.e. GNSS system) and a system to determine 
orientation (i.e. an IMU). Each of these components is combined in a LiDAR equation (accounting 
for mounting parameters) to determine the location of each scanned point. Each of these 
components also contributes to the overall error budget of any LiDAR system (i.e. laser scanner 
distance and angle errors, GNSS positioning errors and IMU attitude errors). 
In addition to the general random positioning and angular/range scanning errors several other 
systematic error types are also likely to be present in LiDAR data. These may include beam 
divergence errors, mirror scale errors, mirror deceleration errors, encoder latency errors, pitch-slope 
errors etc9. Two other systematic error sources also exist in LiDAR systems that are directly related 
to the mounting of sensors and must be managed through system calibration. These are the relative 
mounting parameters of boresight offset and lever-arm offset (Glennie, 2007 and Hassan, 2014). 
These relative mounting parameter offsets are the most commonly corrected error sources in 
LiDAR datasets because they can result in significant systematic offsets in LiDAR data (Morin, 
2002; Habib et al., 2010a). The effects of these systematic errors are most commonly evidenced by 
the misalignment between overlapping scan strips and in extreme cases (such as in UAV LiDAR) 
by significant depth in the scan profile of flat features (i.e. roofs and flat ground). This systematic 
error can significantly degrade the utility of surface models produces from such misaligned 
systems.  
The first of the two relative mounting parameters, lever-arm offset is the distance (in x, y and z in 
the scanners coordinate frame) from the scanner to the positioning system (i.e. GNSS antenna) 
and/or the IMU. Lever-arm offsets are generally determined by direct measurement (i.e. using 
measurement devices and/or CAD diagrams of equipment) or through calibration procedures using 
known markers or overlapping data sets (Glennie, 2007). Direct measurement is generally favoured 
as it is relatively simple. The accuracy of direct measurement ultimately is only affected by the 
surveying methodology employed to measure offsets. Glennie (2007) indicated that direct 
measurement in an ALS situation generally produced lever-arm offsets with an accuracy of 2 cm. 
Lever-arm offsets were determined in this study using a photogrammetric approach. This technique 
and its overall accuracy for UAV measurement is discussed along with a method of handling lever-
arm offsets when using a gimbal mounted LiDAR system.  
Boresight error represents a more difficult error source to manage. Boresight offsets are the physical 
angular mounting offsets (in roll, pitch and heading) between the IMU and the laser scanner. These 
offsets represent angular values that must be added or subtracted from the reported IMU values to 
correctly position a laser return. For commercial units (i.e. LiDAR pods with integrated IMUs and 
scanners) these offsets can be provided by the manufacturer. However, such calibrations may be 
biased, or may drift over time (Hassan, 2014). Similarly, for LiDAR systems that are built from 
unrelated components (as is the case for many UAV LiDAR systems with independently sourced 
scanners and IMUs), such calibrations are not available. In these situations, in-flight calibrations are 
required (Hassan, 2014). 
While a variety of techniques are employed to calibrate boresight in flight, most use overlapping 
LiDAR strips (Glennie, 2007). Overlapping flight strips are generally flown in different directions 
or at different elevations such that flat features (such as ground points or roof areas) can be used to 
adjust angles. For ALS systems, various flight configurations have been tested (i.e. Burman, 2000; 
Morin, 2002; Kersting, 2011). Calibration flight patterns are also recommended in various 
commercial adjustment software packages (i.e. TerraMatch Users Guide, 2015) for surface to 
surface and tie line based calibrations. Again, such software recommends suitable surfaces, such as 

                                                 
9 http://katrinamclean.com/common-lidar-survey-errors/ 
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the flat run ways and sloped building roofs, for calibrations. Opposing flight lines are generally 
recommended because divergence between the datasets is most apparent for opposing flight lines. 
Following strip collection, boresight angular errors can then be estimated using either manual 
adjustments or a mathematical adjustment (i.e. least squares adjustment) (Glennie, 2007). Manual 
adjustment has historically been common place (Morin, 2002 and Glennie, 2007). Glennie indicated 
that, in addition to being time-consuming, the accuracy of manual adjustments was at best as good 
as the accuracy of the IMU. Glennie (2007) indicated significantly higher accuracies could be 
achieved using mathematical adjustments. 
Mathematical techniques to deal with systematic errors in LiDAR systems can be described as data 
driven or system driven (Hassan, 2014). Data driven techniques use only the LiDAR points and 
compare them to reference data sets. These techniques are also called strip adjustments and do not 
specifically identify system errors or their magnitude (Habib et al., 2010a, Hassan, 2014). 
Conversely, system driven techniques are true system calibration techniques which solve for biases 
in system parameters using the LiDAR equation (Hassan, 2014). System driven techniques can be 
defined as rigorous or quasi-rigorous (Habib et al., 2010a). Rigorous techniques utilise system raw 
measurements to estimate bias in parameters. Quasi-rigorous approaches use only the trajectory 
information and the derived time stamped LiDAR points for bias identification. TerraMatch applies 
a quasi-rigorous approach for LiDAR calibration and has been used in this investigation. In addition 
to solving mounting parameters (yaw, pitch and roll offsets), it can also be used to solve the mirror 
scale parameter (TerraMatch Users Guide, 2015). The software will also solve time-dependent 
effects such as drift, however, time dependent oscillations cannot be corrected in most commercial 
software package. 
 

1.4 UAV based LiDAR Accuracy 
Following unit calibration, the LiDAR equation can be used to combine position, orientation and 
scanning distance information into a final LiDAR output. This LiDAR output can also be further 
processed to solve for fluctuating elevation correction (i.e. TerraMatch Users Guide, 2015), 
undertake minor rotations to better fit scan strips, remove outlier points, classify points etc. 
(processes which can be undertaken in TerraScan, CloudCompare and/or LASTools). This 
additional processing will result in a final LiDAR model. At this stage a fundamental and 
commonly asked question is: how accurate is the point cloud? 
However, understanding LiDAR accuracy is more complex than simply looking at a final point 
cloud. Indeed, due to the level of post-processing that is generally undertaken on LiDAR data sets, 
assessing only a post-processed LiDAR point cloud provides limited information on the accuracy of 
the LiDAR data collection system itself. Indeed, Habib et al., (2010) indicated that for most end 
users the LiDAR acquisition system is a black box and that LiDAR data users require more 
effective tools to evaluate the true quality of derived point clouds.  
Habib et al., (2010) indicated that when undertaking quality control for LiDAR data one can 
evaluate both internal/relative and external/absolute accuracies. These accuracy estimations are well 
described in photogrammetric reconstruction studies (Habib et al., 2010b). Photogrammetric 
relative accuracies can be determined by looking at the a posteriori variance factor and variance-
covariance matrix resulting from a bundle adjustment (Habib et al., 2010b). Absolute accuracies 
can also be determined by looking at the position and point offset from independently measured 
targets. See for example the absolute accuracy assessment outlined in Harwin and Lucieer (2012).  
For LiDAR datasets, the evaluation of relative and absolute accuracies is less clear. Generally, 
relative point uncertainties are modelled against uncertainty estimates derived from system 
components (i.e. the LiDAR units distance measurement error, the GPS uncertainty and the IMU’s 
uncertainty in attitude determination) combined with flying height information. Uncertainty inputs 
are generally as provided by the component manufacturer. This is particularly common for 
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commercial LiDAR uncertainty estimates10. However, these mathematical uncertainties are not 
based on rigorous testing of derived LiDAR datasets themselves.  
Strip adjustments are also a form of evaluating relative accuracies in LiDAR datasets. Strip 
adjustments assess data quality but are primarily undertaken to correct systematic error in 
overlapping strips (Habib et al., 2010). Various techniques have been outlined in scientific literature 
to undertake strip adjustments (i.e. Bretar et al., 2004; Habib et al., 2008; Kornus and Ruiz, 2003; 
Lee et al., 2007; Rentsch and Krzystek, 2009). Commercial options also exist (i.e. BayesStripAlign 
and TerraMatch). However, in a commercial situation these strip adjustment metrics are generally 
not provided with a purchased point cloud and clearly cannot be determined by the end user unless 
they have access to time stamped LiDAR points and trajectory information. 
Habib et al., (2009) and Habib et al., (2010b) outlined several more detailed methodologies for 
evaluating relative accuracies in LiDAR datasets for ALS derived point clouds. Their assessments 
used pseudo conjugate points, conjugate aerial and linear features and point to patch 
correspondence to determine the degree of consistency between overlapping LiDAR strips. Their 
tests assumed that conjugate features in overlapping strips should align perfectly if random and 
systematic errors are absent. They reported translation and rotation estimates for the various 
techniques they outlined. They also explored a noise assessment technique by looking at the 
goodness of fit between pseudo-conjugate and conjugate surface elements (points, features and 
patches). Their results demonstrated that rigid body transformations could be used to report on 
systematic and random errors in ALS LiDAR datasets.  
Relative uncertainty can also be assessed in part in LiDAR point clouds by looking at scaling errors 
of measured features in the data. In the case of Tulldahl et al., (2015) accuracy of a UAV-based 
LiDAR setup was undertaken by comparing distances between targets (boxes) for individual flights 
as compared to ground truth values. Their assessment demonstrated a high degree of agreement of 
measurements between targets for low flight altitudes and slow flight speeds. While this assessment 
does look at the final processed dataset it does not assess the location of points relative to a ground 
datum and is therefore not an absolute accuracy assessment technique.  
Methodologies used to test absolute uncertainty of LiDAR point clouds have been more commonly 
applied in the literature. Generally, authors compare their final LiDAR point clouds with 
independently collected ground control points (i.e. Hodgson and Breshahan, 2004; Wallace et al., 
2012) or with a surface model of known accuracy (i.e. a photogrammetrically derived surface 
model). Habib et al., (2010b) identified two issues with using ground control data to assess 
accuracy. Firstly, ground control data is generally expensive or time-consuming to collect and 
requires surveying or GNSS knowledge. Secondly, unless specific targets are used the technique 
provides very poor verification of horizontal quality. This is especially true if verification is 
undertaken using ground models. While these issues may reduce the use of this type of quality 
assessment in commercial situations it does not reduce the technique’s utility in a research situation 
or as a method of assessing the absolute accuracy of a non-commercial self-built LiDAR system. As 
such, the use of ground control targets will be used in this examination of LiDAR accuracy.  
 

