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Summary 

• The potential benefits of remotely-sensed imagery have not yet been realised by Australian pine 

producers.  Digital remote sensing has great potential to improve the level of information available 

to forest managers, and contribute to improved management of pine forests.  This handbook 

presents a method for using high-resolution remotely sensed imagery to map the condition of 

Pinus radiata crowns affected by three damaging agents: the California pine aphid Essigella 

californica, low soil nitrogen levels, and the fungal pathogen Sphaeropsis sapinea.   

• Study sites were located in the Carabost State Forest (-35o 39’S, 147o49’ E; 500m Elevation), and 

the Kangaroo Vale section of Buccleuch State Forest in southern New South Wales (-35o06’S, 

148o17’E; 450m Elevation).  This area is considered marginal in terms of P. radiata growth and, 

as a result, the plantation has a history of damaging agents.  This demonstration area was 

selected in part due to the availability of site information compiled as GIS coverages delivered in 

Phase 1 of the Southern Hume Soil Information System (SIS) for the Carabost SF area.   

• Field assessments of the condition of the trees were made in late September 2002 (Essigella, low 

soil-nitrogen, and Sphaeropsis) and early September 2003 (Essigella and Sphaeropsis only).  A 

range of variables was measured from each crown, including crown colour, transparency, crown 

volume, the proportion of each crown affected by the damaging agent, tree height and diameter at 

breast height (dbh).   

• In September 2002, imagery was captured over the demonstration area using the DMSC (Digital 

Multi-Spectral Camera Mkll) airborne remote sensing instrument approximately 1 week before the 

field campaign.  This enabled trees to be co-located in the field and in the imagery during the 

initial fieldwork.  Additional DMSC imagery at modified wavelengths was captured in September 

2003 coincident with the field campaign. The images were calibrated to reflectance values using 

spectro-radiometer measurements from pseudo-invariant features placed in the field, which were 

recorded at the time of image capture.   

• Recommendations for image capture include: the acquisition of 4, 10nm wide spectral bands 

centred on 680nm, 700nm, 720nm and 750nm, which provide a useful characterisation of relative 

chlorophyll content and the shape of the ‘red-edge’ spectral response of P.radiata; capturing 

imagery with a spatial resolution of 50 cm, which enables the location and shape of crowns to be 

accurately delineated, and capturing imagery in September when the expression of symptoms 

from many damaging agents is greatest.   

• A spatial filtering method to estimate whole-crown mean spectral statistics was developed and 

applied to each image.   
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• Decision tree analysis was used to create hybrid models of crown condition from three inputs:  (a) 

the field based observations of crown condition for the three damaging agents, (b) a set of four 

mean crown vegetation and red-edge indices, and (c) a mean crown fractional cover estimate for 

sunlit canopy, shadow and exposed soil.  The decision tree models were used to generate 

classified crown-damage maps for key crown attributes selected for each damaging agent, and 

the level of accuracy of each model was calculated along with summary tables and charts.   

• The decision tree models were used to create continuous coverages showing the proportion of 

‘unhealthy’ to ‘healthy’ trees over the entire area of the imagery.  The pixel size of these 

coverages was converted to 25 m for compatibility with existing climate, terrain and soil data 

contained in the Hume SIS GIS database.   

• Broad scale environmental data and soil profile information was collated or measured for this 

project at both demonstration sites, and the spatial correlation between crown condition indices 

and the site/soil attributes was examined.  This analysis revealed new information about the 

dynamics of these damaging agents in P.radiata plantations, including a high correlation between 

locations with high mean crown transparency due to defoliation from Essigella and locations 

exposed to high net solar radiation (i.e. higher elevation and N-NW aspect).   

• This method described in this handbook is best suited to environments and situations similar to 

those in this project, but it addresses a key challenge in the incorporation of new information 

technology in forest management practices which is to present information about processes 

operating at a range of spatial and temporal scales in a format that is meaningful and accessible 

to foresters operating at the compartment scale. 

 

  
iv

 



Remote Sensing for Forest Health Assessment  Handbook 

Table of Contents 
1. Remote sensing for forest health assessment..................................................................................................1 

1.1. Interpreting vegetation spectra........................................................................................................................2 
1.2. Remote sensing tools and techniques ............................................................................................................3 

 
2. Site selection ....................................................................................................................................................5 

2.1. Demonstration area.........................................................................................................................................5 
2.2. Occurrence of damaging agents .....................................................................................................................6 
2.3. Study site selection .........................................................................................................................................7 

 
3. Field condition assessments.............................................................................................................................8 

3.1. Strip Rd - Essigella californica ........................................................................................................................9 
3.1.1. Symptoms ......................................................................................................................................................9 
3.1.2. Field assessment ...........................................................................................................................................9 

3.2. Downfall Creek – Low Soil Nitrogen..............................................................................................................11 
3.2.1. Symptoms ....................................................................................................................................................11 
3.2.2. Field assessment .........................................................................................................................................11 

3.3. Kangaroo Vale - Sphaeropsis sapinea..........................................................................................................12 
3.3.1. Symptoms ....................................................................................................................................................12 
3.3.2. Field assessment .........................................................................................................................................13 
 
4. Remote condition assessment........................................................................................................................15 

4.1. Image acquisition ..........................................................................................................................................16 
4.2. Image data ....................................................................................................................................................18 

4.2.1. Strip Rd – Essigella ......................................................................................................................................18 
4.2.2. Downfall Creek Road – low soil Nitrogen .....................................................................................................19 
4.2.3. Kangaroo Vale – Sphaeropsis......................................................................................................................20 

4.3. Image pre-processing ...................................................................................................................................21 
4.3.1. Image calibration..........................................................................................................................................21 

4.4. Tree identification..........................................................................................................................................23 
 
5. Condition modelling ........................................................................................................................................24 

5.1. Data inputs....................................................................................................................................................24 
5.1.1. Vegetation indices ........................................................................................................................................25 
5.1.2. Linear spectral unmixing ..............................................................................................................................25 

5.2. Decision tree analysis ...................................................................................................................................27 
5.3. Translating from pixel to crown scales ..........................................................................................................28 

5.3.1. Essigella - Mean Crown Transparency.........................................................................................................29 
5.3.2. Essigella – Upper Crown Transparency .......................................................................................................30 
5.3.3. Essigella – Proportion of Crown Affected .....................................................................................................31 
5.3.4. Nitrogen – Crown Volume ............................................................................................................................32 
5.3.5. Nitrogen – Mean Transparency....................................................................................................................33 
5.3.6. Sphaeropsis – Presence of Discolouration...................................................................................................34 
5.3.7. Sphaeropsis – Overall Crown Colour ...........................................................................................................35 
 
6. Environmental covariates with forest health indices .......................................................................................36 

6.1. Data collection and validation .......................................................................................................................36 
6.1.1. PAWC models..............................................................................................................................................38 

6.2. Grid coverage production of forest health indices .........................................................................................40 
6.3. Covariance of soil attributes and forest health indices ..................................................................................41 

