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Executive Summary 
 
This report presents the results of a two year study aimed at promoting the use of high spatial 
resolution data by the softwood plantation sector in Australia.  In this study, we focused on 
data captured by two types of sensors, namely airborne laser scanning instruments (also 
referred to as lidar systems) and airborne digital, multispectral cameras.  We have produced a 
series of ‘modules’ that can be incorporated into existing inventory data management 
systems.  The associated document accompanying this Final Report, “Guide to Acquisition 
and Processing of Remote Sensing Data for Softwood Plantations” by R. Turner and C. Stone, 
provides a useful introduction into the operational acquisition of imagery for geo referenced 
inventory. 
 
The analysis, results and examples presented in this Report are based on data collected from a 
5,000 ha study site within Green Hills S.F., in southern NSW.  Field data were collected from 
surveyed plots that represented the range of Age Classes and silvicultural treatments common 
to the Forests NSW Hume Region.   
 
Overall, our approach was based on object based image analysis, which we applied at the plot 
scale and at the tree level for the detection and classification of individual tree crowns.  We 
focused on deriving a small suite of stand and tree scale attributes that are fundamental to all 
softwood inventory systems and which we demonstrate were accurately estimated from the 
imagery acquired in this study, namely net stocked area (NSA), stem density (stocking) and 
stand height.  Stand basal area and volume were also estimated through incorporation of in-
house equations to the estimates extracted from the imagery.   
 
We have written programming routines using the eCognition® software package that 
classifies the silvicultural status of compartments and extracts the NSA values.  In addition, 
the programs correct and upgrade the line work and labelling within existing GIS resource 
layers and require minimal manual editing.  The lidar-derived classification for Net Stocked 
Area produced an overall mapping accuracy of 96%, supported by a Kappa coefficient of 
96%.  A similar overall accuracy was achieved from the digital camera ADS40 imagery 
(98%; Kappa coefficient = 96%).   
 
We also extracted a series of area-based lidar metrics which were modelled against inventory 
attributes obtained from the 63 reference plots (i.e. mean tree height, stem density, basal area 
and stand volume).  For all response variables, regression tree models had the best model fit 
compared to random forest and Bayesian Model Averaging.  The best regression tree models 
were based on the following lidar metrics: the 5th and 95th height percentiles, minimum 
vegetation height, density of non-ground returns and a measure of spatial variation, the 
rumble index.  All these metrics can be easily derived from the lidar data.  These models 
produced the following R2 values: for mean tree height, R2 = 0.94; for number of trees per ha, 
R2 = 0.85; for basal area, R2 = 0.81 and for stand volume, R2 = 0.81.  These models were then 
used to produce prediction maps over a 50 m grid across the 5,000 ha study site.  In general, 
area-based analysis is less sensitive to lidar point density than the second common approach 
which operates at the individual tree crown scale and therefore has the potential to reduce 
costs associated with the purchase of the lidar data.  
 
At the tree scale, we present data processing guidelines aimed at reducing errors associated 
with the detection of tree crown maxima and individual crown segmentation.  Different 
optimised filtering and smoothing parameters have been identified and presented as “look up” 
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tables for different categories of stand age and stem densities.  A comparison of the optimised 
tree scale approach was then made with an independent data set obtained by conventional 
inventory methodology.  The results of regression analysis for predicting a range of height 
attributes ranged from R2 = 0.97 – 0.94 and for stem density, R2 = 0.91 when using lidar 
derived crown maxima and for stand height, R2 = 0.96 – 0.94 and for stem density, R2 = 0.86 
when applying the optimised crown segmentation algorithm.  
 
Finally, we present information that compares the costs associated with the acquisition and 
processing of lidar and camera imagery with conventional inventory methodology.    
 
This study clearly demonstrates that estimates of the size and position of most trees in a Pinus 
radiata plantation can be accurately obtained from airborne lidar and digital camera imagery.  
The incremental integration of lidar/camera generated, spatially explicit attributes into 
existing forest inventory management systems will result in increased use of this technology 
for a range of operational applications, resulting in an iterative improvement in precision and 
efficiencies.     
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Introduction 
 
Numerous, high spatial resolution airborne and satellite sensors are now commercially 
available in Australia and new sensors are continually being developed and purchased.  
Recent research has demonstrated the potential of remotely acquired data for a range of 
plantation applications, both in Australia and overseas (e.g. McCombs et al. 2003; Rombouts 
et al. 2010; FWPA PN02.1906).  In particular, the value of high spatial resolution (< 1.0 m) 
remotely acquired imagery to locate and delineate individual tree crowns has been clearly 
demonstrated, in addition to deriving stand scale structural attributes (e.g. Lee et al. 2010).  
The two main types of airborne sensors used for this purpose are airborne laser scanning 
(ALS) instruments (a type of light detection and ranging (lidar) system) and digital 
multispectral cameras (providing optical image data) which includes frame cameras and push-
broom scanners.  The operational use of airborne laser scanning and digital camera mapping 
for precise resource assessment is now being evaluated by several Australian forestry 
companies (e.g. Forestry SA and Forestry Tasmania).  The transfer of this technology from 
the research domain into the softwood plantation sector presents some key challenges 
including the development of repeatable and affordable data acquisition and processing 
specifications; the identification of robust image metrics correlated to fundamental inventory 
attributes; integration of this spatial data into existing information management systems and 
incorporation of the remotely-sensed derived attributes into local volume models.  
 
In 2009, it was estimated that the national softwood plantation estate in Australia was 
1,020,000 hectares.  These productive plantations are continuously harvested, thinned and re-
planted and the dynamic nature of the estate presents a significant challenge for forest 
planners.  In the demanding operating environment of long term supply contracts, precision 
and perhaps more importantly, confidence in yield prediction are essential for optimal 
strategic and operational planning outcomes.  The procedures presented in this report 
explicitly enable linking strategic inventory to operational resource estimates required for 
valuation, scheduling and harvest contract development.   
 
Systematic assessment of plantations is essential for predicting current and future stand 
volumes and implementing silvicultural regimes aimed at maximizing returns.  Keeping 
database records up to date with these plantation activities is becoming more challenging as 
the commercial forestry sector consolidates its workforce.  This has traditionally been driven 
by plot based inventory and GPS (global positioning system) measurements and supported by 
Aerial Photogrammetric Interpretation (API).  The manual delineation and interpretation of 
air photos for essential compartment attributes such as net stocked area, however, is a time 
consuming and hence expensive process.  Mapping accuracies depend on the skills and 
experience of the image interpreters.  This declining skill base is a problem facing forestry 
agencies internationally (Wulder et al. 2008b).  As a consequence, cost effective, semi-
automated stand classification mapping techniques to supplement traditional methods need to 
be developed (e.g. Hay et al. 2005, Wulder et al. 2008b).  Castilla et al. (2008) argue that 
fully auto-mated image interpretation is very difficult to achieve, especially for complex 
imaged landscapes.  As such, the goal should not be to totally replace human interpretation, 
but to develop software programs that support them in generating more timely, consistent and 
accurate GIS products.  One aim of our project was to produce software programs that 
corrected and upgraded the line work and labelling of existing GIS resource layers with 
minimal manual editing. 
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All forestry companies have specific inventory sampling designs usually based on age class 
stratification.  Field-based inventory methods are well developed and accurate if enough plots 
are measured and they cover the full range of variation in the stand.  A target sampling error 
of approximately 10% for basal area and volume estimates per planning unit is usually 
nominated; however, plot intensity is often prescriptive, irrespective of stand uniformity.  In 
addition, companies are seeking to reduce costs associated with inventory plot assessments.  
While we demonstrate in this study that remotely sensed data can accurately provide 
estimates of key inventory attributes such as stand height and stocking, there are significant 
limitations in attaining stem product information from airborne sensors.  There will always be 
a requirement for some ground assessment within a remote sensing approach.  More efficient 
plot sampling designs, however, will arise from utilising the digital maps accurately capturing 
stand variation (Hernández & Emery 2009; McRoberts et al. 2010).   
 
The overall objective of this FWPA project is to promote the operational adoption of airborne 
lidar and digital camera imagery within Pinus radiata resource inventory systems.  In this 
report we present information that will assist companies with the uptake of this technology 
and approach.  In addition, we have written a manual “Guide to Acquisition and Processing of 
Remote Sensing Data for Softwood Plantations” that provides advice, instructions and 
specifications related to the acquisition of lidar and digital camera imagery.  We have focused 
on the derivation and error assessment of three fundamental plantation inventory attributes, 
namely, net stocked area (NSA), tree and stand height and stocking.  Several software 
packages were used to extract this information.  We present a generalised data flow process as 
individual companies are placed to determine how some or all these processes might be 
integrated into their own planning systems.  We provide recommendations on how to 
minimise errors in the image segmentation and classification processes, principally through 
‘look up’ tables for different silvicultural regimes and age classes.  We also evaluated the 
adequacy of several statistical methodologies for analysing lidar data and identify which lidar 
metrics are strong predictors for the key inventory attributes.  Finally we compare costs of 
traditional inventory methodology with image acquisition and processing costs.  Below is a 
discussion, introducing some of the concepts and background information relevant to this 
project. 
 
Object based image analysis  
 
The approach used to analyse the high spatial resolution imagery can broadly be described as 
object based image analysis (OBIA), in part because of the hierarchical, multi-scale spatial 
relationships existing within plantations i.e. trees, stands, compartments.  OBIA has gained 
prominence within the remote sensing research community because of the following trends: 
the availability of high spatial resolution imagery and, the availability of specialised OBIA 
software and powerful Personal Computers able to process the computationally intensive 
OBIA methods.  The image objects, rather than the underlying pixels, become the carriers of 
image information and form the basic units of subsequent analysis.  Traditional pixel-based 
classification of high spatial resolution imagery can result in ‘salt-and-pepper’ noise.  
Segmented objects are composed of multi-pixel groups, enabling the calculation and 
extraction of aggregative statistics, such as mean and standard deviation.  In addition, 
information based on object size, shape and context, can be calculated, as can information 
pertaining to an object’s sub- or super-objects (e.g. tree, stand and compartment scales).  
These spatial data are then used for modelling against ground validation data and for image 
classification (mapping).  A recent trend is for OBIA methods to become part of dedicated 
workflows and converge with mainstream GIS applications (Blaschke 2010).   
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Numerous recent studies have successfully demonstrated the application of object-based 
image analysis (OBIA) to classify forested landscapes (e.g. Tiede et al. 2006, Pascual et al. 
2008, Kim et al. 2009; Johansen et al. 2010, Ke et al. 2010).  In our report we present the 
application of eCognition® software (Trimble Navigation Ltd., Rauheim, Germany) to 
classify a selection of feature class items that are managed in the Forests NSW forest resource 
geo-database.  Smith & Morton (2010) claim that to exploit the benefits of geospatial object-
based image analysis, the object structures must align themselves as closely as possible to 
what is already in use and what fits with the users, in our case, Forests NSW.  Failure to do so 
will prevent adoption of the proposed software tools.  
 
Application of lidar data for forest inventory  
 
Several countries (e.g. the Nordic countries) are now incorporating airborne lidar data into 
their forest management inventories (e.g. Hyyppä et al. 2008; Breidenbach et al. 2010).  
Numerous studies have shown lidar to outperform ground-based stand-level inventory in 
terms of accuracy for a range of inventory parameters (e.g. Næsset 2002, 2004, 2009; Næsset 
& Ǿkland 2002; Maltamo et al. 2006; Rooker Jensen et al. 2006).   These authors reported 
that lidar-based management inventories can produce estimates of stand attributes such as 
mean dominant height, stem number, stand basal area and stand volume that can be more 
accurate than estimates obtained from conventional management inventories based on field 
work and aerial photography.  Arguably most attention has been directed to obtaining a 
measure of stand height, with the other attributes modelled either directly from lidar metrics 
(e.g. Chen et al. 2007) or indirectly, by applying known, local plot-level allometric 
relationships.   
 
Airborne laser scanning (ALS) is an active remote-sensing technique that provides three-
dimensional (3D) high-precision measurements of targets in the form of a point cloud (x,y,z 
intensity of the backscattered power), based on laser-ranging (lidar) measurements supported 
by the position and orientation information derived with use of a differential dGPS device and 
an inertial measurement unit (IMU) (Yu et al. 2010).  Discrete return lidar systems, with a 
small footprint size of 0.1 m to 2.0 m, typically record 1 to 4 returns per laser footprint (= 
point or pulse density) and are optimised for the derivation of sub-meter accuracy terrain 
surface models.  The high resolution and density of discrete lidar sensors make their data 
suitable for penetrating vegetation canopies to measure ground elevations and for object 
detection such as individual trees.  Lidar providers usually separate the cloud of lidar points 
into ground and non-ground (i.e. canopy) hits.  The ground hits are typically gridded to 
produce a bare-earth Digital Terrain Model (DTM).  A Digital Surface Model (DSM) of a 
forest canopy (also called a Vegetation Elevation Model – VEM) is often generated by 
assigning the highest (usually first-return) elevation value of the laser pulses for each cell.  A 
digital Canopy Height Model (CHM) which describes the canopy height above the ground 
level, is calculated by subtracting the DTM from the DSM.  Dense canopies will, however, 
reduce the density of ground returns and this has implications for the accurate estimation of 
canopy height and other vegetation metrics.   
 
The approaches for extracting forest attributes from small-footprint, discrete return lidar (and 
digital camera imagery) can generally be separated into individual tree-based (sometimes 
referred to as the individual tree crown approach (ITC), (e.g. Gougeon & Leckie 2006) and 
plot-based assessment (sometimes referred to as the area based approach (ABA), regression-
based or distribution-based) (Næsset 2002; Yu et al. 2010).  In our study we undertook both 
approaches.  In general, area-based analysis is less sensitive to lidar point density than the 
individual tree crown approach and therefore has the potential to reduce costs associated with 
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the purchase of the lidar data (Tesfamichael et al. 2010; Yu et al. 2010).  However, a notable 
drawback of the area-based approach is the requirement for robust models to serve as 
prediction tools (Hyyppä et al. 2008; Tesfamichael et al. 2010).  
 
The area-based approach uses manually or automated selected areas as sampling templates to 
extracted lidar data directly from the original point cloud data (vector points) or from derived 
Canopy Height Models (rasters/pixels).  The lidar data are then aggregated at this level by 
describing them according to height and canopy density distributional metrics including 
height percentile points at 10% intervals of height values, coefficient of variation, kurtosis 
and skewness and canopy cover percentiles (Næsset 2002).  These metrics are then modelled 
as independent variables to empirically estimate stand-level attributes using a range of 
regression and machine-learning non-parametric techniques (e.g. Li et al. 2008).  Overseas 
studies have reported strong regression relationships between lidar metric predictors and field 
measured stand parameters including basal area, stem volume and biomass.  Basal area and 
stem volume have been estimated directly using a lidar metric called canopy geometric 
volume (Chen et al. 2007).  This lidar metric requires an accurate estimate of tree crown area 
as well as stand height.  Estimates of crown areas, however, can be difficult to achieve, 
especially in dense unthinned stands.  The most precise of set metrics have proven to be the 
height related parameters, for example, quadratic mean height.  The quadratic mean height, 
calculated as the square root of the arithmetic mean of the individual squared lidar heights, 
gives greater weight to the higher measurements and has been commonly used.  In general, it 
is agreed lidar height quantiles are more closely related to the height distribution than the 
diameter distribution of trees.  While regression modelling techniques are frequently used to 
describe relationships between forest attributes and lidar metrics, non-parametric methods 
such nearest neighbour (NN) have also been used to produce good results (e.g. Maltamo et al. 
2009).  This approach for forest stand classification is not restricted to using just lidar metrics, 
information extracted from spectral, topographic and terrain coverages can also be 
incorporated into these models, as long as the coverages are of compatible scale and geo-
registered (e.g. Ke et al. 2010). 
 
With the individual tree crown approach, the lidar height image is segmented down to 
individual tree crowns (ITC ‘objects’) that become the carriers of image information and form 
the basic units of subsequent analysis.  Crown delineation can be achieved either from the 
original lidar point clouds (i.e. LAS file data) (Reitberger et al. 2009) or a derived CHM 
raster (e.g. Leckie et al. 2003a).  Computer-based crown delineation algorithms can be 
categorised as those that either detect crown centroids and boundaries following valleys (also 
referred as contouring) (Gougeon 1995; Culvenor 2002), or matching templates (Turner 
2006).   They can be applied when the ground resolution cell of the sensor is smaller than the 
size of the tree crown objects in the scene.  In addition, it is assumed that the centre of the 
crown has to be higher or radiometrically brighter than the edge of the crown (Culvenor 
2002).   
 
Some algorithms identify local maxima within crowns (treetops) and progress to the 
segmentation of tree crowns.  The detection of crown maxima and crown delineation locate 
individual tree crowns and hence can be used for tree counts.  Tree tops are detected and 
counted by finding the local maxima in either the raw lidar data or local maxima within fixed 
or variable window sizes in the CHM.  The automated detection of local maxima is 
computationally simpler, and hence faster than the more complex algorithms required for 
segmentation of tree crowns.  Several crown delineation methods are now available as 
software packages, for example, the CSIRO TIMBRS tree counting software.  These 
approaches have been demonstrated to be reliable, provided that the filter size and image 
smoothing parameters are appropriate for a particular tree size and image resolution (Wulder 
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et al. 2000; Popescu & Wynne 2004).  Different filter sizes are required for different 
structured stands for optimal detection accuracy (Wulder et al. 2000; Lee et al. 2010).  In our 
study, we have given this particular point significant attention.   
 
There are limitations in the capacity of airborne sensors to detect suppressed trees not visible 
from above (Leckie et al. 2003b).  This can result in underestimation of stand volume and 
stem density.  Maltamo et al. (2004) addressed this problem by combining a theoretical height 
distribution function with a diameter distribution estimate obtained from lidar imagery.  The 
image segmentation method found dominant and co-dominant trees whereas suppressed trees 
were predicted from a Weibull distribution.   
 
The area-based and tree-level approaches are not exclusive, and several studies have 
demonstrated the benefits of combining lidar metrics extracted by both approaches to improve 
inventory prediction models (e.g. Lindberg et al. 2010).  Studies attempting to classify tree 
species using solely lidar data, however, have reported varying degrees of success (e.g. 
Holmgren & Persson 2003).  The intensity values (backscatter signal strength) from lidar 
returns are usually utilised but require radiometric calibration to account in variations in laser 
path length, topography and stand structure (e.g. Donoghue et al. 2007). 
 