1.5 Outline of the Investigation 
This report summarises UTAS research on system calibration and initial deployment of a Light 
Detection And Ranging (LiDAR) system deployed on an Unmanned Aerial Vehicle (UAV). The 
system was developed with a primary focus on forest inventory as part of a Forest and Wood 
Products Australia research project (FWPA PNC326-131). 
The report outlines calibration of the TerraLuma UAV LiDAR system based on the Velodyne VLP-
16 laser scanner, and assess the relative and absolute accuracy of this system under realistic 

                                                 
10 http://www.phoenix-aerial.com/information/accuracy-explained 
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controlled conditions such that the true uncertainty of derived LiDAR data can be understood. 
Finally, a redesigned UAV LiDAR outlined above (Figure 3) was also calibrated using the 
technique outlined in this report and the system was flown over a pine plantation in Uxbridge in 
Southern Tasmania. Examples of the derived point clouds over plantation following system re-
development are also presented.  
 

1.6 Aims and Objectives 
The aim of this project is to develop a calibration workflow for a UAV LiDAR system to 
calibration for lever-arm offsets and boresight angles. Furthermore, the project aims to assess the 
relative and absolute accuracy of the calibrated and processed LiDAR point clouds produced using 
this UAV based LiDAR system. Finally the project also aims to undertake initial testing of a 
LiDAR UAS system over plantation. To meet these aims the following objectives have been 
defined: 

1. To develop a photogrammetric solution (using photoscan and CAD software) to accurately 
estimate the lever-arm offset of a UAV-based LiDAR system and model the effect of 
placing the LiDAR scanner and IMU on a gimbal (i.e. using a multiple vector rotating lever 
arm) 

2. To estimate the boresight offsets of the UAV-based LiDAR system using a commercial 
package (TerraMatch) using data collected at a test site with comprehensive and accurately 
surveyed ground control.  

3. Using the above calibration estimates produce an accurate LiDAR point cloud from 
overlapping strips and assess the relative and absolute accuracy of the LiDAR cloud and 
clarify the internal noise of the LiDAR model through comparison of the LiDAR model to 
known control points and models of the test site. 

4. Test a final UAV based LiDAR system capacity to generate a LiDAR product over a pine 
plantation in southern Tasmania.  
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2. Methods 
 
2.1 The LiDAR System – Hardware 
The UAV LiDAR sensor used in this investigation is the Velodyne VLP-16 LiDAR 'Puck'. The 
mounted sensors also include the Advanced Navigation Spatial DUAL coupled GNSS/IMU. The 
UAV system also incorporates a secondary XSENS Mti-G-700 MEMS IMU system mounted on the 
airframe such that yaw and pitch rotations of the airframe body can be identified independently of 
the gimbal system. The UAV also incorporates a standalone control system including an on-board 
navigation and autopilot system. This system allows for autonomous flight and mission planning 
although this feature was not used during this investigation.  
The primary sensor system on the Devourer X8 heavy-lift multi-rotor UAV and the DJI 
(MATRICE 600) UAV designs was the Velodyne VLP-16 LiDAR 'Puck'. This LiDAR scanner is 
designed for use on mobile platforms. It weighs only 830 g without cabling making it ideal for use 
on a UAV. The VLP-16 collects 16 parallel scan layers in the flight direction. The scanner rapidly 
spins to scan the surrounding environment. It has a measurement range of up to 100 m and a typical 
measurement accuracy of less than +/- 3cm over this distance (Glennie et al., 2016). The scanner 
has a vertical field of view of 30o (+15° to -15°) and can rotate at 5 to 20 rotations per second. The 
scanner can scan up to 300,000 points per second (for a full 360-degree scan) and between 50,000 
and 83,333 points per second when the horizontal scan angle is limited to 60 – 100 degrees. The 
scanner can also measure two returns per pulse.   

    
Figure 4. The Velodyne VLP-16 LiDAR 'Puck'. 

 
The Advanced Navigation Spatial DUAL GNSS/IMU tightly-coupled unit was used for accurate 
determination of position and orientation of the Velodyne scanner. This unit provides improved 
heading determination than that which can be achieved using standard uncoupled IMU and GNSS 
systems. In this work, the IMU unit was initially mounted on the gimbal above the Velodyne Puck 
and the GNSS antennae are mounted on the UAV frame (see Figure 2). However, the design was 
later changed to remove the gimbal mounting (Figure 3 – based on the DJI (MATRICE 600)). 

 
Figure 5. The Advanced Navigation Spatial DUAL GPS/IMU unit. The GNSS antenna are not 

shown. 
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Even though the Velodyne scanner only weighs 830 grams, the complete payload package 
including the GPS/IMU, gimbal, data logger, electronic, cables, and batteries weighs approximately 
3 kg. A heavy-lift multi-rotor is needed to 1) lift the total sensor payload, 2) provide stable flight 
characteristics even in windy conditions, and 3) carry a substantial battery payload for 15 to 20-
minute flight duration. As such, the Devourer X8 UAV airframe was initially used in this study. 
However, for final flight testing over plantation this frame was changed to a DJI MATRICE 600. 
All the sensor units were also connected to and recorded information on an on-board Intel NUC 
computer. All systems were also connected to the Spatial DUAL GNSS receiver for accurate time 
stamping. All data was independently collected for later processing offline.    
 

2.2  Lever-arm Offset 
The initial incorporation of a gimbal mount to hold a LiDAR scanner on an Devourer X8 UAV 
airframe is not normally undertaken. The design meant the lever-arm offset between the GNSS 
antenna and IMU was not fixed. This UAV setup incorporating the Eagle Eye BLG5D DSLR BL 
Aerial Gimbal allows independent rotations on the scanner roll and pitch axis relative to the roll and 
pitch values of the airframe and GNSS antennas. As such, small roll and pitch movements by the 
airframe will result in small changes in the lever-arm offset value and if not accounted for will 
introduce error into a final LiDAR point cloud. Given the above, offsets were measured through 
rotation points on the gimbal (Figure 6).  
A photogrammetric reconstruction of the UAV platform followed by direct measurement of offsets 
in CAD was undertaken to measure offset distances. A calibration frame was initially constructed 
by using a flat sheet of wood and small pins with spherical red ends as position targets. A horizontal 
grid system was drawn onto the surface of the wood (600 mm x 1200 mm) to locate all objects in a 
horizontal x and y plain. The x axis ran in the same direction as the antenna and IMU x-axis11 and 
was aligned as closely as possible to the IMU. The axis ran from 0 mm at the back of the UAV to 
1200 mm at the front of the UAV. All other axes were also aligned to the IMU as per the reference 
manual. The height of base reference points was measured to the centre of each pin (pins were 
about 2 mm wide). Finally reference points were marked on the UAV frame. The height of these 
points was determined using a tape measure. The horizontal location of these points was also 
determined using a plumb bob and tape measure to mark their location on the flat reference sheet of 
wood. Using this method 12 reference points were located around the air frame.  
Photographs of the UAV frame were then taken using a DLSR camera (a NIKON D5100) with all 
setting set to Auto in a bright room. 116 photos were taken at between 0.5 m and 1.5 m from the 
UAV from all angles around the frame. A high accuracy alignment (with control) using standard 
settings followed by an ultra-high dense point cloud reconstruction (with aggressive depth filtering) 
of the frame were then undertaken in Agisoft PhotoScan. Camera calibration parameters were 
optimised during the photo alignment.  
Following dense point cloud development, the points were exported in LAS format and imported 
into Autodesk ReCap 360. From here they were exported in a format suitable for opening in 
Autodesk AutoCAD 2015. Features within the point cloud (i.e. antenna phase centres, the LiDAR 
scanner centre and the gimbal rotation points) were then drawn or located and offset distances 
between these features measured. Only two offset distances were required. The first was from the 
phase centre of the forward GNSS antenna to the centre of the second rotation axis on the Eagle 
Eye BLG5D DSLR BL Aerial Gimbal (Figure 6). The second offset measured was from this point 
to the centre of the LiDAR scanner unit. No measurement to the first axis of rotation on the Eagle 

                                                 
11 
https://www.advancednavigation.com.au/sites/advancednavigation.com.au/files/Spatial%20Dual%20Reference%20
Manual.pdf 
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Eye BLG5D DSLR BL Aerial Gimbal was required as rotation on this axis did not affect offset 
distances in isolation from the next rotation point.   

 
Figure 6. The location of the first rotation point for lever-arm determination on the Eagle Eye 

BLG5D DSLR BL Aerial Gimbal. 
 

2.3  The Study Area and Control Surveys 
Further calibration of the UAV LiDAR frame (for boresight values) required that the unit be flown 
at a suitable and accurately surveyed calibration site. For this work a site at Meadowbank Winery 
was selected (Figure 7). The site is located on the Meadowbank Winery Estate adjacent to the 
Derwent River in southeast Tasmania and contains a large shed with a roof with multiple pitch 
angles and surrounding open short grass and some tree cover (see Figures 7 and 8). 

 
Figure 7. The shed at the Meadowbank Calibration Site (as seen from the south west). 
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Figure 8. Orthophoto of the Meadowbank calibration site (created using a Phantom 3 UAV and 

Agisoft PhotoScan). 
 
A rapid static GNSS survey of fifteen evenly distributed control points within the calibration site 
was undertaken on December 6 and January 30, 2016. A base station was established approximately 
400 m to the north of the calibration area at 487718.797 E, 5280402.147 N (MGA Grid, GRS80 
Ellipsoid, GDA94) and 81.364 m elevation (derived AHD) (based on a 4.5 hr observation period 
and post-processing using AUSPOS GPS Post Processing) and all rapid static baselines were 
determined using this base station location. In addition to the above the site was also surveyed using 
a total station (Leica MS50 MultiStation) on December 16, 2015. During this survey, additional 
control was collected and verification observations were made of previously collected GCPs. In 
total 34 GCPs were placed within the control area using the two methods described above.  
In addition to the above and to facilitate the identification of control point locations using roof 
corners the shed itself was scanned using the Leica MS50 MultiStation (Figure 9). Scanner 
locations were identified using existing verified ground control and resections. Scanner locations 
uncertainties (standard deviations) were approximately 5 mm horizontally and 9 mm vertically for 
the two scans that were undertaken.  
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Figure 9. The two ends of the main shed at the Meadowbank Calibration Site (as scanned using a 

Leica MS50 MultiStation). 
 