6.3.1. Strip Road (Essigella)...................................................................................................................................41 
6.3.2. Kangaroo Vale (Sphaeropsis) ......................................................................................................................43 
 
7. Discussion and conclusions............................................................................................................................44 

7.1. Major findings of this report...........................................................................................................................44 
7.2. Limitations of this Handbook .........................................................................................................................46 
7.3. Implementing this method in forest management .........................................................................................47 

 
8. References .....................................................................................................................................................49 
 
9. Appendix.........................................................................................................................................................53 

9.1. Field sampling proforma................................................................................................................................53 
9.2. Common Environmental GIS Coverages for Carabost SF and Kangaroo Vale ............................................54 

 
  

v
 



Remote Sensing for Forest Health Assessment  Handbook 

Figures 
Figure 1.  Typical mean spectral signature of a healthy P.radiata needle in the visible and NIR spectrum ....................2 
Figure 2.  Location of the project demonstration areas in southern NSW. ......................................................................5 
Figure 3.  Understorey characteristics in the Strip Rd demonstration area .....................................................................8 
Figure 4.  Essigella Site 1 Tree 9....................................................................................................................................9 
Figure 5. Comparison of crown conditions in tree affected by Essigella 2002 and 2003. .............................................10 
Figure 6.  Nitrogen deficient site. ..................................................................................................................................11 
Figure 7.  Summary plots for trees affected by low soil-nitrogen levels in 2002............................................................12 
Figure 8.  Sphaeropsis sapinea site..............................................................................................................................13 
Figure 9.  The distribution of symptoms of Sphaeropsis in the Kangaroo Vale Section demonstration site..................13 
Figure 10.Summary graphs for trees affected by Sphaeropsis in 2002 and 2003.........................................................14 
Figure 11.  Major processing steps and consideration described in this handbook ......................................................15 
Figure 12.  Major considerations during image acquisition for forest health assessment .............................................16 
Figure 13.  Wavelengths acquired in 2002 and 2003, and their location along the red-edge........................................17 
Figure 14.  DMSI false colour image of Strip Rd (Essigella californica site) in the Carabost SF...................................18 
Figure 15.  DMSI false colour image of the Downfall Creek scene (low soil-Nitrogen). ................................................19 
Figure 16.  DMSI false colour image of Kangaroo Vale in the Buccleuch State Forest (Sphaeropsis sapinea site). ....20 
Figure 17.  Major steps in image calibration and normalisation. ...................................................................................21 
Figure 18.  The black and white PIF’s that were placed in the Strip Rd scene for image calibration. ...........................22 
Figure 19.  The effect of image normalisation on pixel values in the Strip Rd scene between 2002 and 2003.............22 
Figure 20.  Major steps in tree identification and spectra calculation ............................................................................23 
Figure 21.  Examples of tree canopy identification, showing (a) hand-drawn and  (b) digitised crown shapes, with tree 

I.D numbers. .........................................................................................................................................................23 
Figure 22.  Data inputs and processing steps in forest health model calculation. .........................................................24 
Figure 23.  Endmember spectra used to define sunlit canopy, shadow and soil used in linear spectral unmixing........26 
Figure 24.  Fractions images for showing Sunlit Canopy, Shadow and Exposed Soil and Essigella, soil Nitrogen and 

Sphaeropsis affected areas. .................................................................................................................................26 
Figure 25.  Processing steps to translate results from crown to canopy scales in ENVI and ArcGIS............................28 
Figure 26.  Location of soil profile data at (a) Strip Road, Carabost SF and (b) Kangaroo Vale, Buccleuch SF. ..........36 
Figure 27.  Revised geology of Kangaroo Vale, Buccleuch State Forest.  Compartment boundaries are in green and 

image boundary is in white.  Geological legend is presented in the Appendix 9.2. ...............................................37 
Figure 28. Soil core drilling rig at Kangaroo Vale. .........................................................................................................38 
Figure 29.  Pruned tree regression diagram for predicting soil PAWC (mm H2O) for the Carabost SF (Reduction in 

Deviance [RID] = 0.41; df = 80).............................................................................................................................39 
Figure 30.  Pruned tree regression diagram for predicting soil PAWC (mm H2O) for Kangaroo Vale (RID = 0.84; df = 

16).........................................................................................................................................................................39 
Figure 31.  Proportional coverages for (a) high crown transparency in Essigella 2002, and (b) sick crowns (Proportion 

of discolourarion) in Sphaeropsis 2003. ................................................................................................................40 
Figure 32.  The relationship between 2002 Strip Rd Mean Crown Transparency and annual net solar radiation 

(NETRAD)  (r = 0.32). ...........................................................................................................................................42 
 
 
 
 

Tables  
Table 1.  Spatial and spectral characteristics of some sensors used for forest inventory. ..............................................3 
Table 2.  Characteristics of damaging agents examined in this project ..........................................................................6 
Table 3.  Stand and silvicultural characteristics of sites sampled in this project. ............................................................7 
Table 4.  Summary statistics for Essigella plots (N=94) ................................................................................................10 
Table 5.  Summary statistics for low soil Nitrogen in 2002 (N=90)................................................................................11 
Table 6.  Summary statistics for Sphaeropsis plots (N=70) ..........................................................................................14 
Table 7.  Wavelengths in nanometres for each band in the DMSI in 2002 and 2003....................................................17 
Table 8.  Vegetation indices calculated in this project...................................................................................................25 
Table 9.  Correlation between Mean Crown transparency and Upper Crown transparency measured from the 2002 

Strip Rd image (n = 3966) and site/soil attributes for Carabost SF. ......................................................................41 
Table 10.  Correlation coefficients between Overall Crown Colour (OCC) and the Presence of Discolouration (PDISC) 

measured from the 2003 kangaroo Vale image, and site/soil attributes for Buccleuch SF. ..................................43 
Table 11.  Primary considerations and recommendations for each stage of this project. .............................................45 
 
 

  
vi

 



Remote Sensing for Forest Health Assessment  Handbook 

1. Remote sensing for forest health assessment 

Effective forest health monitoring programs are an essential component of forest management practices.  

Conventional forest health assessment involves broad scale reconnaissance from aircraft and the manual 

delineation of affected stands on hardcopy maps.  In the field, forest health experts then diagnose 

damage in the areas identified as containing unhealthy or stressed trees and recommend remediation 

strategies to minimise losses in wood production.  Aerial survey techniques are developing rapidly, partly 

in response to developments in digitisation technology and GPS/GIS systems that accurately identify the 

location of the aircraft during the survey (Stone & Coops 2004).  However, the effectiveness of aerial 

surveillance for identifying unhealthy or stressed trees is limited because it is qualitative, subjective and 

dependant upon the skill of the surveyor (McConnell et al. 2000).  In addition, aerial surveys necessarily 

identify the visual expression of damage in the trees, which may be a relatively late stage in the 

progression of symptoms.   