Advantages and disadvantages of multispectral camera imagery for forest inventory 
 
While Leckie et al. (2003a) emphasized the capacity of lidar to retrieve structural parameters 
better than multispectral imagery, they also pointed out its inability to derive species and 
canopy health attributes.  For these attributes, data acquired by passive optical sensors are 
required.  The capacity of optical data to identify tree species and classify canopy health and 
condition is dependent on the spatial and spectral resolution of the data, for example, broad-
band, multi-spectral imagery versus narrow-band, hyperspectral data, with the higher spectral 
resolution imagery having increased capacity to categorise biophysical attributes such as 
vegetation species composition and condition.  In addition, numerous studies have 
successfully applied stand and tree crown segmentation algorithms to high spatial resolution 
multi-spectral imagery (e.g. Culvenor 2002; Pouliot et al. 2002; Leckie et al. 2005) which in 
turn, been used for estimating stand areas and stocking.   
 
High spatial resolution, multi-spectral spectral imagery has also successfully been used to 
locate and count red conifer crowns recently killed by a range of abiotic and biotic mortality 
processes (e.g. White et al. 2005; Coops et al. 2006a).  Guo et al. (2007) demonstrated that 
tree scale object-based approach significantly outperformed the more traditional pixel-based 
classifiers in mapping tree mortality on high spatial resolution, multispectral, airborne 
imagery.  This approach is particularly useful for defoliated stands where the understorey can 
dominate the reflectance signal or where a ‘carpet’ of necrotic or chlorotic abscised leaves or 
needles on the forest floor can influence the overall spectral signal (Stone et al. 2008).  
However, in general, higher spectral resolution than that typically provided by airborne 
multispectral sensors (e.g. images having only 4 bands; Red, Green, Blue and NIR) is 
required for the accurate detection of light to moderate crown damage symptoms (Ismail et al. 
2007). 
 
At present, digital camera imagery tends to be cheaper to acquire than lidar data but its 
limitations with respect to plantation inventory need to be acknowledged.  It is possible to 
estimate stand height using digital photogrammetric techniques but in the past, this approach 
has been unreliable (Chubey et al. 2006).  It is reliant on image matching which is prone to 
error where abrupt vertical changes are common, for example, compartment boundaries and 



 

6 
 

within thinned stands (Næsset 2002).  For the near-future, a digital photogrammetric approach 
may be achievable where lidar-derived DTMs already exist.  A key challenge is to develop a 
robust methodology for producing a Vegetation Elevation Model from digital camera 
imagery.  This is an increased possibility with improved image-matching algorithms now 
becoming commercially available, for example, the Leica Imagine 2010 eATE software.   
 
Reduced accuracies in canopy species classification can occur in scenes with significant 
understorey vegetation as it may have a similar spectral response to the tree canopy (Pouliot 
et al. 2002).  In addition to applying an object based image approach, classification methods 
are becoming more sophisticated and the incorporation of image characteristics such as 
texture assists in removing vegetation of non interest (masking) from the analysis.  
Unfortunately the optimal conditions for optical data acquisition are more stringent than for 
lidar missions because the quality of the optical multispectral imagery is strongly influenced 
by the prevalent conditions at the time of capture, for example, the presence of clouds and sun 
angle.  The presence of shadow can significantly influence image classification accuracy and 
hence camera imagery requires acquisition having small sensor and sun zenith angles in order 
to reduce the impact of shadow.  This is one of the reasons why we examined our lidar and 
multispectral datasets separately.  
 
Nevertheless, it is now recognised that simultaneous capture and fusion of lidar and spectral 
data can increase the diversity of stand attributes extracted from the imagery.  Popescu et al. 
(2004) were able to accurately discriminate between deciduous and pine trees by fusing 
optical data with lidar height information.  Arroyo et al. (2010) demonstrated that vegetation 
condition mapping can be significantly improved by combining lidar and high spatial 
resolution satellite imagery and that the OBIA was suitable for this type of data integration 
while Ke et al. (2010) showed that forest species classification accuracy results improved 
with the integration of low-posting-density lidar data and QuickBird multispectral satellite 
imagery.  One of the prime requirements for successful data fusion is accurate geo-
registration of the two data sets (or match referencing).  This is critical for crown scale 
segmentation.  Most remote sensing software packages now have image co-registration 
functions.  For example, the software ENVI (Environment for Visualising Images) has an 
“automatic registration image to image” function which semi-automatically co-registers two 
images.  The optimal solution is the simultaneous acquisition of both data types.   
 
Errors and accuracy assessment 
 
There are numerous sources of potential errors associated with the application of airborne 
lidar and digital camera mapping of forested landscapes and complete error budgets are 
difficult to collate (e.g. Andersen 2006).  Over open areas with flat hard surfaces, lidar 
systems often achieve vertical accuracies of 15 cm.  However, over rough surfaces obscured 
by dense canopy and understorey vegetation, accuracy is compromised by uncertainty about 
the reflection point, i.e. whether it is from vegetation or from the ground surface (Reutebuch 
et al. 2003).  This directly influences the accuracy of the DTM and vegetation DSM (Gaveau 
& Hill 2003).   
 
Another source of error arises from the sensor; its specifications and the associated navigation 
system.  Laser wavelength, pulse duration, and pulse energy have implications for the 
sensor’s ability to capture the vertical canopy structure (e.g. Wulder et al. 2008a).  Laser 
footprint size and pulse frequency will determine the horizontal and vertical resolution that is 
observable from lidar.  Scan angle and flying height of the lidar sensor need to be selected 
with regard to data acquisition costs and the measurement detail and accuracy required.  
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For lidar data, the horizontal (x and y) error is usually greater than the vertical error (z).  
Nevertheless, it is generally recognised that lidar-based DTMs and DSMs are very accurate.  
The error associated with lidar measurements of tree height are typically between 0.5 and 
1.0m (Wulder et al. 2010).  In fact, lidar is now considered more accurate for height 
measurement than common field-based measurements (Næsset & Ǿkland 2002; Wulder et al. 
2010).  While the underestimation (e.g. small bias) of lidar tree height estimates are common 
they can be easily corrected for using a simple calibration model (e.g. Maltamo et al. 2009).  
Errors are also introduced through the field-based tree and plot measurements, in particular 
with the horizontal (x and y) positioning, height measurements and with any applied 
allometric relationships.  The accurate geographical co-registration of lidar data and the 
reference field plots is essential for accurate predictions and plot locations are usually 
achieved with a differential GPS and/or total station survey. 
 
Classification accuracy assessment 
 
Traditionally thematic mapping from remotely sensed data has focused on pixel–based 
classification.  The most widely used method of accuracy assessment of a classified 
categorical map is derived from an error matrix (also referred to as a confusion matrix or 
contingency table) where the classified pixels are compared to ground reference test 
information.  This approach can also be applied to maps derived from either object-based 
lidar or spectral-based classifications.  In terms of classification accuracy assessment there are 
two types of errors: errors of inclusion (commission errors) and errors of exclusion (omission 
errors).  The omission errors are related to a statistic called the producer’s accuracy while 
commission errors are used to calculate the user’s accuracy.  The later measure is the 
probability that a pixel or object classified on the map actually represents that category on the 
ground i.e. the reliability of the map.  Another common technique used in the error accuracy 
assessment is the kappa analysis.  Kappa analysis yields a statistic called the kappa coefficient 
of agreement and is another measure of agreement between the remote sensing-derived 
classification map and the reference data.  (Jensen 2005).   
 
The validation of crown segmentation, however, is not as straight forward, due in part to the 
challenges of co-locating the two sets of objects; the ground-truthed tree crowns and crowns 
delineated in the test imagery (Popescu et al. 2003).   
The assessment errors of any tree crown segmentation algorithm can be attributed to: 

i) missing (small, suppressed) trees 
ii) segmentation of objects that are not actually trees 
iii) over-segmentation of tree crowns (one crown split into several segments) 
iv) clustering of several crowns in one segment 

 
Hopefully, perfect “one-to-one” matches will account for the majority of the observations. 
However, apart from complete misses (omission errors, underestimation of counts) or 
‘perfect’ commission errors (overestimation of tree crown counts) there can exist a range of 
partial matches.  These partial aggregations and splits are difficult to deal with in any 
accuracy assessment analysis of tree crown segmentation.  Leckie et al. (2003a) treated it as a 
“perfect” match when there is a one-to-one correspondence between ground reference 
polygons and delineated segments and their overlaps are greater than 50 percent.  This 
threshold might be suitable for small crowns with few pixels but the threshold could decrease 
when segmenting larger crowns.  Ke et al. (2010) chose objects intersecting reference objects 
by over 10 percent of the object area were considered as segmented objects of interest.   
 
These errors produced through the application of tree crown segmentation algorithms can be 
reduced by applying variable window local maximum filtering methods (e.g. Wulder et al. 
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2000; Pouliot et al. 2002).  Lee et al. (2010) state that finding an appropriate size of filter (or 
search radius when point data is used) to detect treetops is not a trivial problem because 
different filter sizes need to be applied to different stand structures for optimal detection 
accuracy.  For example, large windows result in missed trees (omission error) because the 
window contains multiple tree apexes.  With small window sizes, too many apexes are 
identified (commission error) because the small window does not always contain a true tree 
apex.  Tree crown detection accuracies can also be increased by applying a smoothing factor, 
for example through Gaussian filtering (e.g. Pouliot & King 2005).  Gaussian filtering is a 
typical procedure for suppressing spurious local maxima in treetop detection.  Increasing the 
smoothing factor (σ) tends to decrease commission error and increase omission error, with 
small crowns lost if the image is smoothed too strongly.  The Gaussian filter window size also 
influences the accuracies of treetop detection (Chen et al. 2006).  For a particular forested 
scene the omission and commission errors across a range of window sizes reach an optimal 
balance.  This can be used to identify optimal window filter and smoothing factors for 
particular stand characteristics such as Age Class or mean height (e.g. Koch et al. 2006).  
Other approaches to optimising window sizes include identifying thresholds from the semi-
variance range or local breaks in slope (e.g. Chen et al. 2006).   
 
Forzieri et al. (2009) claim that that the linkage between filtering parameters and 
segmentation performance tend to be poorly explored.  In this study, however, we spent 
significant time defining filtering and segmentation parameters applied to the lidar CHM 
raster (e.g. window size, smoothing parameters and segment infill algorithms) for optimal 
detection of treetop local maxima and crown segmentation across the range of tree densities 
and crown sizes present within the project study site.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

9 
 

Methodology 
 
Study site 
 
The 5,000 ha study area is located within Green Hills State Forest (SF) (-35.5o S, 148.0oE), 
near Batlow within the Hume Region of Forests NSW (Figures 1 & 2).  Green Hills S.F. is a 
large, commercially active P. radiata plantation with 835 compartments and a net planted 
area of 20,400 ha.  It is sited on mostly undulating topography, with a mean elevation of 750 
m and annual rainfall of approximately 1200 mm.   
 

Hume 
Region

Figure 1.  Location of Green Hills S.F., near 
Batlow within Forests NSW Hume Region. 

Figure 2.  The 5,000 ha study area overlain 
on SPOT imagery of Green Hills S.F. 

 
 
Field data and sampling design 
 
Pinus radiata plantations typically have a hierarchy of spatial features defined by the 
presence of P. radiata planted in management units (compartments), the age of the stand and 
its thinning history.  Within Forests NSW, compartments are planted to approximately 1000 
stems per hectare (ha), thinned between the ages 13 to 17 years old down to 450-500 stems 
per ha and then thinned again after 23 years down to 200 to 250 stems per ha.  Most 
compartments are harvested before 35 years of age.  The full range of age classes and 
silvicultural treatments are represented in the 5,000 ha study area.  
 
The sampling design consisted of three strata, i.e. age class (10 – 20 years; 21 – 30 years; > 30 
years), slope (0 < 10 degrees; 10 – 20 degrees; .> 20 degrees), and three silvicultural 
(unthinned; first thinning; second thinning) treatments (Table 1).  Not all potential classes 
were available, for example, unthinned stands over 30 years old.  Sixteen strata classes were 
selected, each with four randomly located circular plots with approximately 15 trees per plot 
and with radii ranging from 7 m – 20 m.  The final number of reference ground plots was 63 
(Figure 3).  
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Table 1. The strata classes used in the plot sampling design. 
Class no.  Slope Age Class Thinning
1 0 < 10 > = 10 to < 20 UT 
2 0 < 10 > = 10 to < 20 T1 
3 0 < 10 > = 20 to < 30  UT 
4 0 < 10 > = 20 to < 30 T1 
5 0 < 10 > = 20 to < 30 T2 
6 0 < 10  > = 30 T2 
7 > = 10 to < 20 > = 10 to < 20 UT 
8 > = 10 to < 20 > = 10 to < 20 T1 
9 > = 10 to < 20 > = 20 to < 30 UT 
10 > = 10 to < 20 > = 20 to < 30 T1 
11 > = 10 to < 20 > = 20 to < 30 T2 
12 > = 10 to < 20 > 30 T2 
13  > = 20 > = 10 to < 20 UT 
14  > = 20 > = 20 to < 30 T1 
15  > = 20 > = 20 to < 30 T2 
16  > = 20  > 20 UT 

UT = unthinned stands, T1 = first thinning, T2 = second thinning 
 

 
Figure 3.  Location of the 63 reference plots established in northern Green Hills S.F. 
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Table 2. Summary of ground-based plot data. 
 

Plot Area Age Thinning 
No. of 
Trees 

Stocking 
(trees/ha) 

Mean 
DBH 

Mean 
tree 
height 

Max tree 
height 

Mean 
Volume 

Basal 
Area/ha Volume/ha 

1.1 0.0133 14 UT 12 902 17.18 15.81 20.25 0.1728 24.39 155.9 
1.2 0.0154 13 UT 16 1039 17.95 16.83 19.6 0.1861 29.4 193.4 
1.3 0.0113 12 UT 13 1150 18.21 15.36 17.7 0.1646 31.75 189.3 
1.4 0.0201 10 UT 20 995 15.39 12.16 14.45 0.107 20.95 106.5 
2.1 0.0227 16 T1 19 837 19.02 17.33 20.4 0.2015 25.66 168.7 
2.2 0.0201 17 T1 14 697 22.05 22.03 25.35 0.3282 28.42 228.6 
2.3 0.0314 16 T1 12 382 23.74 22.32 26.05 0.3879 18.04 148.2 
2.4 0.0254 16 T1 15 591 21.05 18.93 22.45 0.2679 22.1 158.2 
3.1 0.0177 26 UT 14 791 26.54 31.51 36.7 0.9612 52.52 760.3 
3.2 0.0177 26 UT 14 791 25.46 28.4 35.35 0.5723 43.81 452.7 
3.3 0.0201 28 UT 18 896 26.34 27.61 35.3 0.6329 54.55 566.8 
3.4 0.0177 28 UT 14 791 28.8 27.73 31.4 0.6873 54.93 543.6 
4.1 0.0201 24 T1 14 697 28.61 26.88 30.55 0.6395 47.18 445.4 
4.2 0.038 24 T1 11 289 39.22 32.53 36.45 1.3954 36.37 403.9 
4.3 0.0707 24 T1 20 283 32.75 27.73 32 0.8662 25.13 245.1 
4.4 0.0491 24 T1 17 346 31.68 27.5 30.05 0.7649 28.05 264.9 
5.1 0.0962 28 T2 17 177 40.24 29.14 32.6 1.3033 23.08 230.3 
5.2 0.1075 28 T2 13 121 46.2 30.76 32.85 1.7715 20.63 214.2 
5.3 0.0616 29 T2 14 227 38.23 30.6 32.6 1.2335 26.83 280.4 
5.4 0.0314 22 T2 15 478 33.37 24.18 26.6 0.7624 43.12 364.2 
6.1 0.0491 30 T2 13 265 42.17 33.64 35.3 1.5744 37.32 416.9 
6.2 0.0491 30 T2 15 305 40.26 31.18 34.85 1.373 39.65 419.5 
6.3 0.0491 30 T2 15 305 41.44 30.26 34.05 1.4752 42.84 450.7 
6.4 0.0962 30 T2 18 187 43.71 31.46 37.75 1.7213 29.45 322.1 
7.1 0.0154 11 UT 16 1039 19.71 17.8 20.1 0.2087 32.66 216.8 
7.2 0.0154 13 UT 13 844 17.32 13.06 15.55 0.1401 22.1 118.3 
7.3 0.0154 13 UT 22 1429 15.82 14.9 16.8 0.1242 30.55 177.5 
7.4 0.0177 13 UT 21 1186 19.08 18.42 21.95 0.2129 36.64 252.6 
8.1 0.0284 17 T1 16 563 22.06 20.23 23.3 0.3147 23.29 177.3 
8.2 0.0201 16 T1 16 796 20.69 21.28 24.25 0.2771 28.33 220.5 
8.4 0.0314 16 T1 20 637 23.06 19.09 22.1 0.3063 27.61 195.1 
8.5 0.0154 17 T1 17 1104 20.74 22.97 28.15 0.3048 39.84 336.5 
9.2 0.0154 23 UT 14 909 26.49 26.28 30.2 0.5216 51.75 474.2 
9.3 0.0154 23 UT 15 974 26.16 24.03 26.2 0.4704 53.88 458.2 
9.4 0.0154 23 UT 20 1299 20.12 20.17 23.6 0.2480 43.22 322 
9.5 0.0201 25 UT 16 796 29.54 21.95 25.7 0.6005 58.99 478 

10.1 0.0616 24 T1 14 227 38.64 28.31 33.05 1.2086 27.63 274.7 
10.2 0.038 24 T1 15 395 31.79 24.03 31.45 0.7769 33.33 306.7 
10.3 0.0452 25 T1 13 288 32.67 26.68 30.2 0.8368 25.45 240.7 
10.4 0.0804 24 T1 17 211 41.93 25.05 27.05 1.2185 29.63 257.7 
11.1 0.0573 29 T2 15 262 37.21 30.09 31.8 1.1423 29.21 299 
11.2 0.0452 29 T2 14 310 33.94 26.29 29.65 0.8808 29.17 272.8 
11.3 0.0531 22 T2 14 264 29.25 18.9 21.35 0.4919 18.51 129.7 
11.4 0.0962 26 T2 14 146 45.94 27.56 30.45 1.6104 24.61 234.4 
12.1 0.0491 30 T2 13 265 41.11 31.35 34.25 1.4138 35.57 374.3 
12.2 0.0491 30 T2 15 305 41.74 31.8 35.15 1.4649 42.06 447.5 
12.3 0.0491 30 T2 13 265 43.86 30 31.7 1.5409 40.25 408 
12.4 0.0707 30 T2 21 297 42.93 31.78 33.7 1.5586 43.62 463 
13.1 0.0177 14 UT 9 508 24.5 20.78 23 0.4033 26.77 205.1 
13.2 0.0154 13 UT 13 844 19.8 14.51 15.7 0.1741 26.54 147 
13.3 0.0154 13 UT 18 1169 18.26 18.06 20.95 0.1936 32.34 226.3 
13.4 0.0177 13 UT 25 1412 16.94 16.94 19.9 0.1642 35.51 231.9 
14.1 0.0201 21 T1 13 647 28.69 18.1 21.35 0.4811 44.88 311.1 
14.2 0.0284 21 T1 17 599 27.84 19.83 24.25 0.4722 38.16 282.7 
14.3 0.0133 21 T1 13 977 24.42 23.09 27 0.4024 47.47 393.4 
14.4 0.0133 21 T1 14 1053 27.44 18.73 21.15 0.4328 65.37 455.6 
15.1 0.1134 25 T2 17 150 42.09 25.86 29.35 1.3449 21.82 201.6 
15.2 0.1195 25 T2 17 142 42.11 27.04 29.35 1.3196 20.25 187.7 
15.3 0.1195 25 T2 15 126 46.39 28.84 31 1.6942 21.57 212.7 
15.9 0.1134 25 T2 16 141 46.27 28.1 30.2 1.6188 23.89 228.4 
16.6 0.0154 26 UT 13 844 29.64 24.3 28.85 0.6461 61.68 545.4 
16.7 0.0314 21 UT 15 478 27.55 19.15 22.6 0.4386 29.59 209.5 
16.8 0.0254 21 UT 13 512 33.49 23.14 26.45 0.7379 46.04 377.7 

UT = unthinned stand, T1 = first thinning, T2 = second thinning, DBH = diameter at breast height 
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The 63 plots were established and measured during the first two weeks of September 2008.  
For each plot, visual estimates of ground cover and composition of the understorey were 
made and scored to the nearest 10% category.  Every plot, each tree was labelled and stem 
diameter (DBHOB) and tree height measured.  Tree height was measured twice using a 
Vertex laser hypsometer by two different operators in order to examine variation due to 
assessors.  A summary of the ground based tree measurements is presented in Table 2.  Stand 
volume and basal area were calculated using in-house algorithms (Dr. H. Bi, forest modeller, 
NSW Industry & Investment, pers. comm.).  
 