To construct an accurate and high density point cloud of the shed roof and open areas of 
surrounding land (an accurate site model) the site was flown using a DJI Phantom 3 UAV and a 
high-density point cloud constructed using Agisoft Photoscan with the established ground control. 
Twenty of the previously identified GCP were used to align the point cloud. Highly reflectivity 
targets (0.3 x 0.3 m) were placed on the GCPs to aid in GCP identification in the LiDAR point 
clouds. Targets are visible as yellow dots in Figure 8. The site was flown at 40 m using 80% side 
and forward overlap photography. The site was flown on January 1, 2016. 
 

2.4  UAV LiDAR Flight and Data Collection 
LiDAR data was collected over the calibration site on December 16, 2015. Two flights were 
undertaken. During both flights, a Leica GNSS (Leica Viva GS10 and AS10 antenna) collected 
static data at the base station location detailed above (Section 2.4) for later post processing of flight 
trajectories. Raw flight position and orientation information as well as ranging information 
collected by the Velodyne VLP-16 LiDAR 'Puck' were collected on the on-board NUC computer 
during flights.  
Flying height during the survey was approximately 45 m and flight velocity was approximately 3 
m/s.  Both flights were undertaken under manual control. Wind conditions during the flights were 
generally mild with wind speeds at the closest weather station (Bushy Park) reporting wind speeds 
at 3 pm of 15 km/hr. However, wind gusts of up to 43 km/hr were recorded at this weather station 
and strong wind gusts were occasionally evident during both test flights. 
During the flight, only data from scan angles of between ±60 degrees (from nadir) were collected. 
Under these conditions the resultant point cloud has a swath width of approximately 140 m and a 
point density along track of approximately 10 points per single scan line meter at nadir decreasing 
to 1 to 2 points per scan line m at ±60 degrees (based on scan observations). The VLP-16 unit has a 
reported range of 100 m and a compact elliptical footprint of approximately 103 mm by 72 mm 
(diameters) at this range. Given the VLP-16 has a vertical field of view of 30° (+15° to -15°) with 
scan lines separated by approximately 2 degrees, individual scan lines for a single scan rotation will 
be separated in the forward direction by about 1.5 m (at nadir) at a flying height of 45 m. Thus, the 
full vertical field of view of a single scan at 45 m in the flying direction is about 24 m. 
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Highly reflectivity targets (0.3 x 0.3 m) were also placed on all GCP locations identified during 
control surveys of the site. Eight (8) of these control points were on survey tripods placed on all 
sides of the main shed. Wallace et al. (2012) indicated that the use of highly reflective targets 
allowed them to be identified within point clouds based on their return pulse width, which was 
reported by their Ibeo LUX and can be considered analogous to intensity for the purposes of this 
study. In our case the VLP-16 directly collects intensity information for each laser strike. Placing 
targets on tripods provided the additional ability to physically identify targets.   
 

2.5 Data Processing – Raw LiDAR and Trajectory Information 
Raw laser strike data from the Velodyne VLP-16 LiDAR 'Puck' was recorded in .pcap format using 
VeloView. Raw position and orientation information was extracted from the Advanced Navigation 
Spatial DUAL GPS/IMU and secondary Mti-G-700 MEMS IMU using provided software packages 
(Spatial Dual Manager and MT Manager). Spatial Dual Manager outputs included various file types 
including a State.cvs file containing roll, pitch and heading vales and a RINEX file for the raw 
GNSS information for Antenna 1. MT Manager orientation outputs were exported as a .mtb file, 
which can be converted to a .csv file of orientation values. Extracted positional information was 
processed using the open source GNSS software RTKLib 2.4.3 (using specifically the rtkpost.exe 
application). Post processing was undertaken using the previously detailed base station point and 
final antenna positions were output in a text-based .pos format.  
Extracted position and orientation data from the Advanced Navigation Spatial DUAL GPS/IMU 
and secondary Mti-G-700 MEMS IMU were then combined with lever-arm offset measurements in 
the Advanced Navigation Spatial DUAL reference frame to identify the new position of the 
Velodyne VLP-16 LiDAR 'Puck' reference point using code specifically developed by Mr Deepak 
Gautam to apply two separate lever arm rotations. Rotations were applied from the main antenna 
reference point to the first rotation point on the gimbal using heading and pitch values from the 
Advanced Navigation Spatial DUAL GPS/IMU and roll values from the Mti-G-700 MEMS IMU. 
Following this the offset to the Velodyne VLP-16 LiDAR 'Puck' reference point was rotated using 
values from the Advanced Navigation Spatial DUAL GPS/IMU only. This code produced a 
new .pos file of the Velodyne VLP-16 LiDAR 'Puck' laser reference point location. Thus, lever-arm 
offsets were accounted for outside of the LiDAR equation and calibration software. 
Finally, position and orientation information in the form of .pos and .csv files were combined 
with .pcab data from the Velodyne VLP-16 LiDAR 'Puck' using code initially developed for 
LiDAR investigations outlined in Wallace et al. (2012) and further refined by Dr Stephen Harwin 
and Associate Professor Arko Lucieer. This code allowed visualisation and selection of specific 
parts of the UAV flights as depicted in Figures 10 and 11 and then outputted these flight strips as 
raw LiDAR (.las) files and  trajectory information (as a .csv file containing columns of Time, X, Y, 
Z, Roll , Pitch, Heading information for each LiDAR point in the LAS file).  
 

2.6 Calibration Process – Boresight Offsets 
Following raw data preparation, a quasi-rigorous boresight calibration of the UAV LiDAR unit was 
undertaken using the uncalibrated LAS files (with lever-arm calibration incorporated) and 
exported .csv trajectory information using Microstation Connect Edition (© Bentley) and TerraScan 
and TerraMatch (© TerraSolid). Calibration was undertaken in several stages, which will be 
outlined below.  
After setting up a Microstation 3D .dgn project a specific TerraScan project was created. Within 
this project the.csv trajectory information was imported. Due to the small survey area, the project 
was not split into blocks. Each flight line trajectory was imported as an individual .csv file.  
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Individual LAS files for each flight strip were then opened and examined for quality purposes. LAS 
files for each strip were initially imported into TerraScan using the Deduce using time option to 
identify lines number and Assign constant option to identify the scanner number. Scanner number 
was always set to 1.  
 

 
Figure 10. Un-calibrated LiDAR data points showing a significant roll error. Roll errors are evident 

as rotation perpendicular to the direction of flight of the UAV.  
 

 
Figure 11. Un-calibrated LiDAR data points following removal of roll error. Offsets between 

ground heights to the right and left of the image are caused by bore sight errors.  
 
Despite the removal of trajectory peaks significant errors in roll and pitch (and especially roll) were 
still evident in the data (see Figure 10). Roll errors resulted in major rotations perpendicular to the 
direction of travel of the UAV. Pitch errors resulted in smaller errors along the flight path. Using 
the point selection tool sections of the flight line with apparent errors in roll and/or pitch were 
identified and removed from the LiDAR dataset and a new LiDAR dataset for the flight line was 
exported (see Figure 11). Fencing of data in Microstation was also undertaken to remove floating 
points.  
Of the 18 flight lines collected 12 were deemed suitable for analysis flowing data cleaning. These 
clean strips included both strips 1 and 2 from flights 1 and 2. Due to the potential for drift in roll, 
pitch and heading, the first stage of the calibration was undertaken using only these flight strips. 
The first calibration stage involved a manual calibration of these initial four flight strips using the 
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TerraMatch Apply Corrections tool. Corrections were only applied to heading shift, roll shift and 
pitch shift. Corrections were systematically applied in (0.1 degree steps) until suitable correlation 
between the scans was achieved. 
Following identification of approximate correction values for shifts the Find Match tool was then 
applied such that a more exact solution for correction parameters could be found. In this step 
corrections for heading shift, roll shift, pitch shift and mirror scale were identified. To improve the 
solution, the LiDAR datasets were cleaned of all points that were not over open grass or buildings.   
Identification of heading drift, roll drift and pitch drift was then undertaken using the TerraMatch 
Find Match tool for flight one only. Flight one flight strips were imported and the above 
corrections for heading shift, roll shift, pitch shift and mirror scale were applied. Observation of 
these data indicated that flight lines still did not align. Drift in heading and pitch were not apparent 
in the datasets, however, drift in roll was clearly observable (Figure 12).  
 

 
Figure 12. Cross section of partially calibrated LiDAR data from flight one only. The cross section 
runs through the flight path and as such shows the impact or roll drift on the LiDAR point clouds of 

individual flight strips.  
 
A correction of seven of the flight lines from flight one was undertaken manually again using the 
TerraMatch Apply Corrections tool. Corrections were only applied to heading drift, roll drift and 
pitch drift in 0.005 degree steps from the time of the first LiDAR point in strip 1 or flight 1. No 
improvement was apparent for changes to heading drift and pitch drift, however, roll drift effects 
were identified. Following identification of approximate correction values for drift the Find Match 
tool was then applied to flight line datasets of ground and building only points, such that a more 
exact solution for correction parameters could be found. In this step, corrections for heading drift, 
roll drift and pitch drift were applied, however, no solution was achieved. As such, only a 
correction to roll drift identified by manual observations was used in subsequent analysis. 
After the full range of shift, scale and drift correction values were identified for flight 1 the same 
correction values were applied to flight 2 and the full dataset was merged into a single LAS file. 
Further corrections such as Find fluctuations in TerraMatch have not been applied to the final 
dataset as they mask the actual accuracy of the LiDAR system. However, output data was clipped in 
an area centred over the site shed with a diameter of approximately 100 m. This area includes all 
ground control points for subsequent accuracy assessments. 
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2.7 LiDAR Accuracy Evaluation 
As outlined above, strip adjustments can be used to assess data quality but is primarily undertaken 
to correct systematic error in overlapping strips. In this case the Find Match method of strip 
adjustment has been used to calibrate the LiDAR unit and has not been used to further examine the 
final relative and absolute accuracy of the LiDAR datasets. Given this, several additional techniques 
have been used to examine data accuracy.  
 