In contrast to aerial survey techniques, digital remote sensing can produce accurate, high spatial 

resolution images of forest canopies.  Modern digital remote sensing systems have two distinct 

advantages over visual surveys and conventional remote sensing techniques such as aerial photography 

and aerial surveys.  First, the traditional products generally contain limited amount of information 

pertaining to the physiological status of the plantation canopy.  Digital remote sensing systems measure 

the amount of electromagnetic energy reflected and/or emitted from a target within a series of wavebands 

(Asrar 1989) which can coincide the visible range (from 400 to 700 nanometres) but also beyond the 

range of human vision.  These measurements enable not only the distribution of damage to be accurately 

mapped but also the quantitative classification of damage severity.  Several indices derived from remotely 

sensed reflectance data have been investigated for the early detection of physiological stress in trees (e.g. 

Carter et al. 1996; Mohammed et al. 1997).  This potentially enables early intervention, minimizing losses 

in productivity or tree mortality.   

The second advantage arises because the imagery is acquired in a digitised, spatially-explicit format and 

therefore can be statistically analysed with respect to other digital spatial coverages within a GIS 

framework.  This provides the immediate potential for an integrated visualisation and modelling of these 

various spatial layers across a range of operational and environmental scales.  

This Handbook presents a method for assessing the health of Pinus radiata plantations from multispectral 

imagery, including a description of key issues that forest managers wishing to utilize this technology 

should be familiar with.  In particular, it describes methods for quantifying crown damage of P. radiata 

affected by three damaging agents that are common in Australia: the Essigella californica aphid, low soil 

nitrogen levels, and the fungal pathogen Sphaeropsis sapinea.  This Manual is one of the outcomes from 

a collaborative CSIRO FFP/ SFNSW research project supported and partially funded by the Forest and 

Wood Products Research and Development Corporation (PN02.1906).    
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1.1. Interpreting vegetation spectra  

The spectral characteristics of vegetation are governed by the structure of the plant and its leaves, and its 

chemical composition, especially moisture and chlorophyll content (Goetz et al. 1983; Curran 1989; Hall et 

al. 1995; Blackburn 1999). The typical mean reflectance spectrum of a healthy P.radiata needle in the 

visible and NIR region is shown in Figure 1.   

 

Figure 1.  Typical mean spectral signature of a healthy P.radiata needle in the visible and NIR spectrum 

 

  

Key features of this spectrum include a subtle increase in reflectance in the green wavelengths around 

550 nm, reduced reflectance in red wavelengths around 680 nm due absorption by chlorophyll, and a 

steep increase in reflectance between red and near infra-red (NIR) wavelengths around 700 – 750 nm 

(known as the red-edge).  Certain regions of the spectra contain wavelengths sensitive to changes in the 

biochemical constituents, principally the leaf pigments (the chlorophylls, carotenoids and anthocyanins), 

the internal cellular structure and water content of leaves and leaf surface properties.  Processes that alter 

the biochemical and morphological features, such as drought or insect damage (Rouse Jr. et al. 1973; 

Carter 1993; Stone et al. 2003) also influence the reflectance characteristics of the leaves.  Many of these 

damaging processes are manifested, in their earliest stages, as a disruption of cellular functioning and 

organisation in young leaves or the fine root system.  These processes can occur before damage 

becomes visible to the naked eye making detection in the reflectance spectra of stressed plants possible 

using laboratory and near-field spectrometry (Ahern 1988; Rock et al. 1988; Carter et al. 1996).  For 

example, several reflectance indices incorporating wavelengths sensitive to the chlorophyll content of 

foliage have been derived (e.g. Datt 1999) and tested to assess the extent and severity of chlorosis for 

several species of Eucalyptus at both the leaf and tree scale (Coops et al. 2003a).   
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1.2. Remote sensing tools and techniques 

Remote sensing technology has developed rapidly in recent years with data now available from a wide 

range of sensor types.  Remote sensing systems typically differ in their spatial resolution (the size of 

image pixels), their spectral resolution (the number and width of wavelength bands in which reflected light 

is measured) their temporal resolution (the frequency at which they can capture images of the same part 

of the earth) and the cost of images.  Each remote sensing system is therefore suited to particular types of 

analyses.  Table 1 shows the spectral and spatial characteristics of some remote sensing instruments, 

and their costs per hectare, in comparison with conventional inventory techniques including aerial sketch-

mapping and aerial photography.  

 

Table 1.  Spatial and spectral characteristics of some sensors used for forest inventory. 

Sensor 
Ground 

resolution 
Spectral 
bands 

Wavelength 
range (nm) 

Capability 
for narrow 

band 
indices 

Cost/ha 
($) Applications 

Landsat  30m 9 450-1250 No < 0.01 Landscape-scale mapping 
and monitoring 

Hyperion 30m 220 400-2500 Yes 0.09 Landscape-scale canopy 
condition modelling,  

Compact 
Airborne 
Spectrographic 
Imager (CASI) 2 

80cm – 5m 12-78 400-1050 Yes > 1.50 Crown-scale forest condition 
modelling (Sampson et al. 
2003).  

Digital Multi-
Spectral Camera 
(DMSC) 

>20cm 4 400 -1100 Yes 0.90 Crown-scale forest condition 
modelling 

LIDAR 2m pulse 
spacing 

1 NA No > 5.00 Digital elevation modelling, 
forest attribute inventory 

Aerial 
photography 

1:15,000 
scale 

1 400-750 No 0.50 High spatial resolution 
mapping 

Aerial sketch-
mapping 

compartment NA NA No 0.20 Forest health inventory 

Note:  Prices estimated based on cost of acquiring a standard full scene or typical area at time of writing 

 

At present airborne optical sensors such as digital videography (King 2000), hyperspectral (Coops et al. 

2004) and laser (e.g. lidar, Lovell et al. 2003) technologies are being tested in the forestry environment.  

The transfer of a number of these technologies to space-borne sensors may occur in the next decade with 

multispectral sensors having the spatial resolution capable of detecting individual tree crowns.  High 

spatial resolution is highly desirable for forest management applications because it enables the imagery to 

be used at a wide range of scales, providing spatial condition data at both crown and canopy scales.  In 

addition, the integration of spatially explicit characterisation of forest canopy condition with other geo-

referenced management and environmental coverages using GIS software presents the possibility of 
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developing integrated decision support systems and spatial hazard ratings for key insect pests and 

pathogens (e.g. Franklin et al. 2001; Coops et al. 2004).   

The airborne instruments that have received most attention in Australia have been multi-spectral 

(characterised by having a low number of spectrally broad bands) and hyperspectral (many spectrally 

narrow bands) optical sensors.  Optical instruments measure the amount of light reflected from vegetation 

within specific regions of the electromagnetic spectrum.  In general, there has been more success in the 

development of robust quantifiable relationships between leaf and needle pigment concentration and 

biochemistry using ground-based measures of reflectance rather than from airborne reflectance sensors.  