While the trees were being measured, the plots were also surveyed.  The centre of each plot 
and location of each tree was very accurately surveyed using a laser theodolite (Leica 2 
second T1100 total station) and a Differential Global Positioning System (dGPS) (Figure 4).  
Two reference pegs were placed on nearby roads or tracks with reasonable sky access for 
satellite coverage.  These reference pegs were spatially defined to less than 50 mm.  The 
surveyor then traversed to the plot centre and measured the easting, northing and ground 
elevation of all trees within each plot.  A subsample of trees was randomly selected and their 
heights measured using the vertical reflective observation function of the total station with an 
assumed accuracy of + 10 cm.  These heights were compared to the tree height measurements 
obtained with the Vertex laser hypsometer.   
 
 
 
 

 
 

 
Figure 4.  A total station used to survey tree plots and a plot survey map.  
 
Lidar imagery acquisition and processing 
 
Small-footprint discrete return lidar data was acquired using a Lite Mapper LMS-Q5600 ALS 
system (Riegl, Austria) mounted in a fixed-wing aircraft and supplied through Digital 
Mapping Australia Pty Ltd (Perth, Australia).  The lidar mission was flown in July 2008 over 
the 5,000 ha study area to coincide with winter.  The winter season was selected because it is 
the leaf-off period for deciduous blackberries which are the key understorey weed species in 
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the region.  In some areas, blackberry infestations can be extremely dense making the task of 
mapping the terrain surface with lidar more difficult.   
 
The near infra-red (NIR) lidar system was configured for a pulse rate of 88,000 pulses per 
second, mean footprint size of 60 cm, maximum scan angle of 15o (off vertical), mean swath 
width 500 m and a mean point density of 2 pulses/m2 (based on the non-overlap portion of the 
swath).  The lidar data was received in LAS file format with the first and last return for each 
laser pulse recorded but not tagged.  The return signal intensity (echo strength) values were 
also recorded.   
 
The laser scanning (lidar) points were processed, geo-referenced and classified by the service 
provider into ground and non-ground categories using TerraScan software (TerraSolid, 
Finland) integrated within a MicroStation CAD environment (Bentley Systems, USA).  
Processed lidar point data was supplied on an external drive with each file representing a 1 
km x 1 km area (tile).  Coordinates were expressed in Map Grid Australia (MGA) zone 55 
projection and Geodatic Datum of Australia 1994 (GDA94) datum. 
 
A Digital Terrain Model (DTM) at both 1.0 m and 0.5 m pixel resolution was constructed 
from ground point data using a standard linear triangulation surface modelling technique in 
Environment for Visualizing Images (ENVI) software (Research Systems Incorporated, 
USA).  The DTM represents (in theory) the bare terrain elevation above sea level.  A 
triangulation approach was also used to generate a Vegetation Elevation Model (VEM) from 
all laser points (also referred to as a Digital Surface Model and represents the elevation above 
sea level of the forest upper surface).  The DTM was then subtracted from the VEM to derive 
a Canopy Height Model (CHM) showing the distribution of canopy height across the study 
area.  The CHM was then used for the segmentation of stands and individual tree crowns.   
 
Digital camera imagery acquisition and processing 
 
After a successful tendering process, digital camera imagery was acquired over the study area 
on 8th September 2008 by Aerial Acquisitions Pty. Ltd., Sydney, using a Hasselblad H3D 
camera with a 50 mm lens and flown with 80% forward overlap and 30% run to run overlap, 
and with a pixel size of 30 cm.  This high overlap enhances the stereo capacity of the digital 
camera imagery.  The reflectance data was captured in two modes: normal colour mode (Red, 
Green and Blue) and colour infrared mode (Near-infrared, Red and Green).  The 
photogrammetry was undertaken using the ERDAS Leica Photogrammetry Suite 9.3 (LPS) 
software package.  For the rectification process, automatic tie points were made within each 
run and the runs then tied together by manual observation using lidar derived ground control 
points.  The suppliers estimated a final Root Mean Square Error (RMSE) of less than 0.8 
pixels and the RMSE of control points of approximately 0.5 m in the x, y and z.   
 
The orthophoto was produced using a lidar-derived, smoothed VEM.  Unfortunately there was 
some blurring in the image.  This issue is exaggerated where pixels far removed from the 
photo centre are combined with large variations in canopy elevation (i.e. large viewing angle 
effect). For example, where mature plantation is adjacent to a recently planted area or forest 
located toward the edge of a frame.  A smoothing routine was developed to reduce these 
effects and the resulting orthophoto gave a very good alignment between the lidar derived 
VEM and image depiction of tree crowns indicating accurate image co-registration.  
Unfortunately image smearing was still an issue along the run to run joins where canopy 
elevation was highly variable.  A second sortie by Aerial Acquisitions Pty. Ltd. captured 
imagery on 29 January 2009 using a 50 mm lens with 80% forward overlap and 60% run to 
run overlap (side lap).  Processing of this imagery followed the procedure outlined above.   
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The acquisition and processing of digital camera imagery over the study area was repeated in 
September 2009.  For this mission, the digital multispectral aerial photography was supplied 
by Fugro Spatial Solutions Pty. Ltd., acquired using an airborne ADS40 Linear Scanner 
sensor.  This was eventually the imagery used in the object based image analysis (OBIA), due 
to less edge smearing and superior spectral sensitivity, but unfortunately there was significant 
shadow.  The company provided 16-bit 4 band (NIR, R, G, B) orthophoto mosaics acquired at 
0.3m ground sample distance (pixel size) and with a forward overlap and side-lap of 60%.  
The data were pre-processed in ENVI to produce an 8 bit, 60cm mosaic covering the study 
area.  This was done because a number of eCognition® Developer algorithms are not 
optimised for 16 bit data. 
 
Evaluation of object based image analysis software packages for mapping plantations 
 
A preliminary objective was to investigate and test readily available, commercial OBIA 
software packages, capable of extracting homogenous features presented in fine detail.  It was 
decided to limit the testing to the three packages, with a thorough investigation carried out on 
each.  The three packages selected for evaluation were: VLS (Visual Learning Systems) 
Feature Analyst 4.1, ENVI (Environment for Visualizing Images) Zoom 4.4 FX (Feature 
Extraction) and eCognition® Developer 7.  All three software packages use object-orientated 
classification techniques and machine learning technology.  The evaluation of this software is 
presented as an Internal DPI NSW Report (Carney et al. 2009).  We concluded that Definiens 
Developer 7 appears to be the most appropriate product for the operational implementation of 
the project objectives.   
 
Based on this report, eCognition® Developer (version 8.0.1) and eCognition® Server 
software was purchased using funding from this FWPA project. 
 
Estimation of Net Stocked Area from lidar and digital camera data using eCognition® 
software   
 
The geo-database used by Forests NSW for their plantation planning and management 
activities holds a series of feature classes that are described by an array of items such as 
compartment number, age class, species etc. The base unit within the geo-database feature 
class is the ‘resource unit’, a distinct sub-compartment object with a unique management 
history.  The geo-database also contains other administrative boundaries and operational 
spatial data, for example, native vegetation retention areas (exclusion zones) and net stocked 
areas (NSA) within compartments.  NSA is the area of land that is effectively stocked with 
the species of interest.  At present, this database is updated through inventory assessment in 
plots located within the areas of interest using Atlas Cruiser® software.  Summaries of this 
data can be assigned as an event and entered into the non-spatial, event management database, 
GeoMaster (Atlas, Rotoura, New Zealand).  At present, the boundary line-work within the 
geo-database is sourced from either hand-held GPS data or manually delineated from digital 
camera imagery or high resolution satellite data (e.g. IKONOS).  Thematic layers were 
extracted from the Forests NSW geo-database and compartment summary information from 
the GeoMaster® database was accessed for inclusion in the object-based classification 
process.  
 
We developed rule-sets using eCognition® Network Language (CNL) within the 
eCognition® Developer (version 8.0.1) environment.  Two separate rule sets were developed 
for the lidar and camera ADS40 imagery.  We also utilised the automated tiling and stitching 
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procedures available in eCognition® Server.  This software module is designed for the batch 
execution of thousands of image tiles processed using eCognition® Developer.   
 
 Lidar-derived CHM classification methodology for NSA using eCognition® 
 
There are two key features of this rule set.  The first is the use of the CHM height values as 
height thresholds to eliminate the ground.  Unlike aerial photography, lidar has no shadows so 
separating all vegetation from ground is relatively straight forward.  The second is the use of 
standard deviation (SD) to separate thinned and unthinned stands.  Thinned stands (with 
internal canopy gaps) have much higher SD values than unthinned stands.  With a lidar 
image, SD performs very similarly to homogeneity algorithms in a multi-resolution image.  

 

Figure 5 presents a generalised outline of the rule set that has been developed for the 
delineation of NSA, as well as being able to classify different silvicultural treatments and 
identify roads as corridor polygons rather than line features, which allows the creation of 
compartments that are ‘islands polygons’ rather than ‘continuous polygons’, where possible. 

 

A workspace was set up with the lidar-derived CHM image as a project.  The reason for using 
a workspace is it allows the ability to automate the process using eCognition® Server, a tool 
for batch processing large volumes of data.  This part of the process created 2 km by 2 km 
tiles for the remaining rule set to be automatically carried out on.  Slicing up the image into 
manageable tile sizes dramatically improves processing times.  The tiles are automatically 
stitched back together when the automatic rule set and manual editing is finished within 
eCognition® Server. 

 

The first sub-routine in the program extracts data from Forests NSW geo-database and 
GeoMaster database useful for this classification, that is, compartment level spatial data and 
resource unit or patch level spatial data and silvicultural aspatial data (Figure 5).  A number of 
filters are then applied to smooth the lidar-derived CHM image as the original image may 
have individual pixels within a tree crown registering as zero metres due to the nature of the 
lidar capture method (2 pulses\m2).  By applying median and Gaussian filter algorithms and 
employing layer arithmetic algorithms to fine tune the smoothing process, the canopy crowns 
were smoothed to fill in the small gaps, without greatly altering the overall raw height values 
of the canopy. 
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Figure 5.  Summary description of methodology for NSA classification of a Pinus radiata 
plantation using eCognition® Developer and Server software with a lidar-derived CHM at 1m 
resolution. 

Process routine 
‘Post-Process’ 

Process routine 
‘NSA-Detection’ 

Pre-processing 

Create workspace & load lidar-derived 1m CHM image 

Create tiles 2000 x 2000 pixels (2km x 2km) & submit scenes for analysis 

Load thematic layers & apply smoothing filter algorithms 

Locate ‘Ground’ & small trees in ‘Ground’ using height thresholds 

Reclassify Exclusion zone edges to improve line work. Smooth all classes using 
various sized open circle morphology algorithms, assign isolated trees to nearest 
class & connect Ground objects (road segments) in thinned & unthinned stands 

Segment T1, T2, T3 & UT classes to objects & identify obvious 
thinned & unthinned stands using standard deviation feature values 

to fix incorrect existing resource unit level polygons 

Export results to ArcGIS for generalization & incorporation into Forests NSW geo-database 

Final manual edit in eCognition Developer to remove tile line 
joins from the classification & correct any misclassified objects 

that occurred along the joins due to their small size 

Segment to compartment level using thematic layers & clean up slivers 

Semi-automated stitching of tiles to original CHM 
image, load thematic layers & apply smoothing filters  

Segment remaining non-Ground pixels using thematic layers & assign 
to classes T1, T2, T3, UT, Ground & Exclusion zone. Segment on 

height to protect stands ‘<10m’ tall & assign to class UT<10m 

Manual editing of each tile using the editing tools in eCognition Developer 
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Two segmentation types were applied repeatedly, that is, chessboard and multi-resolution 
algorithms, with different parameters employed to achieve the desired outcome each time.  
The first segmentation process identified the ground pixels by using a looping height 
threshold combination of algorithms.  This step also removed small trees.  A process was 
designed to reincorporate these small trees from the Ground class for future segmentation so 
they were not missed.  The Exclusion zones need to be identified next.  This is because these 
areas have a large variety of plant species including pine wildings, other pine spp., eucalypts, 
blackberries, grasses, etc.  Leaving this step till later resulted in higher error results when 
classifying the ‘T1, T2 & T3’ thinned and the ‘UT & UT<10m’ unthinned P. radiata stands.  
Thematic layers were used in this segmentation process to assist in identifying these areas.  
Because the thematic line work is inconsistent with many of the true boundaries, a series of 
looping algorithms were used to remove sliver errors bit by bit to improve the existing 
boundary line work.  Initially the obvious exclusion zones were identified followed by 
another looping of algorithms to locate more difficult to identify exclusion zones in 
‘UT<10m’ tall stands.  There is a constant cleaning up and removing of slivers throughout the 
process.  The exclusion zone edges were smoothed using a morphology algorithm because 
these are ‘grey’ areas and a hard line would be less accurate in this case. 

 

Once the Ground and Exclusion zone areas have been classified it was important to first 
segment the remaining areas on height to protect small trees <10 m.  This was a necessary 
step to protect small trees, mainly below 5 m tall, as there is a lot of open ground between 
these trees (pre-canopy closure).  The ground was reincorporated into this class to obtain a 
good representation of NSA in these young stands.  No further segmentation or classification 
takes place on this class. 

 

The remaining trees greater than 10 m were then classified.  Here the algorithm ‘assign 
classes by thematic layer’ was used.  This segmented the vegetation based on existing Forests 
NSW polygon line work at the resource unit level.  The Forests NSW classes include pre-
clear fall thinning (1, 2 & 3), planting and various exclusion types (timber, grass, grass-timber 
etc).  These existing classes were assigned to T1, T2 & T3 (thinned), UT (unthinned), 
Exclusion zone (various exclusion types).  Sliver edge objects were reassigned because of 
poor thematic line work by merging and image object fusion algorithms which were 
invaluable in cleaning up the data.  Many cycles are looped which improves the mapping 
outcome.  For example, corrections were automatically made where an existing Forests NSW 
compartment line was drawn into an adjacent compartment rather than along the ground 
(road) that separated the two compartments.  This was done to create the initial class objects. 

 

Next, the classes T1, T2, T3 & UT were segmented before reassigning the new objects in 
these classes based on the objects SD value.  Ground objects less than 200 m2 were removed 
from all classes using the ‘find enclosed by class’ algorithm and a multi-resolution 
segmentation was applied to all classes.  Adding the small Ground objects back in widened 
the difference in SD values between thinned and unthinned objects.  Objects that were not 
reassigned, because their SD values were in between the thresholds selected, were assigned 
back to their previous class, based on the assumption that the majority of these objects were 
likely to be in the right class already.  An important step of this process was locating 
unthinned stands greater than 0.25 ha that fell within thinned stands.  We detected numerous 
misclassified areas such as these in the existing line work and these were identified to inform 
regional foresters of potential areas missed during a silvicultural thinning treatment.  It should 
be note however, that the lidar image is a snapshot in time and hence these missed unthinned 
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areas may actually be in the process of being thinned, with a lag in this information being feed 
into the Forests NSW geo-database. 

 

Once all objects had been assigned to a class, the focus was switched back to the exclusion 
zone edges.  Because the lidar CHM is a one band image, insufficient spectral information 
exists to accurately separate plant species such as P. radiata from eucalypts and blackberries.  
Instead height was used to help correct the exclusion zone edges.  A multi-resolution 
segmentation was employed and objects bordering the exclusion zones and also exclusion 
zone objects bordering T1, T2, T3, UT & UT<10 m classes were reassigned to objects of 
similar height, but required a minimum relative border to the object it was fusing with. 

 

After satisfactory automated classification of the CHM image has been performed, a final 
smoothing was applied using various sized open circle morphology algorithms.  Smoothing 
the ground assists in the removal of thinning rows running through thinned stands, as these 
are still considered part of NSA.  The classes T1, T2, T3, UT & UT<10 m are smoothed less 
harshly and the ‘relative border to’ and ‘existence of’ features and the image object fusion 
algorithm used in looping cycles to reassign the sliver objects to their relevant adjacent 
classes.  Similarly the Exclusion Zones are smoothed but only mildly as a number of 
reassigning algorithms had already been carried out in previous steps.  Within the plantation 
there are occurrences of isolated trees.  These trees were classified by using the ‘distance to’ 
feature.  All classes except Ground were Chessboard segmented to a small size before the 
‘distance to’ feature was employed.  This allows these isolated trees to be assigned to the 
closest class, as they were frequently incorrectly classified by the above steps. 

 

An important process was to improve road connectivity.  Because tree crowns grow over 
roads and merge into each other, the ground along roads was broken in many places in the 
lidar image.  To remove small joins between compartments as a result of these overhanging 
and merging tree crowns steps were carried out to connect Ground objects to help link road 
segments.  These were performed class by class using the algorithms for pixel based object 
resizing, chessboard & multi-resolution segmentations, merge and image object fusion, and 
the features ‘existence of’ and ‘number of’. For the UT class, all Ground objects were bought 
back in because roads were often overgrown by trees and the Ground objects were small and 
often lost in the automated rule set process.  The final automated step segments to the existing 
Forests NSW compartment level using the thematic layer and cleans up slivers to their correct 
class and object using ‘area’, ‘existence of’ and ‘image object fusion’ in many looping cycles.  
This segmentation process results in improved mapping because separating these 
compartments by the Ground class removed many of the slivers problems that were occurring 
from the existing inaccurate thematic line work. 