2.7.1 Relative Accuracy Assessment 
Relative accuracy assessment is concerned with determining the degree of consistency between 
LiDAR points in overlapping strips and with determining the internal quality of individual strips. In 
this case, relative accuracy will be assessed as outlined below. 
 

- 2.7.1.1  Elevation difference between strips. 
The Measure Match tool in TerraMatch measures how well different strips match each other 
vertically. It computes the elevation difference between surfaces from individual strips and a mean 
surface. In this case, it was applied to the final LiDAR dataset (by flight strip) clipped such that the 
dataset contained only points representing areas of open ground (grassland) and the main shed roof. 
 

- 2.7.1.2  Rigid body transformation between individual strip lines. 
Iterative Closest Point (ICP) is an algorithm used to minimize the difference between two point 
clouds. It is considered an acceptable procedure for matching surfaces or irregular points (Habib et 
al., 2010b). However, it assumes point to point correspondence which is not a valid assumption for 
LiDAR datasets. Habib et al., (2010b) indicated that there was disagreement about the validity of 
using ICP for the co-alignment of LiDAR surfaces within the LiDAR community. Nevertheless, the 
technique is still commonly employed to register dense LiDAR derived point sets in a range of 
commercial and research situations (Nissen et al., 2012; Grant et al., 2013).  
In this study, the ICP algorithm as implemented through the open source program Cloud Compare 
(CC) was used to determine the approximate translation and rotation values required to fit each 
suitable LiDAR scan line to a ‘known’ ground model. The ground model was the point cloud 
surface constructed using photogrammetric techniques as outlined above. All datasets (LiDAR and 
photogrammetric) were clipped such that only points representing areas of open ground (grassland) 
and the main shed roof were fitted using ICP. Given the use of the photogrammetric model the ICP 
analysis provided information on both the relative and absolute accuracy of individual scan lines. 
The CC ICP algorithm assumes that both point clouds are already roughly registered and that both 
entities (in their overlapping regions) represent the same shape. Both assumptions are true in this 
case.  
Fine registration (ICP) analysis was undertaken with the photogrammetric point cloud set to 
model and the scan line dataset set to data, using default settings with RMS difference set to 1.0e-05 
and final overlap reduced to 80%. The determined rotation matrix was then extracted from the 
console and applied using the Apply transformations tool such that the matrix values could be 
converted to Euler angles (rotations on Phi, Theta and Psi and translations on X, Y and Z) for each 
scan line. All models were imported with an initial shift of x = -487693, y = -5280031 and z = -145, 
with scale set to 1) such that the ICP rotating axis (0, 0, 0) was located over the approximate 
horizontal centre of the datasets (combined centre) and at about the flying height of the UAV during 
data collection (approx. 45 m above ground height).  
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- 2.7.1.3  Distances between objects in the overall dataset. 
In order to verify scale accuracy in the UAV LiDAR dataset Tulldahl et al., (2015) examined the 
direct distance between reference marks in scan line data and compared this to the known distance 
as measures through scanning. In this work, a similar approach has been undertaken. Distances 
were measured between objects in the field using direct traditional surveying and scanning. 
Distances between roof points for example were recorded using information collected using a Leica 
MS50 MultiStation (see Section 2.4). In addition, the distance between reference points on tripods 
was determined by undertaking a survey also using the Leica MS50 MultiStation. In each flight 
strip the distance between identifiable objects was measured and compared to the “known” values.  
 
2.7.2 Absolute Accuracy Assessment 
Absolute accuracy assessment is concerned with determining how accurately features in a LiDAR 
dataset fit their real-world locations. In this case, absolute accuracy was assessed as outlined below. 
 

- 2.7.2.1  Location of known features and GCP in the cloud. 
A similar method to that outlined in Wallace et al., (2012) was used to examine the absolute 
accuracy of the point cloud. Absolute accuracy investigations were conducted using individual 
flight strip dataset. The measurement locations and type of ground control targets used are 
described in Section 2.4. Target identification within point clouds was through manual extraction 
and position averaging for targets on survey tripods and manual extraction of points representing 
roof features. In each flight strip the distance of target point was measured and compared to the 
“known” values in MGA94 Zone 55 Coordinates.    
 

2.8 UAV test flight over a pine plantation 
A redesigned UAV LiDAR system (Figure 3) was re-calibrated using a similar technique to that 
outlined above (using TerraMatch (© TerraSolid)) and the system was flown over a pine plantation 
in Uxbridge in Southern Tasmania. Lever-arm offsets and boresight corrections for the new LiDAR 
system were then applied to the raw data in TerraScan (© TerraSolid). Final LiDAR outputs are 
presented in this report. 
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3. Results 
 
3.1 Lever-arm Offset 
116 photos were taken at between 0.5 m and 1.5 m from the UAV from all angles around the frame. 
A high accuracy alignment (with control) using standard settings was undertaken in Agisoft 
PhotoScan. The total error reported for marker locations following alignment was 0.00114 m or 
0.561 pixels indicating a high level of correlation between measured and modelled marker 
locations. An ultra-high dense point cloud reconstruction of the frame was also undertaken in 
Agisoft PhotoScan. Figure 13 shows a clipped photogrammetric point cloud of the UAV frame and 
gimbal as viewed in Autodesk AutoCAD 2015. 
 

 
Figure 13. The photogrammetric point cloud of the UAV frame and gimbal as viewed in Autodesk 
AutoCAD 2015. 
 
The locations of three points were identified in the UAV point cloud such that two rotation vectors 
could be identified and measured (see Figures 14 and 15). The first vector was from the phase 
centre of the front GNSS antenna to the centre of the second rotation axis on the Eagle Eye BLG5D 
DSLR BL Aerial Gimbal (Figure 6). The second offset measured was from this point to the centre 
of the LiDAR scanner unit. 
Measured lever-arm vectors were, vector 1 - antenna 1 to second rotation axis on gimbal (as 
depicted in Figure 6), X = -0.492 m, Y = -0.015 m and Z = 0.598 m and vector 2 - from this second 
rotation point on gimbal to the LiDAR centre, X = 0.005 m, Y = 0.029 m and Z = 0.035 m in the 
Advanced Navigation Spatial DUAL GPS/IMU reference frame. Rotations of these vectors for 
calculation of the LiDAR unit reference locations were undertaken using the Mti-G-700 MEMS 
IMU Roll and Pitch and Velodyne Heading for vector 1 and the Velodyne Roll, Pitch and Heading 
only for vector 2. 
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Figure 14. Lever-arm offsets in the UAV photogrammetric point cloud were measured by 
identifying the location of objects such as the Velodyne VLP-16 LiDAR 'Puck' and reconstructing 
the object in Autodesk AutoCAD 2015. 
 

 
Figure 15. Lever-arm offset vectors 1 and 2 as measured in Autodesk AutoCAD 2015. 

 

3.2  Study Area Control Model (Photogrammetry) 
To facilitate construction of an accurate and dense point cloud of the shed roof and open areas of 
surrounding land (an accurate site model) the site was flow using a DJI Phantom 3 advanced UAV 
and a high-density point cloud was constructed using Agisoft Photoscan. Twenty of the previously 
identified GCPs were used to align the point cloud and the reported total GCP error was 0.0365 m. 
The final photogrammetric point cloud is shown in Figure 16.  

Vector 1 

Vector 2 
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Figure 16. A photogrammetric point cloud of the main shed and surrounding land at the 

Meadowbank Calibration Site (point cloud constructed using Agisoft Photoscan from Phantom 3 
photography flown at 45 m). 

 

3.3  Calibration of LiDAR – IMU Rotation Offset Values 
Following raw data preparation, a quasi-rigorous boresight calibration of the UAV LiDAR unit was 
undertaken using the un-calibrated (for boresight) LAS files and exported .csv trajectory 
information using TerraScan and TerraMatch (© TerraSolid). LAS file and trajectory file creation 
are outlined above.  
Individual LAS files for each flight strip were opened and examined for quality purposes. Despite 
the removal of trajectory blips significant errors in roll and pitch (and especially roll) were still 
evident in the data (see Figure 10). Sections of the flight line with evident errors in roll and/or pitch 
were identified and removed from the LiDAR dataset (see Figure 11). 
Due to the potential for drift in roll, pitch and heading the first stage of the calibration was 
undertaken using only the first two flight strips from each flight. The first calibration stage involved 
a manual calibration of the four flight lines using the TerraMatch Apply Corrections tool. 
Corrections were only applied to heading shift, roll shift and pitch shift. Initial Calibration values 
identified using this method were heading shift 1.5 degrees, roll shift -2.8 degrees and pitch shift 
3.5 degrees. Figure 17 through 19 show a cross section of uncalibrated flight lines from flights 1 
and 2.  
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Figure 17. Un-calibrated scan lines. Flight lines 1 and 2 of flights 1 and 2 are depicted prior to 

trajectory rotation.  
 

 
Figure 18. Un-calibrated scan lines. Flight lines 1 and 2 of flights 1 and 2 are depicted prior to 
trajectory rotation. 
 

           
Figure 19. Un-calibrated scan lines. Flight lines 1 and 2 of flights 1 and 2 are depicted prior to 

trajectory rotation. The images show cross sections at right angles through a vertical power pole. 
Note in both cases multiple power poles are evident and ground levels are different for each scan 

line.  
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Following identification of approximate correction values the Find Match tool was then applied 
such that a more exact solution for correction parameters could be found. In this step corrections for 
heading shift, roll shift, pitch shift and mirror scale were identified. To improve the solution, the 
LiDAR datasets were cleaned of all points that were not over open grassed areas or buildings (see 
Figure 20). 
 