This is principally due to overall crown reflectance being a complex interaction of foliage spectral 

properties as well as other sources of variability including atmospheric effects, shadow pattern, 

background composition and instrument noise (Coops et al. 2004).  However, recent advances in sensor 

technology and software processing routines are improving the fidelity of remotely sensed data.   

The spatial resolution of the imagery is also critical.  Working at the individual tree-scale has many 

advantages, especially in highly variable environments such as mixed species, multi-aged native forests 

and in environments where tree/pest interactions are highly variable between individual crowns.  For 

example, Sirex noctilio in P.radiata, tends initially to attack suppressed trees producing a pattern of 

scattered dying and dead trees, and Sphaeropsis sapinea may infect an individual crown while those 

adjacent appear unaffected.  In contrast, Essigella californica may infest pine plantations at a large scale 

(May & Carlyle 2003).  One of the great advantages of digital image data, however, is the ability to be 

analysed over a range of scales.  High spatial resolution data in which individual crowns can be identified 

therefore provides the greatest opportunity to accurately characterise the distribution of a wide range of 

damaging agents.  We used digital multi-spectral imagery (DMSI) because it is has several advantages 

over other systems including: (a) the ability to capture imagery at < 50cm spatial resolution, (b) the ability 

reduce the spectral width of each band to 10 nm by fitting filters to the camera, (c) its proven track record 

as an operational remote sensing device for forest inventory assessments, and (d) the relatively low cost 

of imagery compared to some alternative high resolution image sources (Table 1).  

Concurrent with the development of improved sensor characteristics has been the development of image 

analysis and processing routines that enable detailed information about the condition of vegetation to be 

extracted from each image.  Many studies have identified vegetation indices calculated from combinations 

of wavelengths that can be measured to indicate the condition of plants in response to a range of stresses 

(e.g. Zarco-Tejada et al. 2003; Coops et al. 2004).  The best known vegetation index is the Normalised 

Difference Vegetation Index (NDVI, Tucker 1979), which is a function of red and near infra-red energy that 

can indicate leaf area index, plant biomass and growth vigour (Davenport & Nicholson 1993; O'Neill 

1996b; Gupta et al. 2000).  Alternative processing approaches include the use of linear spectral mixture 

analysis, which models the contribution of various ‘pure’ spectral fractions such as green vegetation, 

shade and soil in pixels that show a combination of landcover types (e.g. Levesque & King 2003).  The 

development of sensor technology and processing routines makes remote sensing an increasingly 

effective and economical option for forest health assessments.  
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2. Site selection 

2.1. Demonstration area  

This study was conducted on P.radiata trees in the Carabost State Forest (-35o 39’S, 147o49’ E; 500m 

Elevation), and Kangaroo Vale in the Buccleuch State Forest in southern New South Wales (-35o06’S, 

148o17’E; 450m Elevation; Figure 2).  Both areas are in the lower rainfall belt of NSW with annual rainfall 

below 700mm per year, however the vast majority falls in winter with hot and dry summers.  This area is 

considered marginal in terms of P. radiata growth and, as a result, the plantation has a history of 

damaging agents.  

This demonstration area was selected in part due to the availability of site information compiled as GIS 

coverages delivered in Phase 1 of the Southern Hume Soil Information System (SIS: Ryan & Loughhead 

2001) for the Carabost SF area.  This SIS includes GIS layers quantifying climate, geology, terrain and 

soils throughout the area.  These data provide a detailed characterization of the demonstration area and 

enable hypotheses regarding the effect of site variability on forest health to be tested. 

  
STATE FORESTS OF N.S.W.  

LOCALITY MAP 
 

Carabost State Forest 
Hume Region 

 
STATE FORESTS OF N.S.W.  

LOCALITY MAP 
Kangaroo Vale 

Buccleuch State Forest 
Hume Region 

(a) Carabost State Forest (b) Kangaroo Vale, Buccleuch State Forest 

Figure 2.  Location of the project demonstration areas in southern NSW. 
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2.2. Occurrence of damaging agents  

Australian softwood plantations are exposed to a diverse range of abiotic and biotic damaging agents 

including fire, drought, hail, snow, frost, lightning strikes and wind damage, competition from weeds and 

soil nutritional disorders.  Key pests include Essigella californica, Sirex noctilio, marsupial browsing, and 

fungal pathogens including Sphaeropsis sapinea, Dothistroma septospora and Cyclaneusma minus 

(Neumann & Marks 1990; May & Carlyle 2003).  The biotic agents, in particular, can respond differently to 

a complex of multi-trophic processes including local climate, topographical, edaphic gradients and host 

plant condition, which in turn determines the extent and severity of symptoms.   

A key factor to the success of modelling crown damage using remotely sensed imagery is the validity and 

appropriateness of the associated ground-based programs. Specific pests and diseases can have 

distinctive properties of attack, including the extent and distribution of damage at landscape, stand, cluster 

and individual crown scales. For example, trees within a stand affected by Dothistroma tend to have 

relatively uniform levels of crown damage, whereas trees within a stand affected by Sphaeropsis can 

express a wide range of symptoms and damage severity levels. A sound understanding of the progression 

of symptoms at the leaf, tree, and stand scales is required, especially for those symptoms that have been 

shown to affect spectral reflectance (Stone & Coops 2004).  Knowledge of the progression and pattern of 

the specific symptoms across these scales influences the selection of sampling strategies - on the ground, 

by aircraft or by satellite.  Consequently, the leaf, tree or stand traits sampled in the field need to be 

carefully selected to correspond with the identified symptoms. These traits are usually modelled against 

the imagery using parametric statistical techniques, so it is desirable to have ground-based measures that 

are quantitative and repeatable and not based on subjective qualitative scores. The typical progression of 

symptoms of damage from the three damaging agents investigated in this study at Carabost State Forest 

and Kangaroo Vale Section are shown in Table 2.   

Table 2.  Characteristics of damaging agents examined in this project 

  

Agent Pathogen 
Stand 

Maturity Needle symptom Crown symptoms Scale of attack 

Essigella 
californica  

Aphid Mid-rotation 
- Mature 

Chlorosis Increased 
transparency 

Cluster to 
landscape  

Seasonal  

Soil Nitrogen Soil 
deficiency 

All Chlorosis 

Short and stunted 
needles 

Pale-green to 
yellow needle 
colour 

Stunted growth 

Poor crown 
structure 

Stand to 
landscape 

Invariant over 
long-term 

Sphaeropsis 
sapinea 

Fungus Young – 
mid-rotation 

Necrosis 

Colour change 
through pale 
green, yellow, red 
and white 

Colour change 

Initial impact in 
one or a few outer 
branches 
progressing to 
whole tree 

Single tree to 
cluster  

Rapid 
progression to 
death 
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2.3. Study site selection 

Different damaging agents occur in different areas of the Southern Hume region, and damaging agents 

tend not to co-occur.  Sampling locations within the Carabost SF were located near Strip Road (Essigella) 

and Downfall Creek (Nitrogen), and in the Kangaroo Vale section of Buccleuch State Forest (Sphaeropsis; 

Figure 2).  Three clusters of trees were sampled near Strip Rd and Kangaroo Vale, and one sample was 

taken from Downfall creek.   