 

Finally, manual editing of each tile using the editing tools in eCognition® Developer was 
carried out.  ESRI’s ArcMap was extensively tested for editing but for the quick fix editing 
required, eCognition® Developer outperformed ArcMap in all areas.  The editing was carried 
out on the 2 km x 2 km tiles and not the whole image as processing was faster with the 
smaller image.  Because of the manual editing, the tiles require semi-automated stitching back 
together, though this only means selecting all tiles and the original CHM image at once and 
selecting ‘stitch’.  On the original CHM image the stitched classification requires a final 
manual edit to remove tile line joins, simply by using the merge function in the edit tools.  All 
classes should be exported as a raster polygon shape file for future use in ArcMap. ArcMap is 
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the preferred package for polygon generalisation and incorporation into the Forests NSW geo-
database. 

 
 Digital camera (ADS40) classification methodology for NSA using eCognition® 
 
The processed ADS40 data was loaded into a workspace to facilitate the batch processing of 
the large data sets (Figure 6).  The images covering the whole scene were initially split into 
2500 x 2500 pixel tiles.  The individual tiles were sequentially submitted to the NSA 
detection ruleset for processing, prior to being stitched back together at the completion of 
processing.  Thematic layers from the Forests NSW geo-database were then loaded 
representing their compartment boundaries and management unit level boundaries.  The tiles 
were initially segmented into four age class categories using the age class attribute 
information from the thematic resource unit level boundaries based on planting date (Class 1: 
2003 – 2008), (Class 2: 1993 – 2002), (Class 3: 1985 – 1992) and (Class 4: pre 1984). 
 
Each age class category was processed individually using category specific modules.  
Parameterisation of the ruleset was based on an a priori knowledge of average crown 
diameter per age class and stem density per silvicultural treatment.  The aim of each module 
was to extract all P. radiata from non P. radiata.  The age class categories required different 
treatment as their spectral response varied significantly as P. radiata stands mature differed in 
the amount of visible soil and shadow present in the stands.  The varied spectral response of 
each age class altered segmentation settings, classification thresholds, morphological (object 
growing/shrinking) settings and numerous relations to neighbour algorithms required to 
delineate P. radiata from non P. radiata. 
 
The general flow of each age class module is outlined as follows (Figure 6).  A quad tree 
based segmentation followed by spectral difference segmentation was applied. We found this 
procedure to produce similar segments to the multi-resolution segmentation algorithm but the 
multi-resolution segmentation took over twice as long to produce a similar result.  A 
sequential set of multi-condition assign class algorithms was performed on a set of band ratios 
to create the first P. radiata extraction.  Band ratios were used to facilitate ruleset 
transferability between image tiles and dates.  The segments were initially classified as P. 
radiata/Non P. radiata through thresholding an index that combines all four bands.  The 
remaining P. radiata was further cleaned up by thresholding a (NIR – Blue)/(NIR + Blue) 
index and finally very bright pixels (unshaded road, bare ground etc) were removed through a 
threshold on the layer value brightness.  
 
At this stage, there were a high number of segments within the P. radiata stand misclassified 
mainly due to shadow.  A series of segmenting, merging and growing loops were followed by 
the reclassification of small enclosed classes to create large blocks of P. radiata.  Isolated P. 
radiata segments were brought back into the stand in different ways depending on the age 
class category.  Isolated segments were either grown and reassigned using ‘existence of’ 
algorithms or reassigned using ‘distance to’ algorithms.  Once P. radiata was merged, some 
large isolated non P. radiata segments remained misclassified and were reassigned to non P. 
radiata using a threshold of the red/green (R/G) ratio.  
 
The resultant classification also produces very precise edges that follow each shadow, 
individual tree etc.  The edges of the P. radiata objects were therefore “sand papered” using a 
series of morphology algorithms to smooth the edges.  The morphological algorithms also 
closed or split most small and long thin internal misclassified segments.  Remaining 
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misclassified long thin segments were removed using multi-condition assign class algorithm 
including an area threshold in conjunction with an area perimeter threshold.  
 
The P. radiata class was then segmented using the thematic layer exclusion zone.  The 
introduction of the exclusion zone was necessary for the removal of P. radiata wildlings 
present in exclusion areas which were unable to be separated in any other way.  The 
segmentation and classification of the exclusion zone creates a significant number of slivers 
due to differences between Forests NSW geo database vectors and the classified ADS40 
imagery.  These slivers were removed through a series of looping image object fusion 
algorithms using area thresholds.  Remaining slivers were segmented and assigned to 
appropriate classes through ‘distance to’ and ‘existence of’ classification settings.  This 
process altered the exclusion zone line work to reflect the current image.  The classification 
then appears as a clean split between P. radiata and non P. radiata segments.  Non P. radiata 
segments with an area less than 200m are removed and merged with the P. radiata class. 
 
The P. radiata class was segmented using the thematic layer of stand thinning, to provide a 
silvicultural treatment classification for the majority of the P. radiata.  This step again 
introduces a significant number of slivers due to variation in the existing GIS line work and 
the ADS40 classification.  As above, these slivers were removed through a series of looping 
image object fusion algorithms using area thresholds.  Remaining slivers were segmented and 
assigned to appropriate classes, again through ‘distance to’ and ‘existence of’ classification 
settings.  Thinning classes were segmented using a multi resolution segmentation to produce 
large un-compact segments.  A number function was used to confirm thinning status of 
polygons based on internal segments although some minor manual editing was required later 
to correct some line work and classes.  The final step in the NSA detection rule was 
segmentation of the image by the Forests NSW thematic layer representing compartments.  
As above, the introduction of thematic layers resulted in a significant number of slivers.  
These slivers were reassigned to the correct classes through a series of looping image object 
fusion algorithms using area thresholds.  Remaining slivers were segmented and assigned to 
appropriate classes through ‘distance to’ and ‘existence of’ classification settings. 
 
Each tile was then manually edited in eCognition® Developer.  Manual editing was 
performed on the object-based segmentation and classification to check and approve the 
mapping accuracy.  The editing tools provided with eCognition® Developer were 
significantly faster than editing in ArcGIS.  Manual editing involving splitting, reclassifying 
and merging was also fast and more user-friendly in eCognition® Developer.  Post processing 
involved selecting the tiles to stitch, running a stitching routine and manually editing any tile 
boundary anomalies where necessary. Removal of tile boundaries was done primarily using 
the merging tool however some minor line editing was also necessary.  It is worthy to note 
that the latest version of eCognition (8.64) now uses a 64 bit operating system and this has 
the potential to reduce manual editing through removal of the tiling and stitching routines.   
 
The classification accuracy of the NSA maps derived from both the lidar and ADS40 imagery 
was examined through the derivation of point-based error matrices.  One thousand reference 
points were visually identified in the original imagery and compared with the classified 
images.  We calculated producer and user accuracy statistics and the Kappa coefficient of 
agreement of both the classified lidar and ADS40 images. 
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Figure 6.  Summary description of methodology for NSA classification of a Pinus radiata 
plantation using eCognition® Developer software with an ADS40 image (NIR, R, G, B 
bands) at 60 cm resolution.  

Create tiles 2500 x 2500 pixels & submit scenes for analysis 

Manually edit using eCognition editing tools 

Create workspace & load ADS40 60cm image 
and pine/euc. index 

Load thematic layers 

Segment image to four age classes using thematic layers 

Segment P.radiata  to Exclusion zones using thematic layers and correct exclusion boundary 

Segment P.radiata to thinning class using thematic layers and clean up slivers 

Assign P. radiata to Thinning class through number of internal objects 

Process each age class using age specific modules to extract P.radiata from Non P.radiata. 

Segment NSA to compartment level using thematic layers & improve the 
compartment boundaries 

Stitch tiles to form a continuous surface 
 representation of plantation 

Generalise NSA boundaries in ArcGIS to improve visual appearance for cartographic 
purposes 

Process routine  
‘Post-Process’ 

Manually edit tile boundaries using eCognition editing tools 

Process routine 
‘NSA-Detection’ 

Pre-processing 
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Area Based Approach for derivation of lidar metrics 
 
Lidar metrics were extracted for each of the 63 reference plots (Figure 3) using ground and 
non-ground labelled point data (the LAS files), as well as the one metre derived digital terrain 
model (raster files).  A large number of lidar metrics which have been published in the 
literature (e.g. Chen et al. 2007; Maltamo et al. 2009; Falkowski et al. 2010) were extracted.  
Using the height data, the following lidar metrics were calculated; the mean, median, mode, 
maximum, minimum, 5th and 95th percentile, variance, standard deviation, coefficient of 
variation, range, relative range (i.e. range divided by the mean), range of the 95th percentile 
(height of the 95 percentile minus the minimum height), quadratic mean canopy height 
(square root of the sum of the squared heights divided by the number of heights), skewness 
and kurtosis.  We also calculated height categories as the percentage of non-ground returns in 
a series of height bins i.e. 0-3 m, 3-10 m, 10-20 m, 20 m and greater.  Regardless of heights, 
we calculated the density of non-ground and ground returns, and the ratio of these (known to 
be related to vegetation density).  A rumple index was calculated and standardised by the 
mean height of the plot.  The rumple index is a measure of the surface area created by the 
non-ground heights divided by the area of the flat surface (Kane et al. 2010).  It was 
calculated on both a 0.5 m and 1.0 m grid cell size.  The derived one metre digital terrain 
models were used to calculate the mean slope and aspect for each plot.  All data extraction 
and analyses were conducted using the following open source software packages: R-statistical 
package v.2.11.1 (R-Development Core Team 2007) and the GIS package GRASS (GRASS 
Development Team 2010), interfaced using the spgrass6 package (Bivand 2010).   
 
The lidar metrics were calculated for a series of datasets derived from the non-ground return 
LAS files and each dataset was modelled separately.  The datasets were categorised in terms 
of data filter, vegetation height, and plot radius.  Analysis was conducted on all the points 
within the LAS files, which we called the “raw” data.  During the data collection, first and last 
returns were not identified.  To account for this, we created two sets of pseudo first return 
data.  These datasets were created by generating either a 0.5m or a 1m grid over the lidar 
returns and taking a maximum within each grid cell, and referred to as the “0.5m” or the” 1m” 
data respectively.  Within each of these three sets of data, we calculated the aforementioned 
variables based on all data points (“all”) and on the canopy data, classified as all returns > 2m 
(“canopy”).  Finally, for all combinations we calculated the variables based on a fixed radius 
of 30 m around each plot centre (“30m”) and on the variable radius measured on the ground 
(“variable radius”).   In total, there were 12 sets of variables calculated.   
 
The derived lidar indices were then modelled against the field survey data obtained from the 
63 reference plots (Table 2).  Response variables for the models were stocking (stem density), 
maximum tree height, mean tree height, basal area (m2 per ha) and volume (m3 per ha).  The 
latter two inventory parameters were derived indirectly using in-house algorithms based on 
the measured stocking and tree DBH and height measurements (Dr H. Bi, forest resource 
modeller, NSW Industry & Investment, pers. comm. July 2010).  Models were prepared for 
both the raw values and the log transformed values of these inventory variables.  As 
mentioned, a large number of predictor variables were derived from the lidar data, however 
many of these variables were highly correlated.  We used a Spearman’s correlation matrix to 
reduce the number of predictor variables and remove the potential for multi-collinearity in the 
models (Chatterjee et al. 2000).  When two or more variables were found to have a correlation 
greater than 0.7, we selected one variable and removed all others.  Preference was given to 
proximal rather than distal variables (after Wintle et al. 2005) and to those variables that have 
been reported to be useful in similar studies (e.g. Watt 2005; Chen et al. 2007; Gobakken & 
Næsset 2009).  The resulting set of non-correlated variables were the rumple index based on 
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the 0.5 m grid cell corrected by the mean height, height of the 5th and 95th percentiles, 
minimum height, skewness, the density of ground and non-ground returns and mean slope.   
 
Three modelling approaches were used and compared for this analysis – regression trees, 
random forest and Bayesian Model Averaging (BMA).  Regression trees are a simple, but 
powerful, approach to the analysis of complex environmental data (De'ath & Fabricius 2000).  
This approach seeks to explain variation in data by repeatedly splitting data into more 
homogeneous groups using the predictor variables.  A number of remote sensing studies have 
adopted this approach (e.g. Pal & Mather 2003; Coops et al. 2006b).  After the initial tree was 
built, a k-fold cross-validation analysis was used to optimise and prune the tree (De'ath & 
Fabricius 2000).  All regression tree analysis used the R package tree (Ripley 2010).  Random 
forest extends the regression tree approach by growing multiple (500) “trees” based on 
subsets of the data and getting the majority vote for the outcome (Breiman 2001).  Random 
forest analyses used the R package RandomForest (Liaw & Wiener 2002).  The more derived 
regression tree approaches such as random forest (Breiman 2001) Adaboost (Freud & 
Schapire 1996) and boosted regression trees (Elith et al. 2008) are expected to improve the 
predictive ability of the regression modelling if sufficient plots are used relative to the 
variation in the data.   
 
BMA is a linear regression modelling approach which builds on the commonly applied 
generalised linear modelling approach.  The BMA method builds linear models based on all 
combinations of the predictor variables and a best set of the models are chosen based on the 
Bayesian Information Criterion (BIC).  Parameter estimates of the BMA model are averaged 
based on the weighting derived from the BIC (Wintle et al. 2003).  Models were removed 
from consideration when a simpler version of a model (i.e. with a subset of the predictor 
variables) had a better fit, i.e. lower BIC.  All BMA analyses were conducted using the R 
package BMA (Raftery et al. 2010).  Comparisons between modelling techniques were based 
on the coefficient of determination (R2).  The R2 value ranges from 0 to 1 and describes the 
proportion of variability in the dataset accounted for in the statistical model (Sokal & Rohlf 
1995).   For each response variable, we considered all models (regardless of the approach) 
with an R2 within 0.05 (or 5%) of the best model and this was referred to as the best set of 
models.   We then made predictions from the best set of models for each inventory response 
variable, selecting only the model with the highest R2 for each modelling approach 
represented in the best set.   The predictions were made over a 50 m grid across the study 
area.  A 50 m grid was selected as it was similar to the 30 m circular radius plots used in the 
analysis (2500 m2 for the grid versus 2827m2 for the 30 m plot).   
 
Lidar and digital camera- based tree detection and crown mapping (ITC) 
 
For this project, a mix of simple local maxima searches (maxima points) and a more complex 
canopy segmentation algorithm were explored, initially, in parallel.  Both approaches utilise a 
lidar-derived canopy height model (CHM) and both provide dominant tree locations and key 
inventory attributes, but in particular stand height and stem density.  Figure 7 shows where 
the two methods diverge along with their major processing steps.   
 



 

24 
 

 
 
Figure 7.  Flowchart illustrating the process for mapping individual tree tops (local maxima 
points) and canopy segmentation of tree crowns. 
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Maxima points 

 
This is the simplest means of locating dominant trees in a lidar CHM.  Prior smoothing of the 
CHM is not necessary for four reasons.  Firstly, smoothing tends to reduce the highest points 
within the crown which could shift the location of the true maxima.  Secondly, the height 
values that are later extracted are lower than the original CHM surface which may affect 
wood volume predictions.  Thirdly, smoothing can increase the loss of small tree crowns in 
young stands.  And lastly, any within-crown gaps in large trees resulting from to low lidar 
sampling density are ignored anyway when using large window searches and hence 
smoothing is not required (Turner 2006). 
 
Local maxima results are sensitive to search window size relative to crown size and hence 
require careful selection of the filter dimensions (Wulder et al. 2000).  The optimal 
dimensions of this moving window are dependent on the shape, size and density of tree 
crowns.  In this analysis we identified the optimum set of window sizes for six combinations 
of age class categories and thinning status (i.e. (AC10-20, UT); (AC10-20, T1); (AC20-30, 
UT); (AC20-30, T1); (AC20-30, T2) and (AC30+, T2)).  Consequently, we were able to 
produce and test a lookup table to identify the optimal window size for these stand categories. 
 
The process of extracting the maxima pixels was coded in Interactive Data Language (IDL) 
script.  A series of local maxima search filters (i.e. 3x3, 5x5, 7x7, 9x9, 11x11, 13x13 and 
15x15 pixels) were applied to the CHM raster.  That is, a moving window is passed across the 
CHM raster and the pixel values within the window are evaluated.  If the centre pixel has the 
highest value it is tagged as a “local maxima”.  This created a series of binary raster layers 
with maxima pixels having a value of 1 and all other pixels having a value of 0.  Using ENVI 
routines, the maxima binary layer were then converted to a Region of Interest (ROI) and 
subsequently used to export both the original CHM height value and the maxima count value 
to a new text file, along with a unique ID number for each maxima, and x and y coordinates.  
The maxima text files were then imported into the R-statistical package v.2.11.1 (R-
Development Core Team).  The maxima text files were also imported into ArcGIS 9.2 and 
converted to a point vector layer for visualisation and mapping. 
 

Crown maps (canopy segmentation) 
 
The main difference between crown mapping and local maxima is that the former provides 
additional information on crown size, shape as well as condition and health (when applied to 
multispectral data) while the latter only locates the highest point in a crown.  Local maxima 
points have an advantage in being much easier to process and requiring less data storage 
space compared with crown polygons.  However, crown maps are visually easier to interpret 
and can provide additional crown attributes and statistics.  For example, Figure 23ii in the 
Results section which presents a categorical height map based on the lidar data associated 
with the tree crown polygons.  
 
Due to lidar acquisition parameters (such as point sampling density) and the inherent 
characteristics of tree crowns, the CHM surface is rarely a smooth and even substrate for 
canopy segmentation.  Unlike the maxima point approach, canopy segmentation can be 
significantly affected by the presence of within-crown holes or gaps.  To minimise this 
problem the CHM is initially optimised prior to applying crown mapping techniques.  An 
algorithm designed to fill in crown holes and smooth the crown surface was written in IDL 
code.  This was based on the Crown Infill, Trim and Smooth (CITS) process developed by 
Turner (2006).  As the name suggests, the CITS process incorporates a series of filters, 
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algorithms, and selective multi-stage smoothing to enhance CHM prior to canopy 
segmentation.  While several crown mapping techniques have been published, (e.g. the Tree 
Identification and Delineation Algorithm (TIDA) which is available in the CSIRO TIMBRS 
software) for this project, we applied the spatially and morphologically isolated crest (SMIC) 
algorithm developed in-house by Forests NSW (Turner 2006).  SMIC is a multi-step crown 
template segmentation approach that defines elevated convex crests (rises) in a digital surface 
using a series of directional filters and algorithms (Turner 2006) written in IDL code.   
 