 
Figure 20. Cleaning of data to remove areas that were not grass or buildings.  

 
Final Calibration values identified using this method were heading shift 0.0001 degrees (std dev  
0.0001), roll shift 0.0002 degrees (std dev  0.0000), pitch shift -0.0005 degrees (std dev  0.0000) 
and Scale -0.0005. Initial and final RMS error did not change significantly (starting dz RMS 0.0541 
and final dz RMS 0.0542).  Given these results the additional calibration step appeared to have little 
effect on point positions. Figures 21 through 24 show the same cross sections as depicted above 
(Figures 17 to 19) following calibration. 
 

 
Figure 21. Calibrated scan lines. Flight lines 1 and 2 of flights 1 and 2 are depicted following 

trajectory rotation. 
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Figure 22. Calibrated scan lines. Flight lines 1 and 2 of flights 1 and 2 are depicted following 

trajectory rotation. 
 

 
 

Figure 23. Calibrated scan lines. Flight lines 1 and 2 of flights 1 and 2 are depicted following 
trajectory rotation. The image shows a cross section at right angles to Figure 24 through a vertical 

power pole. 
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Figure 24. Calibrated scan lines. Flight lines 1 and 2 of flights 1 and 2 are depicted following 

trajectory rotation. The image shows a cross section at right angles to Figure 23 through a vertical 
power pole. 

 
Identification of heading drift, roll drift and pitch drift was then undertaken using TerraMatch for 
flight 1 only. All flight one flight lines were imported and the above sequential corrections for 
heading shift, roll shift, pitch shift and mirror scale applied. Observation of this data indicated drift 
was present in the dataset (see Figures 25 and 26). 
A manual correction of seven of the flight lines from flight one was undertaken again using the 
TerraMatch Apply Corrections tool. No improvement was apparent for changes to heading drift 
and pitch drift; However, a roll drift of 0.0085 from a time reference starting at the first point of the 
first flight line was identified. Following identification of approximate correction values for drift 
the Find Match tool was then applied to flight line datasets of ground and building only points, 
such that a more exact solution for correction parameters could be found. However, no solution was 
achieved. Figures 25 and 26 shows cross sections of corrected data for roll drift for flight 1 strips.  
After the full range of shift, scale and drift correction values were identified for flight 1 the same 
correction values were applied to flight 2 and the full dataset was merged into a single LAS file. 
Figures 27 through 30 show cross sections of the final dataset following bore sight calibration for 
all 12 flight lines. Further corrections such as Find fluctuations in TerraMatch have not been 
applied for this work to as they mask the actual accuracy of the LiDAR system. 
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Figure 25. Flight 1 calibrated. The upper image depicts the uncalibrated data in cross section. The 
middle figure shows flight line data for flight 1 following calibration for heading shift, roll shift, 
pitch shift and mirror scale. The lower figure shows the final dataset following correction of roll 

drift for all flight 1 strips.  
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Figure 26. Flight 1 calibrated. The upper image depicts the uncalibrated data in cross section. The 
middle figure shows flight line data for flight 1 following calibration for heading shift, roll shift, 
pitch shift and mirror scale. The lower figure shows the final dataset following correction of roll 

drift for all flight 1 strips.  

290



 

 
 

 

Figure 27. Cross section through the fully calibrated complete data set including all scan lines used 
in the assessment from both flights 1 and 2. 

 
 

Figure 28. Cross section through the fully calibrated complete data set including all scan lines used 
in the assessment from both flights 1 and 2. 
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Figure 29. Cross section through the fully calibrated complete data set including all scan lines used 

in the assessment from both flights 1 and 2. The image shows a cross section at right angles to 
figure 38 through a vertical power pole. 

 

 
Figure 30. Cross section through the fully calibrated complete data set including all scan lines used 

in the assessment from both flights 1 and 2. The image shows a cross section at right angles to 
figure 37 through a vertical power pole. 
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3.4 Final LiDAR Point Cloud Properties 
Table 1 shows the point cloud properties including point density and point spacing for all flight 
lines used in this assessment. Point densities range from 148.49 points per m2 to 904.59 points per 
m2 for individual flight strips. The total point density of the final combined point cloud was 1205.6 
points per m2 and the average spacing of points was 0.03 m. First return only density for this point 
cloud was 601.47 points per m2.   
 
Table 1. Point densities and point spacing of flight strips for all strips used in the calibration 
process from flights 1 and 2.  
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1 1 2393515 13600/0.01 352.74 0.05 175.99 0.08 

1 2 2317695 9072/0.01 511.71 0.04 255.48 0.06 

1 4 630737 8508/0.01 148.49 0.08 74.13 0.12 

1 5 1126182 7676/0.01 294.11 0.06 146.71 0.08 

1 6 2323257 11008/0.01 422.72 0.05 211.05 0.07 

1 7 1731860 10300/0.01 337.16 0.05 168.14 0.08 

1 8 1719847 3832/0.00 904.59 0.03 448.81 0.05 

2 1 1927403 13352/0.01 289.02 0.06 144.35 0.08 

2 2 1801313 13788/0.01 261.49 0.06 130.64 0.09 

2 4 1199564 9636/0.01 249.53 0.06 124.49 0.09 

2 5 968285 9896/0.01 195.91 0.07 97.85 0.1 

2 6 2284001 16916/0.02 270.57 0.06 135.02 0.09 

All Flights 
Combined 20423659 33956/0.03 1205.6 0.03 601.47 0.04 
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3.5 Assessment of Accuracy of LiDAR Point Cloud 
3.5.1 Relative Accuracy Assessment 
 

- 3.5.1.1  Elevation difference between strips. 
The Measure Match tool in TerraMatch measures how well different strips match each other 
vertically. It computes an elevation difference between surfaces from individual strips and a mean 
surface. In this case, it was applied to the final LiDAR dataset (by flight strip) clipped such that the 
dataset contained only points representing areas of open ground (grassland) and the main shed roof. 
Table 2 shows the results from this tool’s application. In the below table, the points column 
indicates the number of points in each strip, magnitude is the absolute value of the elevation 
difference between a strip and the mean surface, and Dz is the mean value of the elevation 
difference between a strip and the mean surface. The average magnitude (average absolute value of 
the elevation difference) of all strips is 0.0854m.  
 
Table 2. Vertical strip agreement assessed using TerraMatch (Measure Match tool). 

Flight Scan Line Points Magnitude (m) Dz (m) 

1 1 3914401 0.0862 -0.0207 

1 2 4354225 0.0775 0.0096 

1 4 5711261 0.0785 0.0173 

1 5 870726 0.1024 -0.0687 

1 6 7298658 0.0752 0.0309 

1 7 377652 0.1084 0.0651 

1 8 1786604 0.08 0.0138 

2 1 1760399 0.0947 0.0508 

2 2 4587651 0.0911 -0.0065 

2 4 4906469 0.0907 -0.02 

2 5 1391406 0.0949 -0.016 

2 6 6576657 0.0929 -0.0325 

Average magnitude (m): 0.0854 

 

- 3.5.1.2  Rigid body transformation between individual strip lines. 
An ICP algorithm as implemented through the open source program Cloud Compare (CC) to 
determine the approximate translation and rotation values required to better fit each suitable LiDAR 
scan line to a ‘known’ ground model was applied. The ground model was the point cloud surface 
constructed using photogrammetric techniques as outlined above. All datasets (LiDAR and 
photogrammetric) were clipped such that only points representing areas of open ground (grassland) 
and the main shed roof were fitted using ICP. Rotation values are presented in Table 3 and 
translation values in Table 4.  
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Table 3. Phi, Theta and Psi rotation values (degrees) for individual scan lines from flights 1 and 2 
following ICP analysis in Cloud Compare using the photogrammetric point cloud as the model 
surface. 

Flight Scan Line 
Rotations 

Phi (yaw) Theta (pitch) Psi (roll) 

1 1 -0.07229026 -0.21496238 0.00117371 

1 2 0.08123331 -0.14184374 -0.08521305 

1 4 -0.08229468 0.00426567 -0.03269912 

1 5 0.03116624 0.28762249 -0.13816303 

1 6 0.15988314 -0.24402766 0.00493534 

1 7 -0.20424329 -0.64568137 0.46268955 

1 8 0.1955401 -0.39962252 -0.01361807 

2 1 0.21896627 -0.02536485 -0.48474882 

2 2 0.11215411 -0.01279482 -0.67450605 

2 4 0.07213089 -0.07161886 -0.52634975 

2 5 0.04533962 0.226064 -0.51847576 

2 6 -0.30676882 0.06834341 -0.15120861 

 
Table 4. X, Y and Z translation values (m) for individual scan lines from flights 1 and 2 following 
ICP analysis in Cloud Compare using the photogrammetric point cloud as the model surface. 

Flight Scan Line 
Translations 

X (north) Y (east) Z (up) 

1 1 -0.07185148 -0.04591035 0.0511594 

1 2 -0.03880013 0.01692419 0.16731115 

1 4 -0.04740548 -0.21342282 0.09658354 

1 5 0.14005925 0.12730756 -0.10489203 

1 6 -0.0382698 0.14218874 0.18926546 

1 7 -0.2734794 -0.35055259 0.75018948 

1 8 -0.08144929 0.18468124 0.24718864 

2 1 0.0355555 0.07260598 0.06408649 

2 2 0.01088575 0.13004936 -0.00869653 

2 4 -0.02398714 0.20575497 0.00627644 

2 5 0.14179431 0.31667763 0.02031656 

2 6 -0.00396618 0.21041247 -0.01462298 

 
Tables 3 and 4 shows that there is generally quite high agreement between flight lines and strips. 
Translations are generally low except for a few strips (i.e. flight 1 strip 7 and to a lesser degree strip 
8). Rotation parameters are again generally small and consistent. However, flight 2 Psi rotations are 
consistently lower and in some cases about 0.5 degrees lower than flight 1 Psi rotations. 
  