Trees in these sites ranged in age and in the silvicultural management practices (Table 3), which created 

differing crown conditions.  However, overstorey vegetation in all cases was a single cohort age structure 

with only minor variation in stem height and diameter.  Understorey characteristics were similar at all sites 

and typical of highly managed Pinus radiata stands, with a uniform layer of dead needles (up to 10cm), 

occasional exposed soil and rock and no significant understorey growth or weed competition.  In addition, 

all sites are relatively flat, which minimises the influence of terrain on pixel values in remotely sensed 

images (Liang & Strahler 2000).   

 

Table 3.  Stand and silvicultural characteristics of sites sampled in this project. 

Agent Forest Location 
Year 
planted 

No. times 
thinned Plot design 

No. trees 
sampled 

Essigella 
californica  

Carabost  Strip Road 1967 2 3 circular 0.1ha plots 

randomly located 

all trees in plot sampled 

96 - 2002 
112 - 2003 

 

Soil Nitrogen Carabost Downfall 
Creek 

1991 0 1 plot 

linear transects traversing the 

maximum range of affect levels 

every 3rd tree sampled 

90 - 2002 
90 - 2003 

Sphaeropsis 
sapinea 

Buccleuch  Kangaroo 
Vale 

1992 0 3 circular 0.1ha plots 

plots located around ‘landmark’ 

trees 

all trees in plot sampled 

78 - 2002 
86 - 2003 

 

A number of circular, rectangular or transect plots were established for each damaging agent resulting in a 

large number of individual tree samples per agent expressing a full range of symptoms.  The aim was to 

obtain a representative sample of trees covering the full range of symptoms per agent, rather than to 

obtain a statistically balanced sample of trees over the entire estate.  As a result, plot placement was 

biased to ensure enough trees with significant damaging agents were sampled.   
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Plots within stands affected by Essigella were randomly 

located because affected trees are generally uniformly 

distributed within a stand (Figure 3). Three circular plots 

(0.1ha) were established within infected stands ensuring 

approximately 70 trees covering the full range of 

symptoms.   

The Soil Nitrogen site was identified using broad soil 

mapping provided by the NSW mapping agency. The 

low nitrogen status of this site was confirmed by visual 

inspection and preliminary testing of foliar nitrogen 

content. However, it was not possible to collect 

Figure 3.  Understorey characteristics in the Strip Rd 
study area

additional field data as part of this project. The collection of high quality soil data across the Hume region, 

and the production of spatial models of key soil attributes incorporating the environmental GIS coverages, 

is included in the Phase 2 proposal for the Hume SIS.  This Phase has not been funded at this stage, 

however, and this analysis was therefore limited to use of the sparse existing soil profile and chemical 

data compiled during the Phase 1 program. A transect sampling strategy was used to ensure a full 

sequence of symptoms was sampled over the area. A number of transects commenced in healthy stands 

and traversed into the nitrogen poor stands with every third tree sampled.   

The patchy nature of Sphaeropsis infection makes random plot placement in the landscape not practical. 

Stands with Sphaeropsis are typically from 8 to 20 years old resulting in a mean crown size of 5m and 

large number of trees per site. Crowns within each cluster were initially selected using a stratified random 

sampling method, and modified to ensure that all trees sampled on the ground were also visible in the 

images.   

3. Field condition assessments 

Field assessments of the condition of the trees was made in late September 2002 and early September 

2003.  The expression of many damaging agents such as Essigella is most acute at this time (May & 

Carlyle 2003) and new shoots appear later in the growing season in P.radiata plants.  Mature foliage has 

therefore been exposed to the damaging agents for approximately one year.  A specific assessment 

proforma was made for each damaging agent (Appendix 9.1) and different attributes were measured from 

crowns affected by each damaging agent.  Attributes measured from crowns affected by Essigella 

concentrated on the transparency, colour and size of the crown.  Measurements from crowns affected by 

Sphaeropsis concentrated on the colour of the crown, and measurements from trees growing in low soil 

Nitrogen concentrated on the size of the crown.  

Crown transparency was assessed using standardised United States Department of Agriculture (USDA) 

Forest Service transparency cards, and measured in 5% increments.  Crown colour and the proportion of 

each crown affected was estimated visually and cross checked in the field by experienced tree 
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pathologists.  Tree height and crown depth were measured using a clinometer, and crown diameter was 

measured in north-south and east-west directions using a tape measure.  Field data were collected from 

all trees within the Essigella and Sphaeropsis plots, and from every 3rd tree in the soil nitrogen plot.   

3.1. Strip Rd - Essigella californica  

3.1.1. Symptoms 

 

Essigella was first identified in Australia in 1998 and is 

now established in all major pine growing regions of 

Australia.  The California pine aphid attacks older P. 

radiata trees in the mid-upper crown progressing 

upwards to the terminal shoot and eventually 

downwards to the lower crown. It tends to move 

progressively from mid-whorl out to shoot tips, causing 

needles to go chlorotic and fall prematurely (May & 

Carlyle 2003). Ultimately, this results in very thin 

crowns especially from mid to upper crown and dead 

tops (Figure 4). Younger outer needles may be retained 

on the outer crown as green tufts.  The lower crown 

can remain green and of normal density.  Essigella 

tends to attack several trees at a time, with attack often 

occurring in ‘waves’ across large areas of a plantation. Figure 4.  Essigella Site 1 Tree 9

As individual crowns become more highly infested, resulting in increased crown transparency, the capacity 

of remote sensing technologies to detect and classify each crown becomes more problematic. As 

discussed later in the handbook, only trees observed on the imagery were field scored.  Crowns with very 

high levels of infestation and transparency were unlikely to be observed in the imagery and were therefore 

rarely scored in the field and used in the analysis.  In these cases (crowns with > 80% transparency) 

underlying vegetation may have increased in productivity and possibly could be apparent in the imagery. 

Field programs assessing Essigella damage should be careful to avoid sampling crowns beneath which 

this occurs.  