Once the CHM is enhanced, the SMIC crown segmentation algorithm is applied to generate a 
GIS polygon vector layer (or crown map) which is then imported into ArcGIS software.  Each 
crown polygon is tagged with a unique ID number as well as spatial parameters such as area 
and perimeter distance.  Using the crown polygon as a sampling template, the crown vector 
layer can be used to extract CHM pixel height statistics for each crown such as maximum, 
minimum, mean, median, standard deviation etc.  In an additional step, ArcGIS tools can be 
used to generate a centroid point for each crown polygon which can then be used to calculate 
a stocking count within a moving search window and to produce stem density maps.  
 
Since both the maxima point and crown segmentation approaches outlined above for lidar 
data effectively operate using pixel digital numbers (height), it can also be applied to other 
digital surfaces such as the radiometric topography of digital orthophotos (e.g. Leckie et al. 
2005).  Therefore, with some minor modifications, the maxima point and canopy 
segmentation approaches can also be applied to ADS40 imagery.  Spectral information within 
each segmented tree crown could then be used to classify the health of tree crowns (Figures 
24i & ii and 25 in the Results section).  
 
Tree scale accuracy assessment: Optimising window size for tree crown maxima 
 
The accuracy of maxima processing can be improved by selecting the right search window 
size (e.g. Wulder et al. 2000; Popescu et al. 2002).  The optimal dimensions of this moving 
window are dependent on the size and shape of the most common elements in the scene and 
their spatial relationship with one another, that is, the shape, size and density of tree crowns.  
Our approach was to identify the optimum set of window sizes for the six combinations of age 
class and thinning status categories identified above.  Initially, for the crown error analysis, 
individual crowns were manually identified and delineated from the lidar imagery using the 
tree stem maps from each of the 63 plots as ground reference points (Figure 8).  
 

 

 
Tree     DBH       Ht1        Ht2
1           44.6       34.2       34.3 
2           40.0       30.8       32.3 
3           41.3       29.1       33.5 
4           38.5       31.1       30.2 
5           39.7        29.5      34.4 
6           41.5        32.3      32.3 
7           31.0        29.6      30.6 
8           41.5        30.4      31.2 
9           40.1        30.9      34.2 
10         47.9        31.9      31.8 
11          35.1       28.9      28.6 
12          46.8       31.2      33.1 
13          46.4       29.9       28.7 

Survey data  Manually delineated crowns on lidar CHM 
imagery (0.5m) 

Plot data 
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Figure 8.  Illustrating data used to link the ground-based data with the lidar CHM imagery by 
manual matching of delineated crowns from lidar CHM against the stem maps derived from 
the Total Station survey. 
 
The maxima were extracted from the lidar CHM with a 35m buffer from the plot centroid.  
The trees within the plot were classified as a Match if only one maxima fell in the manually 
delineated tree, it was classified as an Omission if it the tree did not have any maxima and it 
was classified as a Split if there were more than one maxima in the manually delineated tree.  
The field data had a total of 981 trees measured of which 886 trees were manually delineated.  
The trees that could not be identified on the lidar image were mostly suppressed or small 
trees.  The proportions of matches, omissions and splits were then calculated using the R-
statistical package (R-Development Core Team 2007).  This analysis was done for each 
window size ranging from 3x3 to 15x15, and also for pixel size of 1.0 m and 0.5 m.  For a 1 m 
pixel size even the smallest window size of 3x3 had 125 omissions out of 886 (14.1%) where 
as for the 0.5 m pixel the number of omissions for the smallest window size of 3x3 was only 4 
trees (0.44%).  It was decided to use only the 0.5 m pixel size lidar data for further analysis.  
The optimum window size was taken as the one where the proportion of matches for a plot 
were maximised.   
 
In parallel to this analysis, we examined how semi-variograms responded to the range of 
crown sizes and densities represented within the 63 reference plots.  The semi-variance 
quantifies the degree of similarity/dissimilarity of a continuously varying attribute for spatial 
data.  In forestry, semi-variograms have been used to derive information on vegetation spatial 
structure and have been used to determine the appropriate local maxima search window size 
(e.g. Wulder et al. 2000).  Two main features of the semi-variograms are the range and the 
sill.  Wulder et al. (2000) adaptively calculated window sizes based on the semi-variance 
range or local breaks in slope.  Pixels within the range are correlated with one another and 
those beyond the range are uncorrelated.  Based on this principle, the range is regarded as an 
indicator of object size while the Sill has been shown to be related to the complexity of the 
target surface.  Semi-variogram was fitted to the data using the spherical model or the 
exponential model depending on which had the smallest mean standard error (MSE).  If the 
difference between the MSE’s was less than 10%, the range value from spherical fit was 
taken.  
 
Tree scale accuracy assessment: Identifying the optimum method for tree crown 
extraction 
 
Three different methods and two pixel size combinations were used for the extraction of data 
for the SMIC error analysis.  The description of the different methods is presented in Table 3.  
For each manually delineated crown, the trees were labelled as Matches, Aggregates, Splits or 
Omissions.   Unique SMIC crown segments were identified within each plot, if there was only 
one unique SMIC crown segment within each manual crown then this was identified as a 
Match, while manual crown segments with more than one unique SMIC were labelled Splits.  
Omissions occurred when the manual crown did not have a SMIC segment. Aggregates 
occurred where manual tree crowns shared a SMIC crown segment.  Four different filters (F1, 
F2, F3 & F4) were applied to the six different SMIC Methods (Table 3) and they refer to the 
filtering of the SMIC tables by removing pixels where the size of the crown segment was 1, 2, 
3 or 4 pixels (note that the pixel size was either 0.5 or 1.0 m) respectively.  The filtering 
reduced the number of splits and increased the proportion of matches.    
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Table 3.  The different methods used for tree crown extraction. 
  1.0 m CHM 0.5 m CHM 

Original CHM Method1_1m Method1_0.5m 

Smoothed CHM Method2_1m Method2_0.5m 

Smoothed CHM+SMIC rounding Method3_1m Method3_0.5m 
 
The optimum method was selected for each age class and thinning combination as a SMIC 
method which minimises the absolute value of   
 ((pMatch+2*pSplits-pAggregates/2-pOmissions)-1) and 
 
constrained by the condition that  
pMatch > pMatch (max) -0.05*pMatch(max) 

 
where, pMatch is the proportion of matches, pOmissions is the proportions of omissions, pSplits is 
the proportions of splits and pAggregates is the proportion of aggregates for the age class by 
thinning combination class, pMatch(max) is the maximum value of pMatch for the given class.    
 
 
Validation of tree crown counts and segmentation using conventional inventory plots 
 
In addition to the measurement of the 63 reference plots, 100 conventional, ground based 
forest inventory plots were established during the 2008/2009 summer within the study site.  
Twenty five plots were established in each of the following stand categories: an unthinned 
1998 age class (AC) stand due for a routine age 10 year inventory; a 1979 AC second thinned 
stand, a 1983 AC second thinned stand and a 1983 AC unthinned stand (Figure 9).  Plots were 
established in accordance with standard Forests NSW inventory policy and procedures.  There 
were approximately 15-20 trees per plot.  They were measured by an independent local 
inventory crew using Atlas Cruiser methodology (Atlas Technology, Rotorua).  Standard 
stand level attributes including stems per hectare, basal area and mean tree height were 
recorded as well as stem form and branching characteristics for each stem in a plot.   
 
The field position of each plot was determined using a Scout Pak GPS (Juniper Systems) with 
post-processing differential correction.  The horizontal accuracy (x and y) for these plots is 
estimated to be in the order of +/- 3m under canopy cover.  Plot centre coordinates were 
imported into ENVI 4.7 software and buffered to a distance of 35 metres. 
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Figure 5.  Sampling design applied to the location of the 98 conventional inventory plots.  
Plot numbers are labelled on the lidar derived CHM although this was not used.  The 
stratification for these plots was done using Arc GIS.  
 

Maxima analysis using inventory plot data 
 
The buffered vectors were used as sampling templates to extract lidar maxima points for each 
plot which were then exported as text files.  A subset of plots were excluded from the 
sampling because the buffered polygons (35m) straddled open road ways or overreached into 
different age classes.  Other plot buffers were reduced in size as they were within 35m of a 
road edge.  This ensured that all plot data extracted was not subject to edge effects.  The plot 
level estimates for the maximum plot height, number of maxima and the average plot height 
was calculated for both the lidar 35m radius plots (LS) and the inventory plot size (PS) plots 
which ranged from 7.98m for the un-thinned plots to 17.84m for the T2 plots.  The optimum 
window size that was identified from the 63 reference plots was used to obtain the maxima for 
these plots (Table 13).  The corresponding height values were used to estimate the average 
and maximum plot heights.  The number of maxima is the number of trees in the plot and 
stems per hectare were estimated using  
 
SPH = n*10000/(2πr2)  
where SPH = the stems per hectare, n = the number of maxima per plot and r = the radius of 
the plot.   
 
The values for the plot parameters from both the buffered plot sizes and the lidar plots cut to 
the field plot radius were compared and they were mostly similar, so it was decided to use 
only the actual plot sizes for extracting the lidar maxima data.   The field data had a few very 
small trees and it was decided to delete these suppressed trees (defined as trees contributing 
less than 2% volume to the plot volume).  The estimates from the lidar maxima were 
compared against the observed plot estimates by fitting linear regression models (R-
Development Core Team 2007).  Log transformation was used to stabilise the variance in the 
stems per hectare (SPH) data.  The adjusted R-square values and the residual standard errors 
were calculated.  For the field inventory data, the sum TSV (sum of Total Standing Volume) 
and sum MercVol (sum of Merchantable Volume) values were available at the plot level.  
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Correlation coefficients were calculated for the plot level estimates of sum TSV and sum 
MercVol and average plot height, SPH for the dominant trees, maximum plot height and 
average height of the dominant trees.  Linear regression was used to model the sum TSV 
using plot level estimates such as average height and SPH derived from the tree scale lidar 
data.  Analysis of the residuals was done to test for the linear regression model assumptions. 
 

Analysis of SMIC data using inventory plot data 
 
The methods that were identified in the SMIC methods analysis for each age and thinning 
class combination from the reference plots were used for the inventory plots (Table 14 in 
Results section).  The number of unique SMICs was identified for each plot and the maximum 
height for that SMIC segment was used as the height for the SMIC.  Each of the unique SMIC 
units is assumed to be a single tree, so the number of trees was based on the sum the number 
of unique SMICs in the plot.  Again, as for the maxima comparisons, the plot level parameters 
were estimated and a similar analysis applied. 
 
Area based analysis using the conventional plot data 
 
An area-based analysis was also undertaken with the data from the 100 inventory plots.  In 
this case, the data were modelled using the random forest regression tree method because of 
the increased number of plots.  Random forest extends the simpler regression tree approach 
by growing multiple (500) “trees” based on subsets of the data and getting the majority vote 
for the outcome (sometimes referred to as an ensemble method).  This analysis was done 
using the R package randomForest (Liaw & Wiener 2002).  We then made predictions from 
the final model for each response variable over a 20 m grid across the study area. 
 
In addition, the precision of the predictions from the random forest regression tree method 
were calculated for each compartment within the study area based on results from the 20 m 
grid.  In this analysis, precision was taken to be the standard error divided by the mean.  A 
precision of 0.05 indicates that the standard error is 5% of the mean and the 95% confidence 
interval is approximately the mean + 10% (i.e. 2 Standard Errors).  Precision maps were made 
for the entire study area and the separately for the 10 year old UT compartments, T1 
compartments and the T2 compartments. 
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Results 
 
Lidar-derived CHM classification for NSA using eCognition®  
 
The final classification derived from the lidar CHM identifies five classes: thinned, unthinned 
< 5.0 m in Height, unthinned > 5.0 m in Height, ground and exclusion zone, with the first 
three classes representing P. radiata NSA (Figures 10, 11, 12).  The error matrix (Table 4) for 
the classified scene selected in the CHM lidar data prior to manual editing (Figure 10) 
produced an overall accuracy of 96.2%, supported by a Kappa coefficient of 94.9% (Table 4).  
The commission and omission errors for classifying the three stand categories of P. radiata 
for NSAs were minimal (< 5.0 %).  The greatest number of misclassified points was 
associated with the exclusion zones, areas of vegetation, mostly native species, outside the 
compartment net stocked areas (producer’s accuracy = 84.5% and user’s accuracy = 85.5%).  
We did not include the near-infrared intensity values in the classification scheme because of 
issues with calibration (e.g. Donoghue et al. 2007).  The other source of confusion was 
associated with separating ground visible from above in the thinned stands with ground 
outside the net stocked areas (Table 4).   
 

Table 4.  Error matrix of high order plantation classification derived from the 1.0 m lidar 
Canopy Height Model of a 2.5 x 2.5 km scene over the Green Hills Pinus radiata plantation 

 
Reference (Visual classification) 

 
User’s accuracy 

(%) 

 
 
 

eCognition 
Classification 

 
Unthinned 
< 5.0 m Ht 

Unthinned 
> 5.0 m Ht 

Thinned 
(T1 & T2) 

Exclusion
zone 

 
Ground 

 

Unthinned 
< 5.0 m Ht 225 0 0 0 0 100 

Unthinned 
> 5.0 m Ht 0 234 9 1 0 95.9 

Thinned 
(T1 & T2) 0 1 349 2 2 98.6 

Exclusion 
zone 4 2 6 71 0 85.5 

 
Ground 1 0 0 10 83 88.3 

Producer’s 
accuracy (%) 

 97.8 98.7 95.9 84.5 97.6  

Overall accuracy: 96.2%
Kappa coefficient: 94.9% 
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Figure 10.  The classified lidar CHM scene used for the accuracy assessment after stand 
classification in eCognition® Developer. 
 
 
Examples comparing the line work in Forests NSW geo database with the line work generated 
by the NSA classification from the lidar CHM are presented in Figures 11 and 12.   
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Figure 11.  eCognition® Developer classification results of NSA from the lidar CHM which 
take into account Forests NSW silvicultural events and compartment boundaries.  The red 
arrows point to errors in the Forests NSW line work that have been corrected in the 
classification program.  In this image they show misclassified UT and T1 stands, and Ground 
as a new class that separates compartments and represents roads and large open ground areas 
that are currently included as NSA (Refer to Table 5 for actual NSA data). 
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Figure 12.  eCognition® Developer classification results of NSA from the lidar CHM which 
take into account Forests NSW silvicultural events and compartment boundaries.  The red 
arrows on the image point to errors in the Forests NSW line work that has been corrected in 
the classification program.  In this image they show misclassified UT and T1 stands; and 
compartment lines that cut through their respective compartments have been realigned with 
the Ground (‘roads’) so NSA is counted towards the correct compartment. (Refer to Table 6 
for actual NSA data). 
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The NSA estimates from the lidar CHM classification matched reasonably well with the 
values extracted from the operational geo-database for the cluster of compartments in Figure 
11 (Table 5).  However, more errors were detected in the second scene (Figure 12), 
principally through areas in the operational geo-database misclassified according to thinning 
status (Table 6). 
 
Table 5.  Comparison of NSAs extracted from the Forests NSW GIS databases and from the 
lidar CHM classification.  These compartments are mapped in Figure 11.  

Forests NSW Resource Unit (patch) layer & Events eCognition Developer classification results 

Cpt Age Event Name 
Area 
(m2) 

Percent Cpt Class Name 
Area 
(m2) 

Percent

857 1989 Planting (UT) 21113 4.3 857 UT 20460 4.2

 1988 Thinning 1 (T1) 377642 77.7  T1 366399 75.2

 1988 GraEx, TimEx* 87031 17.9  Exclusion zone 88128 18.1

     Ground 12555 2.6

           

858 1988 Thinning 1 (T1) 305982 79.0 858 T1 292649 75.9

 1988 GraEx, TimEx* 81125 21.0  Exclusion zone 77135 20.0

     Ground 15567 4.0

           

859 1989 Planting (UT) 118846 10.8 859 UT 98617 9.0

 1989 Thinning 1 (T1) 729302 66.2  T1 709627 64.7

     T2 104 0.0

 1989 GraEx, GraTim, TimEx* 253755 23.0  Exclusion zone  233251 21.3

     Ground 54545 5.0

* GraEx (Grass Excl), GraTim (Grass Timber Excl), TimEx (Timber Excl) =  Exclusion zone  
 
 
Table 6.  Comparison of NSAs extracted from the Forests NSW GIS databases and from the 
lidar CHM classification.  These compartments are mapped in Figure 12. 

Forests NSW Resource Unit (patch) layer & Events eCognition Developer classification results 

Cpt Age Event Name Area (m2) Percent Cpt Class Name Area (m2) Percent 

52 1983 Thinning 1 (T1) 120271 100.0 52 T1 109485 91.0
     Ground 10786 9.0

        

56 1984 Planting (UT) 59458 37.4 56 UT 12650 8.0
 1984 Thinning 1 (T1) 99472 62.6  T1 124419 78.3
     Ground 21860 13.8

        

173 1992 Thinning 1 (T1) 145411 100.0 173 T1 132852 91.4
     Ground 12558 8.6

        

     174 UT 7986 7.7
174 1992 Thinning 1 (T1) 103500 100.0  T1 86875 83.9

     Ground 8638 8.3
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Digital camera (ADS40) classification for NSA using eCognition®  
 
Classes produced through this rule set were Unthinned (UT), 1st Thinning (T1), 2nd Thinning 
(T2), 3rd thinning (T3), Background and Clearfell.  The four thinning classes represent the 
NSA. 
 
The overall accuracy achieved using a randomly selected scene from the ADS40 imagery was 
97.9% with a Kappa Coefficient of Agreement of 96.1% (Figure 13, Table 7).  Both the user’s 
and producer’s accuracies for correctly classifying thinned and unthinned stands exceeded 
95% (Table 7).  Separation of the exclusion zone areas (non P. radiata vegetation) was also 
successful (user’s accuracy = 95.5% and producer’s accuracy = 98.8%).  This is a better result 
than that obtained using the lidar data.  The multispectral imagery, however, did not achieve 
the same level of accuracy as the lidar data in detecting bare ground (Tables 6 and 7).  The 
presence of shadows in the ADS40 image contributed to these errors. 

 
Table 7.  Error matrix of high order plantation classification derived from 4 band digital 

multispectral aerial photography (ADS40, 60cm) covering a 1.8 km x 1.9 km scene over the 
Green Hills Pinus radiata plantation (Figure 13). 