295



 

 
 

- 3.5.1.4  Distances between objects in the overall dataset. 
Roof points were identified in the point cloud manually while the location of targets on tripods was 
identified by locating the average position of points on the tripod in Cloud Compare. For each flight 
line, the distance between identifiable objects was measured and compared to the “known” values. 
Distances between roof corners are presented in Table 5 and distances between tripod targets in 
presented in Table 6. Generally, agreement between distances measurements is better than 10 cm, 
especially for tripod target distance estimates (Table 6).  
 
Table 5. Differences between measured distance between identifiable objects (roof corners) and 
“known” distances from surveying and scanning of the site.  

Flight Scan Line 

Measurement and Measured Distance (m) 

35-38 37-39 36-40 36-37 39-40 

30.616m 30.612m 30.563m 31.691m 32.042m 

1 1 0.036   -0.192     

1 2   0.168       

1 4 -0.36 -0.127       

1 6       -0.15   

2 1         0.042 

2 2 -0.18 0.227 0.398 0.263 0.117 

2 4 0.01 -0.054 0.206 0.357 -0.033 

2 6 0.31   -0.182     

RMSE (All Distances) 0.213m (Max Error – 0.398m) 

 
Table 6. Differences between measured distance between identifiable objects (targets) and 
“known” distances from surveying of the site. 

Flight Scan Line 

Measurement and Measured Distance (m) 

16-17 18-19 25-26 27-28 

18.315m 11.916m 26.355m 19.413m 

1 1   -0.011     

1 2     0.043   

1 6       -0.08 

2 1 0.046       

2 2 -0.021 0.051 -0.475 -0.028 

2 4 0.017 0.325 0.003 -0.049 

2 5 -0.284       

2 6 0.006       

RMSE (All Distances) 0.175m (Max Error – 0.475m) 
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3.6.2 Absolute Accuracy Assessment 
 

- 3.5.2.1  Location of known features and GCP in the cloud. 
Similar methods to those outlined in Wallace et al., (2012) were applied to examine the absolute 
accuracy of the point cloud. Absolute accuracy investigations were conducted using features 
identified in individual flight lines. Analysis of target location from extracted points and 
comparison methodologies for each target are as per Wallace et al., (2012). 
Accuracy assessments were undertaken on raw calibrated flight lines and on flight lines following 
rigid body transformation. Tables 7 and 8 show offset values (east, north and up) for targets on 
tripods again in the raw and rotated flight lines. As outlined above targets on tripods were identified 
in each flight strip LAS point cloud by locating the average position of points representing the 
targets in CC. Overall RMSE values for east, north and up for each table are presented. This 
represents an average location error for each point selection and data handling scenario. Horizontal 
RMSE estimates are up to 25 cm while vertical RMSE is as high as 15 cm.  
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Table 7. Distance (east, north and up) from known point locations of reflective targets on tripods 
(as measured in MGA94 coordinates) for points identified in the raw calibrated LAS flight strips. 
Also shown are the RMSE for all mean point offsets and the maximum error. 

Flight Scan Line GDA94 
Coordinate 

Point Number and Offset from Surveyed Location 

16 17 18 19 25 26 27 28 

1 1 East   -0.134 -0.067 -0.044         

    North   0.511 0.314 0.091         

    Up   -0.106 -0.021 -0.062         

1 2 East         -0.055 -0.020 -0.324   

    North         0.213 0.253 0.430   

    Up         -0.134 -0.134 -0.018   

1 4 East             -0.033   

    North             0.164   

    Up             -0.066   

1 6 East         -0.117 -0.150 -0.160   

    North         0.025 0.071 -0.009   

    Up         -0.088 -0.077 -0.053   

2 1 East -0.153 -0.137       -0.075     

    North 0.281 0.233       0.208     

    Up 0.085 -0.093       0.194     

2 2 East 0.048 -0.193 -0.334 -0.393 0.549 0.076 0.020 -0.176 

    North 0.326 0.325 0.141 0.313 0.340 0.285 0.342 0.373 

    Up 0.178 -0.020 -0.116 -0.206 0.321 0.368 0.175 -0.096 

2 4 East 0.364 -0.027 -0.061 -0.393 0.628 0.648 -0.078 -0.413 

    North 0.076 0.025 0.146 0.313 0.281 0.199 0.315 0.370 

    Up 0.080 -0.248 -0.147 -0.206 0.277 0.231 0.158 -0.073 

2 5 East 0.167 0.208             

    North 0.060 0.354             

    Up -0.108 0.073             

2 6 East 0.448 0.164         0.000 0.239 

    North 0.045 0.018         0.049 0.048 

    Up -0.059 0.003         0.008 -0.024 

RMSE (All Points) 

East 0.269m (Maximum Error – 0.648m) 

North 0.255m (Maximum Error – 0.511m) 

Up 0.152m (Maximum Error – 0.368m) 
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Table 8. Distance (east, north and up) from known point locations of reflective targets on tripods 
(as measured in MGA94 coordinates) of points identified in the rigid body transformed LAS flight 
strips. Also shown are the RMSE for all mean point offsets and the maximum error. 

Flight Scan Line GDA94 
Coordinate 

Point Number and Offset from Surveyed Location 

16 17 18 19 25 26 27 28 

1 1 East   -0.076 -0.025 -0.003         

    North   0.445 0.266 0.058         

    Up   0.007 0.037 -0.048         

1 2 East         -0.044 -0.015 -0.292   

    North         0.144 0.219 0.360   

    Up         -0.064 -0.009 0.071   

1 4 East             -0.068   

    North             -0.034   

    Up             0.026   

1 6 East         -0.078 -0.014 -0.077   

    North         0.106 0.147 0.067   

    Up         0.005 0.005 0.031   

2 1 East -0.160 -0.074       -0.148     

    North 0.107 0.068       -0.016     

    Up 0.025 0.002       -0.017     

2 2 East 0.038 -0.168 -0.284 -0.342 0.516 0.031 0.018 -0.140 

    North 0.065 0.070 -0.146 0.004 0.010 -0.006 0.014 0.044 

    Up -0.009 0.008 0.063 -0.025 -0.009 -0.025 0.036 -0.006 

2 4 East 0.366 -0.002 -0.020 -0.352 0.615 0.629 -0.072 -0.382 

    North -0.028 -0.075 0.026 0.179 0.135 0.076 0.170 0.224 

    Up -0.035 -0.193 0.007 -0.063 0.008 -0.059 0.036 -0.018 

2 5 East 0.155 0.212             

    North 0.063 0.364             

    Up -0.284 0.052             

2 6 East 0.483 0.102         0.010 0.146 

    North 0.079 0.046         0.300 0.299 

    Up -0.131 -0.024         -0.005 0.015 

RMSE (All Points) 

East 0.250m (Maximum Error – 0.629m) 

North 0.171m (Maximum Error – 0.445m) 

Up 0.070m (Maximum Error – 0.284m) 
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3.6 UAV LiDAR test flight over a pinus Radiata plantation. 
A redesigned UAV LiDAR system (Figure 31) was re-calibrated using the technique outlined above 
(using TerraMatch (© TerraSolid)) and the system was flown over a pine plantation in Uxbridge in 
Southern Tasmania. A detailed calibration discussion is not provided; however, calibration results 
are as outlined below. 
Measured lever-arm vectors were, X = -503.01mm, Y = 3.15mm and Z = 503.01mm in the 
Advanced Navigation Spatial DUAL GPS/IMU reference frame. Rotations of these vectors for 
calculation of the LiDAR unit reference locations were undertaken using the Advanced Navigation 
Spatial DUAL GPS/IMU Roll, Pitch and Heading values only as the gimbal was removed in the 
final UAV design. 
Final boresight calibration values identified for the new LiDAR system using the above calibration 
system were heading shift 0.0491 degrees, roll shift -0.0185 degrees and pitch shift-0.0359 degrees. 
Drift in boresight calibration values was not evident in the new design. 
Calibration parameters were applied to raw LiDAR data in TerraScan (© TerraSolid). Final 
calibrated LiDAR data collected at the Uxbridge site is presented in Figures 31 through 34. 
 
 

 
Figure 31. Combined LiDAR model (as seen from above) of Pine plantation at Uxbridge in 

southern Tasmania. Shown are all overlapping flight lines. 
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Figure 32. Combined LiDAR model (as seen from the side) of Pine plantation at Uxbridge in 

southern Tasmania. Shown are all overlapping flight lines. 
 

 
Figure 33. Cross section through the fully calibrated complete pine plantation LiDAR model at 

Uxbridge in southern Tasmania. Shown are all overlapping flight lines. 
 

301



 

 
 

 
Figure 34. A single LiDAR scan line of Pine plantation at Uxbridge in southern Tasmania.  
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4. Discussion 
 

4.1 Lever arm calibration 
This research took the novel approach of placing a LiDAR scanner and IMU on an Eagle Eye 
BLG5D DSLR BL Aerial Gimbal. This was done as it was thought that the use of a gimbal might 
steady the IMU/LiDAR units and reduce noise in the dataset. However, the use of the gimbal 
introduced a rotating two vector lever arm offset with multiple input orientation values. Rotations 
were undertaken using the Mti-G-700 MEMS IMU Roll and Pitch and Velodyne Heading for vector 
1 and the Velodyne Roll, Pitch and Heading only for vector 2.  
Generally, lever arm offsets in LiDAR systems (both aerial and on UAVs) are fixed and lead to a 
constant shift in the position of points in derived point clouds (Habib and Van Rens, 2008). As 
such, fixed lever-arm errors may be difficult to detect in data that is collected in a single direction 
without control points for comparison.   
In this investigation two issues were evident when dealing with a rotating two vector lever arm 
offset. The first was that an accurate offset estimate was required for each vector. However, the 
vector points did not correspond to a physical point on the gimbal making direct survey difficult 
(see Figure 6). The second was that the rotation of each vector could not be applied using standard 
commercial calibration software such as TerraMatch and that specific code was required to 
determine the LiDAR units position based on the front GNSS antenna location. The second of these 
issues was dealt with using code specifically developed by Mr Deepak Gautam of the TerraLuma 
UAV research group at the University of Tasmania. This code worked effectively and no 
displacement in the point cloud from lever arm offsets were evident in the LiDAR data strips 
following calibration of bore-sight offsets. 
The methodology adopted to measure lever arm offset was close-range photogrammetric 
reconstruction of the UAV. This proved to be a highly effective technique. Despite the complexity 
of the UAV system, photogrammetric reconstruction was accurate. The total error reported for 
control marker locations following alignment was 0.00114 m or 0.561 pixels indicating a high level 
of correlation between measured and modelled marker locations. In addition, the inclusion of colour 
in point cloud information made determination of rotation axis on the gimbal quite simple in 
AUTOCAD software. In contrast, the highly reflective surfaces on the UAV frame made scanning 
results using the MS50 MultiStation inaccurate and difficult to interpret. Final lever arm offsets are 
specified in section 3.1 and 3.7. 
 