3.1.2. Field assessment 

The median height of trees in the Essigella plots increased by around 1 metre between 2002 and 2003, 

from 25.6 m 26.7 (Table 4; Figure 5a).  Median diameter at breast height (dbh) increased subtly from 36.2 

cm to 36.4 cm (Figure 5b).  The proportion of each crown affected increased from 33% to 40 % in 2003 

(Figure 5c).  Mean transparency (Figure 5d), calculated as the average transparency in each crown 

quartile) increased slightly from 32.4% in 2002 (Table 4) to 37.6% in 2003 indicating an increase in the 

severity of impact.   
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Table 4.  Summary statistics for Essigella plots (N=94) 

2002 Tree Height (m) Dbh (cm) Proportion affected (%) 
Mean 

transparency (%) 

Mean 26.2 36.2 33.0 32.4 

Median 25.6 36.4 30.0 30.0 

Range 17.7-42.0 22.2-53.1 15-85 15-80 

2003     
Mean 27.3 36.4 40.4 37.6 

Median 26.7 36.7 40.0 35.0 

Range 16.4-45 22.7-53.2 15-85 12.5-90 
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Figure 5. Comparison of crown conditions in tree affected by Essigella 2002 and 2003.  
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3.2. Downfall Creek – Low Soil Nitrogen  

3.2.1. Symptoms 

Wood production in Australian P. radiata plantations is 

strongly correlated with nitrogen availability (net N 

mineralisation) and many plantation soils have inherently 

low rates of net N mineralisation (Carlyle & Nambiar 2001) 

which are reflected in low foliar N concentrations. Nitrogen 

deficiency in radiata pine, resulting in severe growth 

reductions, is normally associated with needle nitrogen 

concentrations of <1.2%, although positive growth 

response to N fertiliser can be obtained in trees with 

concentrations in the range 1.2-1.5%.  The foliage of N 

deficient trees is typically a uniform pale green, turning to 

yellow under severe conditions with new needles and 

shoots short and stunted. Variations in soil nitrogen levels 

tend to occur at the landscape scale or larger, with 

differences related to topography, climatic conditions and 

soil type.  Soil Nitrogen levels can be relatively invariant 

over long periods of time.   

 

Figure 6.  Nitrogen deficient site. 

 

3.2.2. Field assessment 

Trees growing in conditions of low soil nitrogen were generally smaller than trees affected by Sphaeropsis 

(Table 5; Figure 7a, b), though the stands are of similar age, and average crown transparency is lower 

than in trees affected by Essigella.  In 2002 the mean crown volume was 15.4 m3.  Reconnaissance in 

2003 indicated that the condition of trees affected by low soil Nitrogen levels changed very little between 

2002 and 2003 and as a result data collected in 2002 was regarded as representative of the condition of 

the trees in both years.   

 

Table 5.  Summary statistics for low soil Nitrogen in 2002 (N=90) 

 Tree Height (m) Dbh (cm) Mean transparency (%) Crown volume (m3) 

Mean 9.1 12.2 29.1 15.4 

Median 8.8 12.1 25.0 13.8 

Range 2.3-15.9 2.6-26 15-85 1.2-50.4 
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Figure 7.  Summary plots for trees affected by low soil-nitrogen levels in 2002 

 

3.3. Kangaroo Vale - Sphaeropsis sapinea  

3.3.1. Symptoms 

Sphaeropsis is among the most common and widely distributed fungal pathogens of conifers (Stanosz 

1997).  Shoot blight, crown wilt, cankers and sapwood stain caused by Sphaeropsis have caused severe 

economic losses in pine plantations in Australia, New Zealand and South Africa (Stanosz 1997).  Often a 

leader or outer branch shoot is affected first, resulting in dead tops followed by an increasing number of 

dying branches.  The lower crown can remain green and of normal density. Infection by Sphaeropsis can 

result in disruption of the translocation system in the tree bole, branches and needles resulting in cellular 

desiccation of the needles. The visual symptoms include needles becoming uniformly paler green, wilting 

(briefly) then turning yellow, through orange and red and ultimately being shed (Figure 8).  Sphaeropsis 

can occur in an individual tree while others around it remain unaffected.  Small clusters of trees can also 

be affected.   
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Figure 8.  Severe crown discolouration  
from Sphaeropsis 

Figure 9.  The distribution of symptoms of Sphaeropsis in the Kangaroo 
Vale study area. 

3.3.2. Field assessment 

There was little growth of trees affected by Sphaeropsis between sampling dates.  Median tree height 

increased by 10 cm (Table 6) and maximum height increased from 14.9 m to 15.3 m (Figure 10a).  The 

average increase in dbh was less than 1 cm (Figure 10b).  Needle colours indicate the severity of 

Sphaeropsis attack.  In this study, needle colours were coded from 1 (healthy, dark green) to 6 (sick, white 

or grey).  Mean leader colour increased from 1.76 in 2002 (Table 6) to 2.41 in 2003 indicating that the 

severity of attack has increased.  The incidence of leader colour code 6, indicating severe attack, 

increased from 10 to 15 percent of trees, and the incidence of colour codes indicating low levels of 

infection decreased (Figure 10c).   

Overall Crown Colour (OCC) summarises the extent and severity of colour change in crowns affected by 

Sphaeropsis, with higher OCC scores indicating a higher incidence and/or severity of attack.  Median 

OCC score remained relatively unchanged between 2002 and 2003 (Figure 10d), but mean OCC scores 

increased from 0.14 to 0.26 (Table 6), indicating a slight tendency towards more severe discolouration in 

2003.  The proportion of trees with an OCC score of 1, indicating very severe attack, has increased from 

around 2 percent in 2002 to around 15 percent in 2003 which implies that trees progress rapidly from low 

levels of infection to mortality. 
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Table 6.  Summary statistics for Sphaeropsis plots (N=70) 

2002 Tree Height (m) Dbh (cm) Leader colour 
Overall Crown 

Colour 

Mean 12.7 18.5 1.8 0.14 

Median 12.9 18.5 1.0 0.03 

Range 9.8-14.9 9.8-28.4 1-6 0.03-1 

2003     

Mean 12.7 19.3 2.4 0.26 

Median 13.0 19.2 1.0 0.03 

Range 8.8-15.3 11.3-27.8 1-6 0.03-1 
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Figure 10.Summary graphs for trees affected by Sphaeropsis in 2002 and 2003. 
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4. Remote condition assessment 

The method described in this Handbook consists of five main stages: (1) Image acquisition, (2) Image 

calibration, (3) Tree identification, (4) Condition modelling and (5) Scale translation.  The sequence of 

processing stages and major considerations in each stage is shown in Figure 11.   
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Figure 11.  Major processing steps and consideration described in this handbook 
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4.1. Image acquisition 
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Figure 12.  Major considerations 
during image acquisition for 
forest health assessment 

 

Imagery was acquired from the Digital Multi-Spectral Camera (DMSC) II 

system developed by Specterra (Specterra Services 2004). The DMSC 

system has four individual 1024 x 1024 charge-coupled device (CCD) 

arrays capable of acquiring data at 12 bit digitisation and can be mounted 

on a suitable single engine light aircraft.  The system allows each of the four 

CCD arrays to be fitted with independent and replaceable narrow bandwidth 

(10nm) interference filters (www.andovercorp.com) to allow detection in 

selected wavelengths of interest.   

Flight altitude governs pixel (spatial) resolution. For both sets of imagery 

acquired over the demonstration area a pixel resolution of 0.5 x 0.5 m was 

selected resulting in each DMSC frame covering 700m x 700m. Each frame 

was then digitally mosaiced using a digital ortho-photograph as a base map, 

which provided a spatial registration accuracy of less than 2m.   