 
Reference (Visual classification) 

 
User’s accuracy 

(%) 

 
 
 

eCognition 
Classification 

 
Unthinned 

stands 
Thinned 

(T1 & T2) 
Exclusion

zone 
 

Ground 
 

Unthinned 
stands 125 0 0 0 100 

Thinned 
(T1 & T2) 0 633 2 0 99.7 

Exclusion 
zone 0 4 169 4 95.5 

 
Ground 4 7 0 52 82.5 

Producer’s 
accuracy (%) 

 96.9 98.3 98.8 92.8  

Overall accuracy: 97.9% 
Kappa coefficient: 96.1% 

 
 
Comparisons of line work in the Forests NSW geo-database with line work generated by the 
NSA classification of the ADS40 imagery are presented in Figures 14, 15 and 16.  Table 8 
compares the NSA estimates from the classified ADS40 image with values extracted from the 
operational, event management database. 



 

37 
 

 
Figure 13.  The ADS40 scene used for the accuracy assessment after stand classification in 
eCognition Developer. 
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Figure 14.  eCognition® Developer classification results of NSA from the ADS40 data which take into account 
Forests NSW silviculture events and compartment boundaries (Same scene as Figure 11).  The red arrows point 
to errors in the Forests NSW line work that have been corrected. In this image they show misclassified UT and 
T1 stands, and the Background that separates compartments and represents roads and open ground areas that are 
currently counted as NSA. 
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Figure 15.  eCognition® Developer classification results of NSA from the ADS40 data which take into account 
Forests NSW silvicultural events and compartment boundaries.  The red arrows point to errors in the Forests 
NSW line work that have been corrected.  In this image they show misclassified clearfell and background.  
Compartment lines that cut through their compartments have been realigned with the background (‘roads’) so 
NSA is counted towards the correct compartments. 
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Figure 16.  eCognition® Developer classification results of NSA from the ADS40 which take into account 
Forests NSW silvicultural events and compartment boundaries.  The red arrows point to errors in the Forests 
NSW line work that have been corrected.  In this image they identify misclassified UT and T1 stands, and 
background that separates compartments and represents roads and open ground areas that are currently counted 
as NSA. 
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Table 8.  Comparison of NSAs extracted from the Forests NSW GIS databases and from the 
lidar CHM classification.  These compartments are mapped in Figures 14 and 16.  
 

Forests NSW Resource Unit (patch) layer & Events eCognition Developer classification results 

Cpt Event Name Area (m2) Percent Cpt Class Name Area (m2) Percent 

857 Planting (UT)    857 UT    

  Thinning 1 (T1) 297760 82.8   T1 287949.7 79.9

  GraEx, TimEx* 61980 17.2   Exclusion zone 72180 20.1

               

                

858 Thinning 1 (T1) 187640 81.9 858 T1 179420 79.2

  GraEx, TimEx* 41350 10.1   Exclusion zone 47260 10.8

               

                

859 Planting (UT) 64730 13.4 859 UT 55510 11.7

  Thinning 1 (T1) 248340 51.5   T1 237550 50

  GraEx, GraTim, TimEx* 169559 35.1   Exclusion zone  183210 38.3

              

               

833 Planting (UT) 16620 82 833 UT 14340 65.6

  GraEx, GraTim, TimEx* 3650 18   Exclusion zone  7520 34.4

               

               

857 Planting (UT) 48110 10.9 857 UT 69330 15.7

  Thinning 1 (T1) 246340 55.9   T1 213106.5 48.2

  GraEx, TimEx* 146220 33.2   Exclusion zone 159505 36.1

               

                

841 Thinning 2 (T2) 424140 92.7 841 T2 418499.5 93.3

  GraEx, TimEx* 33310 7.3   Exclusion zone 30228 6.7

               

                

858 Planting (UT) 197541 100 858 UT 190103 64.5

  GraEx, GraTim, TimEx* 0 0   Exclusion zone§  104800 35.5
§ Compartment 858 has a road running through it.  The Forests NSW Resource Unit layer has a single line 
following the centre of the road, thereby including areas of road in NSA.  The eCognition® Developer 
classification results classify road as a polygon, thereby removing it from the NSA calculation. 
 
 
Comparison of tree height measurements 
 
There were significant differences between the two hypsometer measurements per tree, 
however, the magnitude of variation between assessors did not appear to be influenced by tree 
height or thinning status (Figure 17).  Coops et al. (2004) examining similar measurements 
from a Canadian conifer forest reported a mean difference between Vertex measurements of 
approximately 10% of the mean individual tree height.  We acknowledge that this apparent 
error associated with conventional field inventory techniques makes it difficult for a detailed 
evaluation of the error in the lidar tree heights.  In subsequent analysis we examine the 
relative accuracies between the averaged ground-based height measurements and heights 
derived from the lidar CHM. 
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Figure 17.  Variation between the two Vertex measurements per tree and average tree height. 
 
The extent of variation in tree heights between the Vertex hypsometer measurements and the 
lidar derived tree heights extracted from manual delineation of tree crowns in the lidar 
imagery is presented in Figure 18.  There was a mean difference of – 0.55 m, (P = 0.0006, 
paired t-test), that is, the lidar height measurements have a slight negative bias compared to 
the Vertex measured trees, with most of this variation occurring with the smaller trees.  This 
result is not unexpected as the top of the smaller pine trees are unlikely to score a direct hit by 
the lidar beam.  
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Figure 18.  Percentage difference between the average tree height measured with Vertex 
hypsometer and tree heights extracted manually delineated tree crowns in the lidar imagery. 
Percentage difference between the average Vertex Ht and lidar Ht = ((average vertex Ht per 
tree) – Lidar Ht per tree) / mean Vertex Ht * 100)). 
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In addition, the heights of 36 trees were also measured accurately using a surveyor’s Total 
Station.  While there was a significant difference between the average Vertex height (mean = 
27.12m) and the mean Total Station height (mean = 26.49), the Total Station mean height was 
not significantly different from the mean lidar height (26.57).  If we assume the Total Station 
measurements are the most accurate then it appears that the lidar heights are more accurate 
than the heights obtained using the Vertex. 
 
Influence of age class, silviculture and slope on the estimation of stand height 
 
Overall, there was a slight negative bias obtained for tree heights derived from the lidar data.  
One objective of this study was to investigate whether the factors Slope, Age Class and 
Thinning influenced the accuracy of lidar derived tree heights.  Table 9 compares the mean 
differences in tree height for the three Factors obtained from the 63 reference plots. 

 
Table 9.  Mean differences in tree height between the Vertex hyposometer 
measurements and the heights extracted from the lidar CHM  

 
Factor 

Mean difference (m) 
(Lidar-Vertex) 

Slope (degrees)  
0 < 10  - 0.55 
11 to < 20  - 0.34 
 > 20  + 0.47 
Age class   
10 to < 20  - 0.61 
21 to < 30 0.01 
 > 30 - 0.25 
Silviculture   
Unthinned - 0.08 
First thinning -0.17 
Second thinning -0.42 

 
 
Table 10.  Analysis of variance model examining the influence of slope, age class and 
thinning (UT, T1, T2) on accuracies of tree heights derived from lidar data using the mean 
difference between the lidar (0.5 m CHM )and vertex tree heights. 
 DF Sum of 

Sq. 
Mean 
Sq. 

F Value Pr (F) 

Slope 2 10.266 5.1333 12.992 < 0.0001  
Age Class 2 5.043 2.521 6.382 0.003  
Thinning 2 2.226 1.113 2.817 0.070 
Slope : Age Class 3 6.488 2.162 5.474 0.002  
Slope : Thinning 4 1.560 0.390 0.987 0.423 
Age Class : Thinning 1 1.533 1.533 3.880 0.054 
Slope : Age Class : 
Thinning 

1 1.558 1.558 3.943 0.053 

Residuals 47 18.174 0.395   
For the linear model using plot means, R2 = 0.96  
 
Slope significantly influences the accuracy of tree heights derived from lidar data (Tables 9 
and 10).  On relatively flat topography there is a negative sub metre bias (mean difference = -
0.55 m) which actually decreases slightly (mean difference = - 0.34) for the next category of 
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slope (10 – 20 degrees).  This trend, however, is reversed, on steeper slopes ( > 20 degrees) 
which produces a slight positive bias (0.47 m) (Table 9).  These results support the findings of 
some overseas studies (e.g. Takahashi et al. 2005).  They concluded that (conifer) height is 
normally underestimated but on steep terrain lidar height was overestimated.  This may have 
resulted due to horizontal positional error between the tree top and stem as conifer stems are 
often not upright and tops tend to be tilted to the valley side. There is also a ‘slope skew’ 
effect when deriving the lidar CHM (Turner 2006).  
 
Thinning status (UT, T1, or T2) was less influential than age class (Tables 9 and 10).  There 
was a significant interaction between slope and age class and this is thought to be due to the 
fact that younger trees do not lean down slope to the same extent as older (taller) trees (Table 
10).  
 
Area based approach for derivation of lidar metrics 
 
Using an area based approach and the dataset based on the 63 reference plots (and hence 
across the full range of age classes and silvicultural treatments captured by the experimental 
design within the study area) we found that model fit for the best models was high for all 
variables tested (Table 11).  R-squared values for the best model for two height variables 
ranged from 0.94-0.95 and from 0.80-0.85 for the other three variables.  For all response 
variables, regression trees had the best model fit compared to the other statistical approaches.  
BMA models had similar R2 values to the regression trees for the two height variables, i.e. 
maximum height and mean tree height but lower values for the other three variables i.e. 
number of trees per ha, derived basal area per hectare and derived volume per hectare.  Model 
fit for the random forest models for all response variables were significantly lower than the 
BMA and regression tree models and are not considered further here.  The relative poor 
performance of the random forest methodology is probably related to the small number of 
ground plots (n = 63) used relative to the variation in the data.  
 
Table 11.  R-squared values for the best model from each statistical method for each response 
variable tested. Tree=regression tree, BMA=Bayesian Model Average, RF=random forest. 
MAXH = maximum tree height, MTHGT = mean tree height, NTHA = number of trees per 
ha, BAHA = basal area (m2/ha), VHA = volume (m3/ha).  

 Modelling Technique 

Response Variable Tree BMA RF 

MAXH 0.952 0.939 0.825 

MTHGT 0.940 0.9260 0.814 

NTHA 0.851 0.7150 0.590 

BAHA 0.809 0.549 0.503 

VHA 0.806 0.706 0.579 

 
The best combinations of vegetation height (all versus >2m), filters (0.5m, one, raw) and the 
plot radius (30m versus variable radius) for the regression tree models and for each response 
variable are presented in Table 12.  When the best model for each response variable was 
chosen all but one model was based on the one metre filter, with the other being from the 
0.5m filter.  All but the model for stand volume (VHA (log)) were based on the 30 m plot 



 

45 
 

radius, while all heights were used in the best models except for mean tree height (MTHHGT) 
(Table 12).   
 

Table 12.  Results of the best model from the regression tree modelling for each response 
variable 

Response Heights Filter Radius R2 

MAXH all 1.0 m 30m 0.952 

MTHGT(log) Canopy > 2m 1.0 m 30m 0.940 

NTHA all 0.5 m 30m 0.851 

BAHA(log) all 1.0 m 30m 0.809 

VHA(log) all 1.0 m variable 0.806 

 
 
Below we describe the most influential lidar metrics presented in the best regression tree 
models.  
 
Maximum tree height (MAXH) 
Not surprisingly, height of the 95th percentile was the main driver of the MAXH regression 
tree model with the first and second nodes of the regression tree based on this variable.  
Minimum height and ground and non-ground returns comprise the remaining nodes, although 
the relative influence of these is much smaller. 
 
Mean tree height (MTHGT) 
The regression tree was based on log transformed MTHGT.  Again the regression tree model 
was almost entirely derived from the height of the 95th percentile, with minimum height 
included on a lower split.   
 
Number of trees per ha (NTHA) 
Stocking had a more complex regression tree model which included the 95th percentile, 
minimum height, height of the 5th percentile, the density of non-ground and ground returns 
and slope.  Height of the 95th percentile and minimum vegetation height had the strongest 
influence in this model.   
 
Basal area (m2/ha) (BAHA) 
Basal area per ha was log transformed in the best models.  In the regression tree model, basal 
area was predicted from the height of the 5th and 95th percentiles, the density of non-ground 
and ground returns, mean slope and the rumble index.  Height of the 5th and 95th percentiles 
and slope had the greatest influence on the model.   
 
Stand volume (m3/ha) (VHA) 
Log transformed volume per hectare was found to be predicted by the height of the 5th and 
95th percentile, slope, skewness and density of non-ground returns.  Height of the 5th and 95th 
percentiles had the greatest influence on the model.   
 
Prediction maps over a 50m grid across the 5,000 ha study site were then produced by 
applying the best regression tree models for four inventory attributes (Table 12) i.e. mean tree 
height; number of stems per ha; basal area per ha and volume per ha (Figures 19i & ii; 20i & 
ii, 21i & ii and 22i & ii).     
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Figure 19i.  Prediction map for mean tree height. Figure 19ii.  Sample area showing the classified 50 m grid for 
mean tree height. 

Figure 20i.  Prediction map for number of stems per ha. Figure 20ii. Sample area showing the classified 50 m grid for 
stems per ha.  
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Figure 21i.  Prediction map for basal area Figure 21ii.  Sample area showing the classified 50 m grid 
for basal area.  

Figure 22i.  Prediction map for stand volume. Figure 22ii.  Sample area showing the classified 50 m grid 
for stand volume. 
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Tree scale accuracy assessment: Optimising window size for tree crown maxima  
 
The proportions of matches, splits and omissions were plotted against the various window 
sizes (3x3 to 15x15 pixels) for each age class and thinning combination (Figure 23).  In 
general, commission and omission errors tend to counter balance each other, when 
commission errors decrease there is an increase in omission errors.  Also, as the window size 
increases the proportion of matches for the class also increases, it reaches a maximum level 
and then starts declining again (Figure 23).  For example, for age class 20-30 (20 to 30 year 
old trees) and thinning T1, the maximum proportion of matches is for the window size 9x9.  
Not unexpectantly, for smaller trees, the optimum window sizes are smaller than the bigger 
trees. 
 
The range from the semi-variogram analysis for the 10-20 UT plots was 3 m.  This would 
mean a window size of 6x6.  It was therefore decided to take an average of the window sizes 
5x5 and 7x7 for this class.  Also, for the T2, both 20-30 and 30+ age classes the range was 5 
m therefore average of 9x9 and 11x11 window sizes were taken for these classes.  These 
results indicate that not only tree size but also stem density appears to influence the selection 
of optimal search window size.  Table 13 summarizes the results of the error analysis and 
presents the optimum window sizes for each age class and thinning combination for treetop 
maxima with a 0.5 m pixel size. 
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Figure 23.  Plot of proportion of Matches (Blue squares), proportion of Splits (pink squares) 
and proportion of omissions (green squares) against the different window sizes for pixel size 
0.5m for the different age class and thinning combinations. 
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Table 13.  The optimum window sizes for each age class and thinning combination for 
maxima with 0.5m pixel size.  The figures in brackets are the percentages of perfect crown 
matches for that class. 
  Thinning 
Age Class UT T1 T2 
10-20 5x5 and 7x7   

(72%) 
7x7           

(72%)  
20-30 7x7          

(65%) 
9x9           

(67%) 
9x9 and 11x11  

(77%) 
30+ 

    
9x9 and 11x11  

(77%) 
 
 
Tree scale accuracy assessment: Identifying the optimum method for crown extraction 
 
The proportions of matches, splits, aggregates and omissions resulting from the crown 
segmentation process were calculated for each of the Age Class and Thinning combinations.  
Table 14 lists the final smoothing/SMIC methods that give the best results for each category.  
The method3 refers to the application of “Smoothed CHM + SMIC rounding” and for smaller 
trees 0.5 m pixel size SMIC data methods are the best whereas for the bigger trees, the pixel 
size of 1.0 m provided the optimal results.  The data for one of the SMIC methods 
(Method3_1mF2) is presented in Figure 24.   For this particular dataset, as the window size 
increases, the proportion of aggregates increase resulting in a decrease in crown matches and 
splits were less influential.  Also, for thinning class T2 and Age Class 30+, this method gives 
very high proportion of matches (85%) with a window size of 3x3.   
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Figure 24.  Plot of the proportion of matches (blue squares), proportion of split (pink squares), 
proportion of omissions (green squares) and proportion of aggregates (red squares) for the 
different age classes and thinning combinations.  The data from Method3_1m with a filter 
size of 2 is plotted as the example.  
 
Table 14.  The SMIC methods selected for each age class and thinning combination.  The 
percentages in brackets are the proportions of perfect 1:1 matches. 
  Thinning 
Age Class UT T1 T2 
10-20 Method3_0.5mF2   

(78%) 
Method3_0.5mF3  

(81%)  
20-30 Method1_0.5mF4   

(65%) 
Method3_1mF1  

(75%) 
Method3_1mF3  

(79%) 
30+ 

    
Method3_1mF2  

(85%) 
Method1 = original CHM; Method2 = smoothed CHM; Method3 = Smoothed CHM + SMIC 
rounding. 
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Results of plot level regression analysis indicated R-squared values ranging from maximum 
height 0.97, mean height 0.94, stocking 0.90 to total stand volume 0.83.  Method 3 proved to 
be the best performing SMIC model (i.e. CITS smoothed CHM with SMIC rounding) with the 
exception of unthinned older stands (20-30 yrs) where method 1 (original CHM) performed 
best primarily due to their more closed canopy structure. 
 
Application of tree scale mapping  
 
Crown maps are visually easy to interpret.  The SMIC segmentation process generates crown 
polygon vectors which are the basic sampling unit in crown mapping (Figure 25i) and can 
easily be imported into GIS software.  Each crown polygon is tagged with a unique ID 
number as well as spatial parameters such as height and area.  For example, Figure 25ii 
presents a categorical height map derived from the lidar CHM were segmented crowns have 
been classified for height.  
 
 

 

Figure 25i.  Crown mapping from lidar CHM. Figure 25ii.  Categorical tree crown height 
map derived from the lidar CHM. 

 
Similar maps can also be produced by exporting maxima text files into ArcGIS and 
converting into point vectors, each tagged with height (Figure 26) and focal stocking 
information (Figure 27) which, in turn, can be added to the NSA polygons. 
 



 

52 
 

 
 

 
 
 
 
Height classes 

 

Figure 26.  Example of categorical tree height map using tree 
maxima points derived from lidar data. 
 

 

 
 

 
 
 
Stocking classes 

 

Figure 27.  Example of categorical stocking (stems/ha) using 
tree maxima points derived from lidar data. 
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One of the major advantages of crown segmentation in high spatial, multispectral camera 
imagery is the ability to accurately map live and dead trees.  Pinus radiata plantations are 
susceptible to a range of abiotic and biotic damaging processes.  Often the attacked trees can 
retain green crowns for several months but then the needles discolour to a distinctive red 
colouration before shedding.  The distinctive red crowns are easily classified using 4 band 
spectral information extracted from the crown polygons (Figures 28i & ii and 29). 
 