4.2 Bore-sight calibration 
This report outlines a detailed methodology of undertaking a quasi-rigorous boresight calibration of 
a UAV based LiDAR system using TerraScan and TerraMatch (© TerraSolid). TerraScan and 
TerraMatch are popular software products for calibrating and working with airborne LiDAR (i.e. 
Lesler et al., 2010; Rönnholm et al., 2013). However, use of the software has not been common 
place for UAV-based LiDAR research. This reflects the fact that many UAV based LiDAR studies 
focus on development of the UAV LiDAR unit and examination of small datasets. In such research, 
the calibration of the UAV system has been undertaken as part of the research using techniques 
specifically developed for the work (i.e. Glennie et al., 2013; Tulldahl et al., 2015) or bore sight 
offsets have been assumed to be zero (Wallace et al., 2012) due to accurate scanner and IMU 
alignment. 
TerraMatch uses either surface to surface matching (Find Match tool) or tie line based matching 
(Find Tie Line Match tool). For this work, we used surface matching techniques as detailed for 
airborne laser data rather that tie line based matching to solve for bore-sight offsets (shift and drift) 
and the mirror scale parameter. 
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Unfortunately, initial calibration efforts using airborne surface matching failed to effectively 
resolve calibration offsets. As such, a first run manual calibration was undertaken to better position 
strips prior to undertaking the quasi-rigorous boresight calibration. This calibration focused on 
using the building roof and other vertical structured to roughly align flight strips. In this case the 
LiDAR data did not effectively detect building walls and the only obvious and repeatable vertical 
structure in the data set was a single power pole. By aligning the building roof and this single power 
pole between initial flight strips for each flight undertaken over the site, initial roll, pitch and 
heading offset values were effectively determined.  
This manual assessment is more similar in many ways to a mobile laser scanner calibration than an 
airborne calibration (see TerraMatch Users Guide, 2015). Mobile calibrations tend to use tie lines 
and vertical objects to calibrate offsets. Potential objects for mobile scanner calibration are vertical 
planar surfaces, such as building walls, building corners and horizontal hard planar surfaces and 
objects such as vertical poles and overhead wires. Given the success of the manual calibration it is 
likely that a mobile laser scanner tie line matching methodology would be more effective for 
calibration of a UAV LiDAR system (even though UAV data is collected from above and not from 
the side).  
Tie line matching for quasi-rigorous boresight calibration was not undertaken in this work because 
the test range did not suite this method. The building at the test site did contain a sloped roof 
structure, however, vertical walls were only present on three sides of the building and were not 
scanned effectively in many of the flight strips. Similarly, the only vertical structure suitable for 
adjustment other than the shed was a single power pole. In addition, a significant number of trees 
and hedges were present around the site which made the site overly complex. Future calibration 
studies should select an alternative calibration site with a hard ground surface rather than grass, no 
surrounding vegetation and many vertical features such as small buildings and/or power poles. Such 
a site would lend itself to tie line matching and would likely more effectively and accurately resolve 
roll, pitch and heading offsets.    
Despite these issues, a quasi-rigorous boresight calibration using surface matching was successful 
following initial manual adjustment. However, the quasi-rigorous calibration had little effect on 
point positions beyond the initial manual calibration. Following this calibration an assessment of 
roll, pitch and heading drift was manually undertaken using flight one data only. Again, a quasi-
rigorous drift calibration result was not achieved using surface matching techniques. The manual 
drift assessment did identified drift, however, only in roll. The lack of drift in heading is not 
surprising given the fact that the Spatial Dual GNSS/IMU system sets heading using GNSS antenna 
and Gautam et al. (In Prep) reported a heading errors of only 0.12 degree for 95% of stationary 
epoch using the same system over a significant period. However, the lack of detectable drift in pitch 
was unexpected given pitch is measured using the same IMU components as is roll. 
The bore sight calibration results identified during this study (approximate heading shift 1.5 
degrees, roll shift -2.8 degrees (with drift) and pitch shift 3.5 degrees) are quite large (especially for 
roll and pitch) and may reflect poor alignment of the IMU and LiDAR unit during construction. As 
stated above, Wallace et al. (2012) could ignore boresight calibration using their UAV LiDAR 
system (also constructed by TerraLuma) although their position on calibration was not supported in 
their work by any statistical analysis of the data sets. Nevertheless, boresight calibration using 
TerraMatch software and the above aerial based test methodology did successfully identify and 
correct large boresight offsets in this study.     
Evidence that boresight calibration parameters (including drift) are constant between flights was 
also examined in this investigation by using separate test flights. Two flights were independently 
undertaken at the test site with about 30 minutes between flights. The first two strips from each 
flight were used to identify shift parameters while only flight 1 was used to identify drift 
parameters. Following this, all offset corrections were applied to all flight 2 strips. Flight 2 
contained an additional three data strips not used in any of the calibration steps. Following 
correction, these strips appeared to be positioned correctly, although subsequent ICP roll rotations 
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(undertaken for accuracy assessment) were higher for flight 2 strips (Table 5) indicating some roll 
discrepancy between flight strips. Despite this single observation, evidence suggest that boresight 
calibration offsets (and especially drift corrections) were held constant when applied to independent 
strips.  
 

4.3 Point Cloud Properties 
Point cloud properties are presented in Table 3. Cloud densities are similar to those achieved by 
Glennie et al. (2013) using a Velodyne HDL-32 LiDAR scanner. Their balloon obtained results 
taken at 25 m achieved a point density of about 1000 pts/m2. In our investigation, a point density 
per flight strip of about 350 pts/m2 (all returns) and a maximum density of about 900 pts/m2 (all 
returns) for a single flight strip was achieved.  
 