The surface reflectance observed by different sensors (such as DMSC and 

conventional aerial photography) can be strongly dependant on ‘sun-target-

sensor’ geometry. This viewing geometry is known as the bidirectional 

reflectance distribution function (BRDF) effect (Liang & Strahler 2000).  A 

number of empirical or semi-empirical functions have been proposed to 

remove, or at least minimize, the effect from imagery acquired using a wide 

scanning angle or lens, such as aerial photography, digital camera or 

airborne videography. In addition time series imagery should only be 

analysed if it is obtained under similar viewing geometry conditions.  

When obtaining imagery from private contractors it is important to ensure 

that lens distortion and brightness differences associated with view angle 

are accounted for in pre-processing rather than obtaining imagery which 

has significant brightness differences. This is normally undertaken by the 

contractor as part of the development of a seamless mosaic. In addition 

there are a number of techniques users can apply to ensure BRDF effects 

are kept at a minimum. These include ensuring that :  

• plots are located within the central strip, or centre of each image frame 

at near nadir angles (straight down, or 90º)  

• the sun is located as near to overhead as possible to avoid long 

shadows and inter crown shadowing 

• sampled crowns on imagery are not coincident with image frame joins.  

 

16



Remote Sensing for Forest Health Assessment  Handbook 

The date and time of image capture can affect image capture in several ways.  The best illumination 

characteristics occur in summer, when sun elevation angles are higher.  However, this may not coincide 

with the greatest seasonal expression of damaging symptoms, which often occurs in winter (May & Carlyle 

2003).  The growth of new shoots, which occurs in mid spring in P.radiata, can also alter the expression of 

damaging symptoms in the trees and the ability to identify damage in the images.  Image capture in 

September occurs before new shoot growth, and mature foliage has therefore been exposed to the 

damaging agents for approximately one year. Subsequent images of the same area should be captured 

on or near the anniversary date of capture of the initial images and at approximately the same time of day 

so that the illumination conditions are similar between images.  This maximises the accuracy of change 

detection analyses that compare spectral conditions between images.   
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In 2002 four infra-red wavelength 

filters which allowed discrimination of 

the red-edge slopes (680, 720, and 

740 nm) as well as a reference or 

insensitive wavelength at 850 nm 

were selected. These wavelength 

filters were modified in 2003 to 

680nm, 700nm 720nm and 750nm 

based on preliminary analyses of the 

relationship between reflectance 

measurements and the condition of 

the trees (Figure 13;Table 7).   

The field campaign in 2002 was 

conducted one week after image 

capture, thereby allowing individual 

crowns sampled in the field to be  

Figure 13.  Wavelengths acquired in 2002 and 2003, and their location along 
the red-edge.

clearly identified on colour printouts of the images showing each of the plots.  It is often difficult to match 

tree crowns in the field with those shown in the images when field programs are undertaken without 

access to the imagery (Coops et al. 2001).  Fieldwork in 2003 was coincident with image capture.  

 

Table 7.  Wavelengths in nanometres for each band in the DMSI in 2002 and 2003 

 Band 1 Band 2 Band 3 Band 4 

2002 680 720 740 850 

2003 680 700 720 750 
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4.2. Image data  

4.2.1. Strip Rd – Essigella 

Conditions during image capture in 2002 and 2003 were fine under cloud-free skies.  The images were 

captured around midday coincident with the highest diurnal solar elevation angles at this time of year.  

Yellow boxes identify the main areas where field data were collected in each image.   
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4.2.2. Downfall Creek Road – low soil Nitrogen 
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4.2.3. Kangaroo Vale – Sphaeropsis 

 

2002 2003 

 

Figure 16.  DMSI false colour image of Kangaroo Vale in the Buccleuch State Forest (Sphaeropsis sapinea site – bands in 
R,G,B order).  

 

The Kangaroo Vale study area is dominated by small trees which create a dense canopy.  The impact of 

Sphaeropsis was more evident in 2003 than 2002, but otherwise site conditions remained relatively 

unchanged between years.   
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4.3. Image pre-processing 

4.3.1. Image calibration  
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Figure 17.  Major steps in image calibration and 
normalisation. 

 

Image calibration is essential to ensure that changes in 

pixel values between images represent changes in the 

condition of the trees, and not changes in atmospheric or 

sensor conditions(Song et al. 2001).  Two types of image 

calibration must be used in this kind of analysis: calibration 

from raw digital numbers as collected by the DMSC to 

absolute reflectance values, and normalisation of pixel 

values between dates of imagery.  Calibration to absolute 

reflectance is essential for the first, initial data collection, 

with subsequent images then normalised to match the first 

image.  

Calibration to reflectance values commonly involves placing 

Psuedo-invariant features (PIFs) such as large, clean and 

thick white and black sheets (Figure 18) within the area of 

image capture.  A spectro-radiometer is used to measure 

reflectance directly from each of the PIFs at the time of 

image capture.  These PIFs were assumed to have 

Lambertian reflectance properties.  An empirical line 

correction routine is then used to transform the raw PIF 

pixel values to the reflectance values measured using the 

spectro-radiometer.  

Normalising two sets of images allows spectral changes 

between dates to be directly interpreted as variations in tree 

condition, rather than changes in atmospheric conditions or 

sensor characteristics.  To do this landcover features that 

are visible in both dates of imagery, and are likely to have 

little variation in reflectance conditions over time are 

identified (Furby & Campbell 2001).  These features should 

have a range of brightness characteristics, such as roads or 

building roofs for bright targets and deep clear water for 

dark targets.   
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A regression model between pixel values can 

then be developed using the reflectance values 

from the first date of imagery as the dependent 

variable and the raw pixel values of the second 

image as the independent variable. This 

procedure transforms pixel values in the 

second image dataset to values commensurate 

with the calibrated initial scene (Yang & Lo 

2000).   

Figure 19 shows the effect of normalisation of 

the Strip Rd scene between 2002 and 2003.  

Raw pixel values before normalisation are 

highly correlated between dates, but image 

normalisation forces the slope and intercept of 

pixel values into a 1:1 relationship.  

Figure 18.  The black and white PIF’s that were placed in the Strip Rd scene for image calibration. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 19.  The effect of image normalisation on pixel values in the Strip Rd scene between 2002 and 2003. 
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4.4. Tree identification 

 
Co-locate trees in 
the field and in the 

imagery 

 
Extract mean 
spectra from 

crowns 
 

 

Figure 20.  Major steps in 
tree identification and  

spectra calculation

High spatial resolution imagery enables the identification of individual crown 

attributes, which improves mapping capabilities by providing a more accurate 

representation of the structure and shape of crowns.  An important factor in the 

assessment of crown condition from remotely sensed imagery is the method 

used to generate the spectral signature for each individual crown. When 

viewing high spatial resolution imagery of tree crowns there is significant 

variation in brightness depending on the pixel position in the crown caused by 

(i) differences in illumination, (ii) crown geometry, (iii) viewing angle, and (iv) 

bidirectional reflectance distribution function (Li & Strahler 1985).  