Figure 28i.  Example of ADS40 imagery 
acquired in September 2008 of a compartment in 
northern Green Hills S.F. presenting drought 
induced tree mortality.  

Figure 28ii.  Live tree crowns (= white crosses) 
and dead crowns (=red crosses) identified 
through a 3x3 local maxima search on the 
ADS40 imagery in Figure xxi. 

 
 

Figure 29.  Comparison of 50 cm ADS40 imagery and the classified imagery identifying dead 
trees in northern Green Hills S.F. 
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Comparison with conventional inventory assessment of merchantable stands 
 
A comparison of outputs from the lidar data with stand attributes derived using traditional 
methodology from 100 inventory plots was also undertaken.  Initially we examined the 
relationship amongst the inventory attributes obtained from the field plots by producing 
scatter plots of Ave.Ht (average height of the trees in a plot), Max.Ht (maximum tree height 
for the plot) and SPH (stems per hectare) plotted against log of Sum TSV (sum of total 
standing volume for the plot) (Figure 30).  As can be seen from the plot, there is a very good 
relationship between the height variables and TSV.  The figure showing SPH against 
SumTSV reveals the categorical nature of SPH in this sample of field plots, with the lower 
stem density plots ( = T2) having the highest stand volume.  The last plot in the figure is the 
plot of Sum MercVol (Sum of the total merchantable volume for the plot) against Sum TSV, 
and there appears to be a perfect relationship between these two variables. 
 
The Pearson’s correlation coefficients between Sum MercVol and Sum TSV with the other 
plot level inventory values are presented in Table 15.  The correlation between Sum MercVol 
and Sum TSV is perfect which indicates that if we get good estimates of one then the other 
could be estimated.  Also there is high correlation between Sum.TSV and Ave.Ht (0.92), 
Max.Ht (0.91) and SPHDom (-0.77).  
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Figure 30.  The relationship between Average height of trees in a plot (Ave.Ht), Maximum 
height of trees in a plot (Max. Ht) and stems per hectare (SPH) against Total Stand Volume 
for the plot on a log scale (log(SumTSV)).  The last plot is a plot of Sum of the merchantable 
Volume (Sum MercVol) and Sum TSV. 
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Table 15.  Pearson’s correlation coefficient between Sum MercVol (sum of Merchantable 
Volume for the plot) and Sum TSV (sum of Total Standing Volume for the plot) with other 
plot level estimates; Ave.Ht (average plot height), Max.Ht ( maximum plot height), SPH.Dom 
(stems per hectare of the dominant trees) and Ave.Ht.Dom. (average plot height for the 
dominant trees). 
 Sum Merc Vol Sum TSV
Sum MercVol 1.000
Sum TSV 1.000
Ave.Ht 0.92 0.92
Max.Ht 0.90 0.91
SPH.Dom -0.72 -0.77
Ave.Ht.Dom 0.92 0.92

 
 
 
The optimised methodology for extraction crown maximas and tree crowns identified with the 
reference plot dataset (Tables 13 & 14) were then applied to the inventory plot dataset.  
Preliminary scatterplots of the lidar maxima estimates of the plot parameters and the values 
from the inventory data for average height (= Ave.Ht), average height of the dominant trees 
(after removing those trees contributing less than 2% volume to the plot volume) (= 
Ave.Ht.Dom), maximum height (Max.Ht) and the stems per hectare (= SPH) are presented in 
Figure 31.  Figure 32 presents similar results for the SMIC data (segmented tree crowns).   
The line that is passing through the plots is the regression line with an intercept value of 0 and 
a slope value of 1.  If there is a one to one relationship between the lidar calculated values and 
the plot level estimates from the inventory data, then the points would lie on this line.  As 
most of the points are randomly scattered around this line, this indicates a good one to one 
relationship.  The results of regression analysis for these scatter plots are presented in Table 
16.  As seen from the table the Adj R2 values range from 0.86 to 0.97.   
 
Linear regression model fitted to the Sum TSV and Sum MercVol as dependent variables is 
presented in Table 17.  Again the Adjusted R2 values are high.   With only two lidar variables, 
average plot height and stems per hectare derived from the maxima about 93% of the 
variability is explained in log(Sum TSV) values, and a value of 92% is achieved for the SMIC 
data.  Similar values of Adjusted R2 are achieved for modelling with Sum MercVol as the 
dependent variable. 
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Figure 31.  The relationship between plot level estimates from the lidar maxima and the plot 
level estimates from the inventory field data.  Ave.Ht is the plot level average height of the 
field data, Max.Ht is the plot level maximum height of the field data, Ave. Ht. Dom. is the 
average height of the dominant trees in a plot after removing those trees contributing less than 
2% volume to the plot volume and log(SPH) is the log of stems per hectare for the plot, while 
Ave.Ht.Maxima, Max.Ht.Maxima and log(SPHMaxima) are the corresponding plot level 
values derived from the lidar maxima.   
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Figure 32.  The relationship between plot level estimates from the SMIC models and the plot 
level estimates from the inventory data.  Ave.Ht is the plot level average height of the field 
data, Max.Ht is the plot level maximum height of the field data, Ave.Ht.Dom is the plot level 
average height of dominant trees for the field data and log(SPH) is the log of stems per 
hectare for the plot, while Ave.Ht.Smic, Max.Ht.Smic and log(SPHSmic) are the 
corresponding plot level values derived from the optimal SMIC method.   
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Table 16.  Results of regression analysis comparing lidar tree scale data presented at the plot 
level with plot level inventory data (based on data presented in Figures 31 & 32). 

Dependent variable Model RSE Adj. R2

Maxima    

Ave.Ht 3.323+0.882Ave.Ht Maxima 1.47 0.94

Ave.HtDom 0.805+0.883Ave.HtMaxima 1.32 0.95

Max.Ht 3.413+0.897Max.Ht Maxima 1.04 0.97

log(SPH) -0.26+1.05SPHMaxima 0.265 0.91

log(SPHDom) -0.318+1.059SPHMaxima 0.26 0.91
SMIC    

Ave.Ht 3.375+0.884Ave.Ht Smic 1.44 0.94

Ave.HtDom 3.137+0.901Ave.Ht Smic 1.45 0.94

Max.Ht 3.989+0.873Max.Ht Smic 1.2 0.96

log(SPH) 0.258+0.947SPH Smic 0.329 0.86

log(SPHDom) 0.202+0.956SPH Smic 0.327 0.86
RSE is the residual standard error and Adj.R2 is the adjusted R-squared value. 
 
 
Table 17.  Results of regression analysis, predicting stand volume with lidar derived height 
and SPH estimates. 

Dependent variable Model RSE Adj. R2

Maxima    

log(Sum.TSV) 1.015+0.086Ave.HtMaxima-0.0023SPHMaxima 0.23 0.93

log(Sum.MercVol) 1.01+0.085Ave.HtMaxima-0.0023SPHMaxima 0.24 0.93
SMIC    

log(Sum.TSV) 0.14+0.115Ave.Ht Smic - 0.0011SPH Smic 0.27 0.92

log(Sum.MercVol) 0.119+0.115Ave.Ht Smic - 0.0011SPH Smic 0.27 0.92
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Area based analysis using the conventional inventory plot data 
 
Using the data from the 100 inventory plots (including 25 plots in a 1983 AC unthinned 
stand), the variance explained by the best random forest models was 89% for mean tree 
height, 75% for tree density and 64% for stand volume.  As with the models derived from the 
63 reference plots, model performance was highest for stand height measurements, even for 
dense stands.  For tree density and stand volume, there was a tendency for the models to 
under-predict the higher values (for plots with tree densities above 500 stems/ha), but 
accuracies were higher for the T2 stands.  This is due, in part, to the synoptic nature of the 
lidar data and the limitations of airborne sensors to detect suppressed trees from above.  
Overseas this problem has been addressed by combining a known diameter distribution to the 
lidar height data (Maltamo et al. 2004).   
 
A precision map for mean stand height using the random forest model predictions (standard 
error/mean) is illustrated in Figure 33.  The mean values presented at a compartment scale 
encompass both the accuracy of the predictive models and the natural variation of the stands.  
The smaller the model variance (or greater R-squared values), the closer these maps represent 
natural stand variation with respect to the response variable (in this case mean height).  
 

 
Figure 33.  A precision map for mean stand height using the random forest model predictions 
(standard error/mean) using the 100 inventory plots.  A precision of 0.05 indicates that the 
standard error is 5% of the mean and the 95% confidence interval is approximately the mean 
+ 10% (i.e. 2 SE).  The smaller that model variance (or greater R2), the closer these maps 
represent natural stand variation with respect to the response variable.   
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Comparing costs associated with acquisition of lidar and camera imagery with 
conventional inventory  
 
The costs associated with the integration of lidar or digital camera data into the inventory 
process can be considered in terms of the costs associated with data acquisition and then the 
costs of data processing and analysis.  Actual prices paid for past remote sensing products 
purchased through a tender process should remain confidential between a client and data 
provider, however, the cost of airborne image acquisition is very task dependant, being 
significantly influenced by location and size of the area being flown.  Most missions will cost 
at least $10,000 for hire of the aircraft and pilot but the price per hectare decreases as the 
project area increases.  As an approximate guide, the cost of both lidar and aerial multispectral 
photography can range from around $4/ha for a small area (e.g. 5,000 ha) to less than 
$1.50/ha for large projects (> 200,000 ha).  Costs are now commonly spread through a 
purchasing consortium, often consisting of a mix of government agencies and companies.  For 
example, there is now an interagency agreement on sharing and coordination in several states, 
including NSW for government funded lidar projects.  
 
Table 18.  Estimated costs associated with processing the lidar and camera imagery. 
Item Approx. cost ($) 
Large dual processing PC x 2 $1,600 x 2 
GIS quality screen x 2 $500 x 2 
eCognition software licences (Developer 8.0 and Server 8.0) $24,000 
ENVI software $3,850 
Maintenance fees for ArcView plus Spatial Analysis per licence $4,000 
Manual editing: ≈ one hour per 2km x 2km tile  $50 per hour  
Portal GPS (to within 1.0m spatial accuracy)  $10,000 
 
Table 18 presents estimated costs associated with processing lidar and/or camera imagery. 
High resolution, remotely sensed datasets are very large, often in the order of several 
Gigabytes.  The large processing tasks are now often undertaken using ‘slave’ PCs that run in 
parallel to the user PCs.  There will always be a need for manual editing of maps produced by 
the semi-automated process.  The time associated with editing will be dependent on the skills 
and experience of the map editor and the complexity of the scene.  We estimate that, at 
present, it would take approximately 35 hours to check and finalise all the line work derived 
from the lidar data across the 5,000 ha study site.   
 
There is an increasing availability of both commercial and free software specifically designed 
to processing lidar and digital camera data.  For example, the LP360 lidar module for ArcGIS 
and “Fusion” free software developed by the USDA Forest Service (USFS-RSAC Fusion 
software; http://www.fs.fed.us/eng/rsac/fusion/).  The suppliers of both lidar and spectral data 
offer a range of products that vary in cost according to the level of processing.  Products 
derived from basic post-processing that utilise procedures common to all discrete return lidar 
are routinely purchased, e.g. Digital Terrain Model and Digital Surface (Vegetation) Model.  
The cost of supplying these standard lidar products are minor and should only represent a 
fraction of the raw data purchase price.   
 
The next level (=Level 3) of products, however, tend to be tailored for specific applications 
and normally not supplied by lidar vendors.  This project is incurring costs associated with 
developing robust routines that will produce operational, Level 3 products for plantation 
managers.  Once these routines have been developed and tested, their application will require 
staff with specialised training and technical skills to apply and maintain these software 



 

61 
 

programs.  It is recommended that a strong relationship with R&D providers having expertise 
in this technology is ongoing to ensure uptake of continuing improvements associated with 
this technology.   
 
This imagery comes with an expectation of sub metre vertical and horizontal accuracies, 
therefore there is a need to purchase a ground GPS with matching accuracy.  These 
instruments cost approximately $10,000.  Finally, there will always be a requirement for some 
ground assessment within a remote sensing approach.  More efficient plot sampling designs, 
however, will arise from utilising the digital maps that accurately capture stand variation.  
Therefore, it is anticipated that the sampling intensity associated with an inventory sampling 
system driven by remotely sensed data will be less laborious than that currently carried out by 
plantation companies.    
 
Traditionally, the overall objective of strategic and pre-harvest inventory involves assigning 
individual planning units to appropriate yield tables for yield projection and developing 
silvicultural prescriptions and schedules.  Within Forests NSW, the sampling specifications 
for the 10 year old Age Class inventory is 1 plot per 4 ha with fixed area plots having an 
average of 20 trees per plot and a minimum of 25 plots per planning unit.  Following thinning, 
inventory is undertaken to monitor adherence to thinning prescriptions and ensure basal area 
and volume are still appropriate for the yield table.  The final assessment is scheduled after 
final thinning or if the stand is within 8 years of its scheduled final harvest.  There is a 
prescription of 35 plots for this later age inventory.  Current cost estimates associated with the 
measurement of inventory plots are presented in Table 19 (cost estimates provided by Duncan 
Watt, Forests NSW). 
 
Table 19.  Cost estimates for plot based inventory in NSW. 
 Total cost per plot including 

overheads ($) 
Inventory cost per ha ($) 

Year 10 inventory   
Lower estimate 100 14.7 
Upper estimate 140 20.6 
   
Post T2 / Age 23 inventory   
Lower estimate 110 19.4 
Upper estimate 150 26.5 
 
In addition, companies must purchase forest inventory software and field compatible 
hardware that interfaces with their plantation management software system (e.g. Atlas 
Technology software).   
 
Finally, in order to gain a more complete appreciation of the costs associated with the 
acquisition and processing of lidar and digital camera data, we recommend reading the 
document accompanying this Final Report.  The document is titled “Guide to Acquisition and 
Processing of Remote Sensing Data for Softwood Plantations” by R. Turner and C. Stone. 
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Discussion 
 
The use of airborne lidar data and digital camera imagery for estimating forest inventory 
parameters is now well established in several countries, in particular in North American and 
Scandinavian countries (e.g. Evans et al. 2009; Lindberg et al. 2010).  However, although the 
‘proof-of-concept’ has been demonstrated in Australia, only a small number of companies 
have integrated this technology into their plantation management practices.  We have 
produced a series of coded modules using several specialist software packages that provide 
radiata inventory products at both stand and tree scale levels.  Once these scripts have been 
fully tested, we envisage a user friendly, workflow system developed through a common 
language infrastructure platform such as the windows.net framework and using a language 
such as C Sharp (Microsoft) that would be customised to fit into existing inventory data 
management systems.  The back-end scripts could be accessed through, for example, a model 
building module (e.g. Model Builder in ESRI or Definiens Architect XD, Trimble) and then 
driven through the ArcGIS environment.  This process would be integrated into a data flow 
process for entering the remotely acquired spatial products into existing GIS and event 
management databases.  The actual mechanics of this process will be company specific, and 
require close consultation between the forest managers, the GIS analysts and the remote 
sensing experts.  For example, there will always be a need for some final manual editing and 
individual companies will differ in how and where this task is done.  
 

 
Figure 34. Potential data flow framework for integrating remotely acquired spatial data.   
 
 
The acquisition of lidar and digital camera data can be expensive, especially over relatively 
small areas, but quotes usually reflect the benefits of economies of scale.  In addition, costs 
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per product decrease if multiple products can be derived from the same data.  For example, an 
accurate, high spatial resolution DTM is a permanent asset that can be used for a myriad of 
purposes e.g. roading and drainage lines.  Wulder et al. (2008) claim that the incremental 
integration of lidar-generated attributes into existing forest inventory data will promote the 
increased use of lidar for a range of forest applications, ultimately enabling time and cost 
savings for future implementations.   
 
Information, in addition to inventory attributes, that can be derived from this type of imagery 
include:   
  
i)  Accurate mapping of understorey and weed infestation. 
ii) Accurate mapping of drainage lines 
iii) A total census of dying or recently killed trees and hence the ability to accurately quantify 
the impact of damaging agents and processes. 
iv) Lidar derived high resolution Digital Terrain Models can provide many benefits including 
accurate roading profiles, hydrological modelling and cable logging. 
v) The ability to capture stand level information through lidar reduces the dependence on field 
crews which often work in hazardous ground conditions and can present significant 
Occupational Health and Safety concerns.  
 
At present, this airborne technology cannot access stem quality or products and so although 
remotely sensed data are increasingly used to enhance inventories, they will never completely 
replace the need to obtain some ground sample data.  However, remotely-derived digital 
surfaces representing forest attributes such as stand height and tree density can be used to 
ensure that the most efficient sampling intensity is allocated to stands.  Figure 35 provides an 
example of how lidar derived surfaces such as stand height and stem density could be used to 
optimise sampling intensity in stands requiring additional information related to stem quality 
and product assortment.  Predictions of precision (e.g. Figure 33) could aid in assigning forest 
inventory effort, especially when using lidar models which have a high proportion of 
variability in the dataset accounted for in the statistical model because then the precision maps 
represent natural stand variation.  Sites with low precision values, i.e. less variation, would 
require a lower level of on-ground inventory effort, whereas those where the precision is 
higher would require a greater level of effort.  This approach enables the development of 
single-tree sampling designs.  In addition, the further development of technologies such as 
terrestrial laser scanning may help provide this kind of ground-based data more effectively in 
the future.   
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• Identification of Planning Units  
• Stratify using AC and thinning 
status 
(e.g. UT AC10; T2 AC23) in 

Purchase lidar data (e.g. 
DTM & DEM surfaces) 
across the Planning Units 
and generate CHM 

For UT & T1 stands 
• Apply recommended ABA model (e.g. 
Random Forest) for each inventory attribute 
and generate maps.   
• Generate mean stand height & precision 
maps. Some ground validation may be 
required.

Mean precision/Cpt > 0.05  
(standard error/mean) Mean precision/Cpt  <  0.05  

(standard error/mean) 

For T2 stands 
• Apply ABA model and 
generate Height mean and 
precision surfaces. 
• Produce an understorey map 

For UT & T1 stands 
• Apply optimised crown maxima or 
crown segmentation algorithms to newly 
created NSA polygons 
• Convert to ArcGIS point vectors with 
tagged attributes 
• Extract tree heights and stem counts 
export into Yield table software (with 
regionalised algorithms) 

• Apply ground-based, 
stem product inventory 
(i.e. single tree transects) 

• Apply ground based 
inventory but with 
increased density of tree 
transects 

• Merge spatial results with 
individual stem quality data. 
• Enter data into yield tables 
/ growth models  

If lidar data > 2 pulses/m2  If lidar data < 2 pulses/m2  

For T2 stands 
• Apply optimised crown maxima and 
crown segmentation algorithms 
• Convert to ArcGIS point vectors with 
tagged attributes 
• Generate precision surfaces  
• Produce an understorey map 

• Update spatial and 
event management 
databases 
• Produce reports

Figure 35.  Possible inventory methodology that utilises lidar data 
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Errors in measuring tree heights   
 
A preliminary examination of individual tree heights revealed, firstly, that there were 
significant differences (+ 10%) between the two hypsometer measurements per tree, however, 
the magnitude of variation between assessors did not appear to be influenced by tree height or 
thinning status (Figure 17).  This is of a similar magnitude to the standard error range of 0.4 to 
0.8 m obtained for Suunto hypsometers measurements reported by Persson et al. (2002).  
From our analysis we also concluded that, if we assume that tree height measurements made 
using a surveyor’s Total Station were more accurate that measurements obtained with a 
Vertex, then it appears that individual tree heights derived from the lidar data are more 
accurate than those from the Vertex.   
 