4.4 Accuracy of LiDAR Final Point Cloud 
This report presents a detailed assessment of the overall accuracy, in both relative and absolute 
terms, of LiDAR data collected using the TerraLuma UAV LiDAR system based on the Velodyne 
VLP-16 LiDAR 'Puck'. Accuracy assessments are largely based on techniques described by Habib 
et al., (2009) and Habib et al., (2010b) for standard airborne LiDAR data and on other 
methodologies of accuracy assessment for UAV based LiDAR systems outlined in Wallace et al. 
(2012) and Tulldahl et al. (2015). 
Relative accuracy assessment examines the internal consistency of a point cloud. In this case the 
consistency between flight strip and separate flights has been used as a method of assessing relative 
accuracy. In most cases the assessment of relative accuracy was limited to a clipped point cloud 
(see Figure 20) to remove the confounding effects of vegetation. Initially the Measure Match tool in 
Terra Match was used to assess how well each strip matched the overall data set in the vertical plain 
only. Results from this assessment concluded the magnitude of the absolute elevation difference 
was about 10 cm while the mean difference was generally less than 5 cm. 
While the Measure Match tool is a useful initial assessment of relative accuracy it provides no 
insight into the sources of observed errors. To better understand inconsistency between flight strips 
an ICP procedure (ridged body transformation) was applied to individual flight strips using the 
photogrammetrically derived point cloud as a ‘known’ model. This assessment represents only one 
of the four assessment methodologies outlined in Habib et al., (2010). While these authors 
concluded that for standard LiDAR data sets surface matching was a better method to investigate 
internal quality they did indicate that ICP was still a reasonable indicator of the quality of fit 
between overlapping strips. The main issue with the technique was its inability to resolve noise in a 
LiDAR data due to the overriding effect of point spacing. ICP RMSE analysis for normal LiDAR 
data tends to reflect point spacing because points in the strips are non-conjugate. 
In this research situation, there are several reasons while ICP is a suitable assessment methodology 
for deriving ridged body transformation parameters to assess relative accuracy and consistency. The 
main reason is that unlike standard LiDAR datasets UAV LiDAR datasets are very dense. Habib et 
al., (2010) showed that point density correlated with noise prediction and had a minor effect on 
transformation parameters for ICP analysis. Their original test data sets had an average point 
spacing of 0.75 m and for their ICP assessed noise was determined to be 0.71 m. Their research also 
showed consistency between ICP, linear feature and surface (ICPatch) predicted transformation 
parameters at their higher 0.75 m point density. 
In this research, the average point spacing of individual LiDAR strips is shown in Table 1 and for 
last returns only is generally less than 0.1 m in each strip. Given this very high point density it is 
likely that ICP would represent a robust methodology for determining ridged body transformation 
parameters despite the absence of conjugate points in the dataset. In addition, the 
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photogrammetrically derived ‘known’ point cloud which all strips were rotated onto is significantly 
denser than the LiDAR derived test strips (point spacing below 0.05m) and as such this is likely to 
further improve transformation and noise estimation when using standard ICP techniques. Indeed, 
given the very high point densities of both datasets (photogrammetric and UAV LiDAR derived) it 
is likely that ICP transformation is a more appropriate technique that others outlined in Habib et al. 
(2010) and Habib and Van Rens (2008) for determination of ridged body transformation 
parameters.     
As indicated above, flight 2 Psi rotations are consistently lower and in some cases about 0.5 degrees 
lower than flight 1 Psi rotations. Given that flights 1 and 2 were conducted at 90 degrees to each 
other it could be expected that a Psi offset in flight 2 could be reflected in a Theta offset in flight 1 
if a systematic calibration error was the cause. However, Theta rotations are generally consistent 
between flights. 
Another possible cause of Psi rotation differences between flights is drift. Drift in roll was 
identified in the calibration of the LiDAR system. Drift is identified at a rate and from a starting 
point in time. A failure to correctly identify drift rate in roll may result in an increasing or 
decreasing Theta or Psi rotation parameter within flights. This is not evident in the rotation 
parameters of either Theta or Psi. Given the above it is likely that this discrepancy in Psi between 
flight strips may simply result from the less stable roll or pitch detection evident in the Spatial Dual 
IMU (Gautam et al. (In Prep)). Ultimately, even though IMU trajectory rotations and ridged body 
ICP rotations are not directly comparable, the rotation parameters shown in Table 3 fluctuate within 
the uncertainty range outlined by Gautam et al. (In Prep) for the Spatial Dual IMU. 
The above results (Tables 3 and 4) demonstrate that within flights there is a relatively high level of 
consistency, but that rotation and translation inconsistencies can be introduced into datasets when 
multiple overlapping flights/scans are used to collect data.  
he final method of examining relative accuracy within the UAV LiDAR point cloud strips was 
based on the distance measurement methodology used by Tulldahl et al., (2015). Two feature 
detection techniques were used in this section and for later absolute accuracy assessments. These 
were (1) target detection by selecting points in the point cloud that represented 30 cm x 30 cm 
target strikes for targets placed on tripods and (2) manual point selection of the nearest point that 
represents roof top features (i.e. roof pitch point). For targets on tripods the point position was 
estimated by averaging the coordinates of all selected points representing strikes on the target. 
Reflective ground targets were also used during testing and were to be detected in the dataset using 
intensity values as per Wallace et al. (2012). However, reflective ground targets were not 
consistently evident in the point cloud and this technique was abandoned.  
Tables 5 and 6 show differences between LiDAR measured and surveyed distances for each feature 
selection method. For manual point selection, an RMSE of 0.213 m was observed. For tripod 
targets, this was reduced to 0.175 m This result is consistent with values presented by Tulldahl et 
al., (2015). Their distant measurement offsets (as RMSE) averaged slightly below 0.05 m 
(maximum 0.133 m). However, this was from a flying height of only 8 m. In this investigation, a 
RMSE estimate of 0.175 m is higher than that presented by Tulldahl et al. (2015), however, our 
flying height was a more realistic 45 m (as would be required to fly over trees in a forested survey 
situation). Interestingly, the average RMSE of all points in the target assessment (Table 6) except 
the worst three measurements was only about 0.04 m indicating the higher RMSE estimate was 
driven by a small number of less accurate measurements (all were measurements taken at wider 
scan angles). This pattern was not evident in Table 5 indicating that manual detection of specific 
features and measurement between these features was less accurate presumably due to point cloud 
noise which was reduced when averaging of point positions was undertaken to identify features. 
Following relative accuracy assessment an assessment of the absolute accuracy of flight strips was 
undertaken using the same target points as used in the distance measurement assessment. Accuracy 
assessments were again undertaken for raw calibrated strips and for strips subject to ICP strip 
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adjustment. Tables 7 and 8 show point location errors (MGA94 and AHD coordinates) for all target 
points evident in each flight strip. RMSE values for East, North and Up are also presented for all 
points across all scan lines. In all cases the results of absolute accuracy are relatively consistent and 
somewhat better than those presented by Wallace et al. (2012) for the previous TerraLuma LiDAR 
system (especially when compared to their IMU/GPS only solution where they had an RMSE of 
0.61 m for 130 targets). The absolute accuracy of this system also compares favourably with results 
presented by Glennie et al. (2013) for their mobile (balloon based) laser scanning system. Although 
they used TLS data to determine target locations and assessed absolute accuracy against their entire 
point cloud rather than by strips, and although their flying height was only 25 m their final vertical 
agreement with TLS data was approximately 4 to 5 cm (1 sigma) and their horizontal accuracy was 
about 17 cm. In our study, raw calibrated feature accuracies (expressed as RMSE) were in the order 
of 25 cm horizontally and 10 to 15 cm vertically. Vertical accuracy was improved following ICP 
strip adjustment to better than 10 cm for target points while horizontal accuracy improved slightly.  
 

4.5 Field Assessment of LiDAR UAV over Pine Plantation at Uxbridge, Tasmanian. 
 
Following redesign of the UAV system, field work was undertaken to collect an example LiDAR 
dataset over plantation forest (Pine) at Uxbridge in southern Tasmania. Application of lever-arm 
offsets in code to the production of a raw LiDAR model and subsequent application of bore sight 
corrections in TerraScan (© TerraSolid) resulted in a dense LiDAR point cloud of the forest area. 
Ground penetration in the final LiDAR model was high and stems were clearly present in the point 
cloud (i.e. Figure 33). There was also good spatial agreement between overlapping strips (i.e. 
Figure 31 and 32). Further examination of the points cloud for forest inventory purposes will be 
undertaken in future research.  
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5. Conclusions 
As outlined above the initial aim of this project was to develop a calibration workflow for a UAV 
LiDAR system to account for lever-arm offsets and boresight angles. Works initially focused on the 
develop a photogrammetric solution (using photoscan and CAD software) to accurately estimate the 
lever-arm offset of a UAV-based LiDAR system and model the effect of placing the LiDAR 
scanner and IMU on a gimbal (i.e. using a multiple vector rotating lever arm). Following this the 
work focused on the estimation the boresight offsets using a commercial package (TerraMatch) 
using data collected at a test site with comprehensive and accurately surveyed ground control.  
The reported work achieved these initial objectives and demonstrated several important findings 
that can be used to help guide future research on UAV LiDAR system development and improve or 
understanding of the realistic accuracy of UAV based LiDAR datasets. This work has firstly 
demonstrated the utility of photogrammetric reconstruction for measuring lever arm offset values 
on UAV LiDAR calibrations. The total error reported for marker locations following 
photogrammetric alignment was 0.00114 m or 0.561 pixels indicating a high level of correlation 
between measured and modelled marker locations and a likely high level of accuracy in the point 
cloud. Secondly, the work has shed significant light on the characteristics of a suitable UAV 
calibration site and the techniques that can be used to undertake boresight calibrations of UAV 
LiDAR systems. In addition, this research has also outlined a simple LiDAR boresight calibration 
process (and recommended improvements to the process) for UAVs using commercially available 
software (TerraMatch).  
Further to the above, the project also aimed to assess the relative and absolute accuracy of the 
LiDAR cloud and clarify the internal noise of the LiDAR model through comparison of the LiDAR 
model to known control points and photogrammetrically derived surface models. The results 
initially demonstrate that the LiDAR system can repeatedly produce a point cloud with a good 
relative accuracy. Rigid body transformation as implemented through the open source program 
Cloud Compare required only small rotation and translation adjustments for strips to ‘fit’ each other 
with reported mean separation distances between nearest points in reference and rotated clouds as 
low as 5.3 cm. Similarly, most measured LiDAR distances varied from there known measured 
distances by less than 10 cm when features were reflective targets. Absolute accuracies were also 
examined using surveyed and scanned control points. Horizontal accuracies measured as RMS 
errors were below 20 cm and vertical accuracies were as low as 7 cm from a flying height of about 
45m. 
Given the above, LiDAR datasets that are produced using this UAV system after applying 
calibration corrections can be expected to have a suitable level of absolute and relative accuracy for 
many purposes, but will contain some level of noise. Presently, LiDAR data collected using this 
system is likely suitable for forestry applications, such as inventory, where data is used to create 
metrics that are statistically related to ground observations, or as a general means of gathering 
topographical information at sites where the ground is obscured by dense vegetation. However, 
LiDAR surveys requiring limited noise within a dataset (for example surveys of infrastructure or for 
stem detection and measurement in forests) were likely to produce disappointing results. 
While the results from this work are promising, there remain some issues and potential 
improvements that necessitate further adaptation and testing. Most obvious among these was the 
issues associated with data loss due to IMU orientation issues. This is evidenced by the significant 
amount of data cleaning and IMU peak removal required to make the initial test site LiDAR data 
usable. Nevertheless, initial observations of IMU data for a new UAV frame (a DJI Matrice 600) 
and fixed mounting the LiDAR unit from data collected at Uxbridge have indicated that peaks are 
no longer present in the roll and pitch IMU observations. 
Following redesign and re-calibration of the UAV LiDAR system, field work was undertaken to 
collect an example LiDAR dataset over plantation forest (Pine) at Uxbridge in southern Tasmania. 
The example LiDAR model produced a dense canopy model and had good ground penetration. The 
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applicability of this data to forest inventory and tree measurement will be investigated in future 
research.  
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Appendix 4 – Glossary of Abbreviations 

 

ABA Area Based Approach 
ALS Airborne Laser Scanning 
AP Aerial Photography 
AR Augmented Reality 
BA Basal Area 
CASA (Australian) Civil Aviation Safety Authority 
CHM Canopy Height Model 
CWD Coarse Woody Debris 
DBH Diameter at Breast Height 
DEM Digital Elevation Model 
dGPS Differential GPS 
DTM Digital Terrain Model 
DSM Digital Surface Model 
EAI Early Age Inventory 
GCP Ground Control Point 
GNSS Global Navigation Satellite System 
GSD Ground Sampling Distance 
ICP Iterative Closest Point (algorithm) 
IMU Inertial Measurement Unit 
ITD Individual Tree Detection 
LAS/LAZ ALS data storage standards 
MDH Mean Dominant Height 
MFP Mid-Format Photography 
MRI Mid Rotation Inventory 
NC Nearest Centroid (sampling) 
SfM Structure from Motion (photogrammetry) 
SfM-MVS Structure from Motion Multi-View Stereo (photogrammetry) 
SPH Stems Per Hectare 
PHI Pre Harvest Inventory 
PID Plot Inventory Data 
PLE Probable Limit of Error 
SLAM Simultaneous Localization And Mapping 
TLS Terrestrial Laser Scanner 
TMLS Terrestrial Mobile Laser Scanning 
TRV Total Recoverable Volume 
TSV Total Standing Volume 
UAV Unmanned Aerial Vehicle 
UAS Unmanned Aerial System 
VR Virtual Reality 
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