We also found that slope significantly influenced the accuracy of tree heights derived from 
lidar data.  On relatively flat topography we observed a sub-metre negative bias (mean 
difference in tree heights between the lidar data and plot measurements = -0.55m).  This is not 
unexpected, especially when using data with laser pulses of 2 points per m2.  Increasing the 
number of pulses per m2 could remove this bias.  On the steeper slopes, however, this trend 
was reversed (mean difference = 0.47) (Tables 9 & 10).  Takahashi et al. (2005) investigated 
the effect of terrain slope and roughness on the capacity of small footprint lidar to retrieve tree 
height from 48-year-old Cryptomeria japonica D.Don (sigi) plantations in mountainous 
regions in Japan.  The accuracy by which individual tree heights could be detected correctly 
was 74% for steep slopes and 86% for gentle slopes.  The overestimation of tree height on the 
steep slope was likely due to trees leaning towards the valley side of the slope, which causes 
the distance from tree top to orthogonal point on the ground to exceed the actual tree height.    
 
Our lidar estimates of tree height, however, lie within error rates specified for conventional 
inventory.  Although the accuracy requirements for stand height estimates vary from one 
inventory to another, allowable error rates typically range between 10 and 15% (Mora et al. 
2010).  In British Columbia, photo-interpreted stand height must be within + 3 m or 15% 
(whichever is greater) of the actual height (Mora et al. 2010) and again our estimates of tree 
height from lidar data are within these limits. 
 
Classification for NSA  
 
Object-based classification, now a common approach used for forest type mapping, composes 
of three basic procedures: image segmentation, object metric extraction, and classification (Ke 
et al. 2010).  Using eCognition® software we applied this approach for the classification of 
sub-compartment level NSA.  We have developed two rule sets, one that uses lidar-derived 
CHM data and the other that uses high spatial resolution (< 1.0 m) multispectral data.  These 
programs classify stands according to thinning status, identify areas of non P. radiata 
vegetation, and identify roads as corridor polygons rather than line features which allows the 
creation of compartments that are ‘island polygons’ rather than ‘continuous polygons’.  For 
both the lidar CHM and ADS40 imagery, commission and omission errors in stand 
classification were minimal (< 5.0%; Tables 4 & 7).  The ‘User’s accuracy’ can have the most 
impact on the quality and usefulness of the final mapping product (Sullivan et al. 2009) and 
for our data this ranged from 88% -100% for the classified lidar data and 83% – 100% for the 
classified camera imagery.   
 
While both mapping outcomes were shown to be accurate, the two datasets are somewhat 
complementary.  The greatest number of misclassified points in the lidar imagery was 
associated with the exclusion zones (mostly non P. radiata vegetation) while a better result in 
classifying the non P. radiata vegetation was achieved with the ADS40.  Chubey et al. (2006) 
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reported that conifer stands could be separated from stands of deciduous trees using the ratio 
of mean near-infrared value divided by the sum of all spectral layer mean values.  We 
successfully applied a new spectral band index that also incorporates all four bands and which 
appears to be robust for this purpose.  Lidar data, on the other hand is better for identifying 
open ground through simple height thresholding.  Our error analysis was conducted on just 
one 2 km x 2 km scene, however we did examine other sections and observed similar 
accuracy levels for the majority of the 5,000 ha study area.  Accuracies in the classified lidar 
maps decreased, however, in those compartments which had a high incidence of tree mortality 
from drought.  These stands required more time spent on them during the final manual editing 
process.  The dead trees, however, were accurately classified using the ADS40 data.  
Therefore, we anticipate improved mapping accuracies through combining lidar data with 
digital camera images (i.e. data fusion).  
 
Estimation of inventory attributes using lidar metrics at the plot level. 
 
There now exists a suite of metrics commonly extracted from lidar data for the derivation of 
stand level attributes (e.g. Maltamo et al. 2006).  Li et al. (2008) concluded that metrics based 
on a height percentile, coefficient of variation of height, and canopy point density were found 
to explain the majority of variation in stand structural attributes across a range of sites.  Our 
results confirm previous studies, in that, stand height is the response variable that best can be 
estimated using lidar data (Breidenbach et al. 2010).  Rombouts et al. (2010) examining the 
applicability of lidar to assess site quality in a South Australian P. radiata plantation, reported 
that the most effective single-predictor variable for volume was the mean quadratic height of 
all first returns.  In our study, the best regression tree models were based on the following 
lidar metrics: the 5th and 95th height percentiles, minimum vegetation height, density of non-
ground returns and a measure of spatial variation, the rumble index.  Næsset (2009) 
recommends using the 95% percentile rather than the maximum value since a higher 
variability seems to be associated with the maximum value.  
 
These metrics were modelled against data collected from geo-referenced ground plots, which 
in turn, where used to estimate traditional inventory attributes.  Numerous modelling 
techniques have been applied, with the non-parametric k most similar neighbour (k-MSN) 
method popular in Scandinavian forestry (e.g. Lindberg et al. 2010) while Falkowski et al. 
(2009) successfully used the random forest modelling approach.  We compared three 
modelling approaches: regression trees, random forest and Bayesian Model Averaging and for 
our datasets, found that the regression tree models produced the highest R-squared values for 
all the response variables examined.  The random forest models performed relatively poorly 
for the reference plot dataset, possibly due to the relatively small number of plots (n=63).  
Better results were obtained when random forest models were applied to the dataset from the 
100 inventory plots.  These predictions can be improved through improvements in the on-
ground sampling design and strengthening the relationship between stand/tree height and the 
more complex inventory parameters (e.g. stand volume), either directly or indirectly after 
extracting the stand height results. 
 
Detection and segmentation of individual tree crowns   
 
The ability of airborne lidar and camera data to detect and measure individual trees is 
determined by the data specifications of the sensor such as pulse density; the segmentation 
algorithm applied to delineate the tree crowns, and stand structure.  The probability that a tree 
crown is detected depends on its distance to the closest tree and the relative height of the tree.  
Tree crown segmentation often fails to detect tree crowns below the dominant canopy or to 
separate crowns that merge.  However, we believe that a mean point density of 2 pulses/m2 
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was a good compromise for the objectives of our study.  While the detection of suppressed 
trees from a height model based on lidar is difficult, it is possible to predict these trees if 
theoretical height distributions are available.  For example, Maltamo et al. (2004) improved 
their inventory estimates by fitting a left-truncated Weibull distribution.   
 
While some difficulty may be encountered in identifying individual trees in dense stands of 
Pinus spp., where crown segmentation is achievable, individual tree height estimates have 
been shown to improve stand level volume and growth estimates compared to plot-based 
estimates (e.g. van Leeuwen & Nieuwenhuis 2010; Yu et al. 2010).  Peuhkurinen et al. (2007) 
compared single-tree (ITC) with area-based approaches (ABA) to derive pre-harvest 
information on stands.  They used parametric methods to estimate tree properties and 
concluded that ITC could outperform ABA and sample plot inventories despite biased results 
(i.e. underestimation of timber volume).  Our results support their findings.  For example, we 
obtained a R2 value of 0.81 when estimating stand volume (logVHA) from the area-based 
metrics (Table 10), whereas mean plot values derived from tree maximas and segmented 
crowns produced R2 values of 0.93 and 0.92 respectively.  
 
The range of potential pulse densities can be quite large (e.g. from < 1 to > 12 pulses/m2).  
Sparser spacing allows for higher flying altitudes thus reducing the acquisition cost, however 
higher data densities allow for more accurate retrieval of tree level information.  Magnussen 
et al. (2010) claim that the single-tree approach requires lidar measurements at densities of 2-
5 pulses/m2, while the area based approach can provide relatively accurate stand height 
estimates with pulse densities of only approximately 0.5-1.0 pulses/m2.  This was also 
supported by our analysis of area data with most models using the 1.0 m filter.  If lidar data is 
acquired with a mean point density of > 2.0 m2 we recommend the individual tree approach in 
preference to the area-based technique because in general, the former has a requirement for 
fewer field measurement compared to the field measurements required to develop robust 
models from the area-based approach (Tesmichael et al. 2010).  In addition Yu et al. (2010) 
claim that an increase in point density is expected to increase the accuracy of the individual 
tree-based technique more than that of the area-based technique. 
 
We have also identified a set of optimal processing parameters for the detection (treetop 
maxima) and crown segmentation required for the SMIC crown delineation algorithm that 
matches each age class and thinning category examined in our study (Tables 13 & 14).  The 
percentage of perfect (1:1) matches for crown maxima ranged from 65% in unthinned 20-30 
year old stands to 77% for T2 stands over 30 years of age, while for the crown segmentation 
process, the percentage of perfect matches ranged from 65% to 85% for the same stand 
categories.  These accuracies improved when the tree scale data were averaged to a plot scale.  
The results of regression analysis, comparing the lidar data with conventional inventory data, 
produced a R2 of 0.91 for crown maxima counts (log(stems per ha)) and a R2 of 0.86 for 
crown segmentation counts (log (SPH).  These models included data from 25 year old 
unthinned stands as well as 10 year old stands due for a routine age 10 year inventory.  This 
level of accuracy compares well with other studies, for example, in a loblolly pine plantation 
Roberts et al. (2005) reported correct identification of trees using lidar averaged 81%, ranging 
from 68% on higher density plots to 93% on the lower density plots.  In a mixed species 
forest, Persson et al. (2002) reported a detection rate of 71 percent of all trees in the plots and 
because most large trees were detected, 91 percent of the stem volume was found.  In our 
study we focused on the SMIC canopy segmentation algorithm (Turner 2006).  Kaartinen et 
al (2008), however, examined several automatic tree extraction methodologies and reported 
that the extraction method significantly influenced achieved accuracies.  We aim, therefore, to 
carry out a similar investigation and compare the performance of SMIC with other crown 
mapping techniques.    
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The approach of developing ‘look up’ tables based on age class and thinning categories was 
selected because these factors are the established method for stratifying radiata plantations.  
However, we propose that it might be advantageous to develop a methodology for selecting 
optimal filter sizes which is independent of GIS thematic layers and is driven from the lidar 
data itself.  This would avoid the potential inconsistencies in category definitions between 
regions as well as any errors associated with the existing vectors.  It would involve 
developing robust universal equations that use lidar-derived continuous variables rather than 
the traditional categorical variables. 
 
For our tree level analysis we applied linear regression models.  Maltamo et al. (2009) 
suggested that tree variables for individual tree-based forest inventory applications could be 
predicted using a non-parametric approach such as nearest neighbour techniques, rather than 
regression models.  However, the former has the benefit that the regression models can be 
effectively calibrated using field measurements.  A few sample trees can be measured and as a 
result all the variables in the model set would be calibrated by using covariance structure of 
the model set.  
 
A standardised approach  
 
As mentioned above, retrieval of inventory parameters from lidar data can depend on sensor 
and acquisition characteristics.  Gobakken & Næsset (2008) demonstrated that point density 
can have a significant impact on properties of canopy height distributions and thus on the 
metrics derived from such distributions.  This is one of the reasons why we recommend that 
foresters identify and maintain a set of acquisition specifications.  Recommended 
specifications are presented in the guide accompanying this Report (Turner & Stone 2010).  
Regression relationships for lidar metrics and stand structural (e.g. timber volume) can be 
quite stable across different regions provided that the lidar data have the same characteristics 
concerning sensor specifications and flight settings (Næsset 2009).  The same requirement for 
stability of lidar sensor properties and flight specifications exist for inventories over time as 
well (Næsset 2009).  Rombouts et al. (2010) concluded, however, that while predominant 
height predictions were not affected by differences in lidar sensor specifications or crown tree 
densities, volume predictions were.  However, due to rapid technological development and a 
relatively short life time of lidar instrumentation, different instruments might be used in 
repeated inventories over a rotation.  It is therefore important to maintain appropriate nominal 
acquisition specifications irrespective of the sensors used, for example adhering to the same 
footprint size, pulse density and scan angle.  Occasional ‘calibration’ with accurate inventory 
data measured in field plots would be necessary.  Sophisticated modelling techniques are also 
being developed to replace classic regression methods which account for differences in data 
acquisition specifications and conditions by more effectively utilising existing plot data 
(Junttila et al. 2010).  
 
Our models were derived using data acquired across a wide range of age classes and 
corresponding stocking.  However, we acknowledge that the Hume Region has unique 
environmental conditions and there will be a requirement for site-specific parameterization, if 
regression models are applied.  In fact, most published lidar studies focus on developing 
empirical regression relationships between lidar metrics and inventory field measures, often 
modelled using data acquired within a relatively small study area.  Little work has been done 
to assess the generality of these models across different regions (Li et al. 2008).  Rombouts et 
al. (2010) also advocates research into the optimization of the collection of calibration data.  
At present, there is still a reliance on the local adjustment of tree height-diameter relationships 
in order to produce reliable volume information from lidar data (but see discussion below).   
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Predicting DBH from tree height 
 
Our study has clearly demonstrated that airborne lidar is an excellent tool for estimating stand 
and tree heights within a P. radatia plantation.  Tree height can now be measured easily and 
accurately over a spatial scale much larger than the dimensions of conventional field plots.  
However, this technology cannot measure stem diameters directly.  In conventional inventory 
predicting tree height from DBH is common practice.  Numerous height-diameter equations 
have been published, often having a non-linear, asymptotic form (e.g. Huang et al. 1992; 
Fang & Beiley 1998).  Predicting DBH from tree height has therefore become a necessary 
first step in converting lidar tree height data into stand volume and product yield figures for 
plantation management.   
 
Simply inversing an existing height-diameter function, however, will not serve this purpose 
well, since the residual errors of this function were minimized to predict DBH from height 
rather than vice versa.  A DBH-height equation is needed for more accurate prediction of 
DBH from tree height.  Although prediction accuracy is improved by a general DBH-height 
equation, the magnitude of prediction error is still relatively large because diameter growth is 
more responsive to soil fertility, spacing and local competition etc.  To further improve 
prediction accuracy and robustness, it will be necessary to develop site-specific DBH-height 
equations by incorporating other auxiliary variable representing site and stand conditions 
across the plantation estate. 
 
Dr Huiquin Bi (NSW I & I) and Dr Julian Fox (University of Melbourne) have commenced 
the derivation of improved DBH-height equations.  An initial analysis based on the lidar data 
from this project identified a series of published tree-level competition indices (Tome & 
Burkhart 1989) that were well correlated to the size of a subject tree.  Preliminary results 
revealed that the size of neighbouring competitors is more important than their location in 
determining the performance of these indices.  This could be due to the effects of thinning in a 
planted stand and the time required for the retained trees to fully occupy the site.  The 
cumulative effects of thinning over time on the DBH-height relationships are being further 
examined.   
 
 

Conclusions 
 
In a recent international review on the use of remotely sensed data, McRoberts et al. (2010) 
claim that lidar is about to become a major management tool for forestry applications.  During 
the past decade, numerous studies have demonstrated the ‘proof-of-concept’ for the 
application of high spatial resolution, remotely-acquired data for accurate forest stand 
classification and inventory.  In this project we have attempted to move from the research 
phase towards operational implementation.  We have developed a series of software 
‘modules’ that could be incorporated into existing inventory data flow processes.  For this 
purpose, we have identified optimal specifications related to the acquisition, processing and 
analysis of high spatial resolution digital imagery for P. radiata plantations.  The document 
accompanying this Final Report “Guide to Acquisition and Processing of Remote Sensing 
Data for Softwood Plantations” can be used for the operational acquisition of imagery 
required for producing geo-referenced forest inventory.  We focused on deriving a small suite 
of stand and tree attributes that are fundamental to all inventory systems in the plantation 
sector and which can be accurately estimated from lidar and/or multispectral camera imagery, 
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they are; silvicultural stand classification, net stocked area, stocking density and stand height.  
We believe the results presented in this report along with the guide should provide forestry 
companies with the confidence to pursue the integration of lidar and digital camera 
technology into their inventory systems. 
 
While we have focused on the silvicultural system existing within the Forests NSW, Hume 
Region in southern NSW, the silvicultural practices and spatial information management 
systems used in this region have commonality with other Australian and New Zealand 
companies.  However, the final step in this process requires company specific customisation 
to account for differences in silvicultural practices and company information management 
systems. 
 
We have not presented a generic height – diameter algorithm due to the influence of regional 
climate and site conditions.  Companies using their own inventory datasets are in the best 
position to derive regional height/DBH or Height/volume models.  The study proposed by Bi 
& Fox aims to develop a generic form for this relationship. 
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Recommendations 
 
• A major challenge of this project, and for future operational applications, using high spatial 
resolution data for tree scale resource assessments is the accurate co-registration of spatial 
data.  We recommend that plantation managers establish a network of visible permanent 
reference markers in their plantations that would be used by surveyors and providers of 
airborne data.  These points would be initially surveyed to sub-centimetre accuracy (for x, y, 
z) and embedded in cement which is then placed at the centre of a painted symbol (for 
example a cross approximately 2m in diameter).  These permanent reference points would be 
evenly spaced throughout the estate and used for checking the accuracy of GPS units, provide 
a secure location for mobile dGPS base stations and assist with the accurate spatial 
registration of remotely acquired data.    
 
• The fusion of lidar data and multispectral digital imagery can increase the utility of the 
spatial data and lead to more accurate individual tree- and plot-level estimates of inventory 
variables.  If a company plans to acquire both lidar and digital camera data, we recommend 
synchronous capture and/or accessing semi-automated routines for accurate geo-registration 
of the two datasets to within half a crown or better.   
 
• We recommend further research into increasing the application of lidar and digital camera 
data for radiata pine plantation assessment, for example, estimating above ground biomass. 
 
• We recommend further research into optimising on-ground sampling strategies for product 
assortment using the mapped inventory attributes derived from lidar or digital camera data.  
 
• We recommend research into the optimization of the collection of model calibration data, as 
advocated by Rombouts et al. (2010).  
 
• We recommend further investigation into the generation of CHMs using stereo 
photogrammetric methods. 
 
• Finally, we recommend future research, investigating the potential of airborne full waveform 
data for inventory.  
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