In a number of previous studies we utilised a range of crown spectral 

extraction techniques such as the Halo approach (Coops et al. 2003b), 

automated crown extraction (Coops et al., 2002) and a comparison of mean 

and maximum crown reflectance values. Initial analysis of this dataset 

indicated that a manual technique to identify individual crowns on the airborne 

imagery, which involved sampling the whole crown, provided the most 

significant correlations and confirms recommendations of Leckie et al., (1992) 

who verified that this was the most appropriate method for crown attribute  

modelling. Based on this result, each of the visible tree crowns sampled in the field in 2002 and 2003 were 

manually delineated on the DMSI using large scale hardcopies of the imagery and field maps (Figure 20).  

The full extent of each crown, including sunlit and shaded parts, was drawn onto the prints in each year 

(Figure 21).  The outline of the each crown was transferred from the prints onto the images during 

digitisation in the laboratory, and mean spectral statistics were calculated from each crown.   

(a) (b) 
 

In addition to mean crown spectral statistics, 

a number of individual textural attributes for 

each crown could be extracted. For 

example, the spectral variance within each 

crown may vary with different levels of 

transparency (e.g., Yuan et al. 1991; 

Cosmopoulos and King 2004). In this project 

we concentrated efforts in detecting 

physically meaning spectral responses on 

which to build transferable, and robust 

indices of crown condition. Given strong  

Figure 21.  Examples of tree crown identification, showing (a) hand-
drawn and (b) digitised crown shapes, with tree I.D numbers. 

relationships between spectra and crown attributes, textural variance in crown spectra may then be used 

as additional indicators of crown structure. 
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5. Condition modelling 

5.1. Data inputs  

Decision trees have been used 

to generate modelling rules in a 

large number of remote sensing-

based research and operational 

projects (Hansen et al. 1996; 

Friedl & Brodley 1997; 

Lawrence & Wright 2001). 

Decision trees, also known as 

CART (Classification and 

Regression Trees) are 

exploratory tools that can be 

used to identify complex 

interactions amongst numerous 

variables. A decision tree 

requires a single dependent 

variable (e.g. a crown condition 

class) and multiple independent 

variables (such as spectral 

information from a remote 

sensing scene, or other 

environmental data). The result 

of a decision tree analysis is the 

generation of rules that 

correspond to "branches" of the 

decision tree. The strength of a  
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Figure 22.  Data inputs and processing steps in forest health model calculation.  

decision tree modelling framework is that it provides a methodology to encapsulate a range of variables 

(such as categorical and continuous) in an easy to understand, coherent structure.   

A number of different approaches have been developed to process narrow spectral band remotely sensed 

imagery to estimate crown condition. These include (a) the use of narrow band spectral indices and (b) the 

use of image fractions derived from endmembers which represent the spectral characteristics of cover 

types, regarded as having uniform properties (Garcia-Haro et al. 1999).  

 

 

  
24

 



Remote Sensing for Forest Health Assessment  Handbook 

5.1.1. Vegetation indices  

Generally, vegetation indices can be grouped into three broad types: simple ratios, normalised differences 

and red edge indices (Sims & Gamon 2002).  The simple and normalised difference reflectance indices 

compare reflectances at a key absorbance wavelength with a reference or insensitive wavelength, the 

most common of which is the simple vegetation index (NIR/Red, Sims & Gamon 2002). Red-edge based 

indices compare the spectral region between 690 – 750 nm which is sensitive to strong absorption by 

chlorophyll in the red region and strong reflectance in the NIR region due to scattering in the leaf 

mesophyll and the absence of absorption by pigments (Gausman 1985). Using the spectral bands 

acquired in 2002 and 2003 a simple ratio for chlorophyll content was calculated as well as three red-edge 

indices (as shown in Table 8).  These were modified from indices presented in Datt (1999) and Curran 

(2001).   

Table 8.  Vegetation indices calculated in this project. 

 2002 2003 

Lower Slope 
40

680720 ρρ −  40
680720 ρρ −  

Upper Slope 
20

720740 ρρ −  30
720750 ρρ −  

Total Slope 
60

680740 ρρ −  50
700750 ρρ −  

Chlorophyll 
Absorption Index 

850

680

ρ
ρ

 
750

680

ρ
ρ

 

Where ρ is reflectance at the nominated wavelength. 

5.1.2. Linear spectral unmixing  

An alternative method to the calculation of spectral vegetation indices is the use of spectral unmixing 

methods. Linear spectral unmixing is a technique used to divide each pixel into its component or 

endmember spectra (Ustin et al. 1995). In forestry applications typical end-members include sunlit canopy, 

bare soil and shadow and a number of studies have shown that these endmembers are highly correlated 

with canopy structure (Peddle et al. 1999) and account for a large proportion of the spectral variation 

between pixels in forestry remotely sensed images (Roberts et al. 1993; Fitzgerald et al. 2002; Levesque 

& King 2003).   

Endmembers are selected through an iterative process that involves identifying areas on the image with 

uniform cover types and utilising ground based reflectance spectra obtained at the time of image capture.  

The spectral characteristics of each endmembers derived from the imagery that were used in this 

application are shown in Figure 23.  The output of the linear spectral unmixing is a set of fraction images, 

one for each endmember, which range in pixel values between 0 and 1 representing the proportion of 

each of end-members within the pixel.  Examples of the fraction images created in this project are shown 

in Figure 24.   
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Figure 23.  Endmember spectra used to define sunlit canopy, shadow and soil used in linear spectral unmixing.   

 
 Sunlit Canopy Shadow Exposed Soil 

Essigella  
(Strip Rd) 

Soil Nitrogen  
(Downfall Creek) 

Sphaeropsis  
(Kangaroo Vale) 

 

Figure 24.  Fractions images for showing Sunlit Canopy, Shadow and Exposed Soil and Essigella, soil Nitrogen and 
Sphaeropsis affected areas.   
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5.2. Decision tree analysis 

The inputs into the decision tree models were therefore (a) the field based observations of crown condition 

for the three damaging agents, as well as (b) a set of four mean crown vegetation and red edge indices 

and (c) a mean crown fractional cover estimate for the three key cover types (sunlit canopy, shadow and 

exposed soil).  CART version 5 decision tree software (Salford Systems 2003) was used to develop the 

decision tree models.  CART was run in regression-tree mode (which lets CART identify natural groups 

within the data), using a least-squares splitting method and limited to a maximum of 5 terminal nodes.  

Decision trees were pruned if a terminal node contained a small number of crowns or if the difference in 

crown condition between terminal nodes was small.   

CART was used to assess data from 2002 and 2003, and the final decision tree models were based on 

the combination of splitters and thresholds, identified from the surrogate and competitor indices where 

necessary, that produced the most consistent groups of crowns in both years.  The combined nature of 

the decision tree models meant that it was not possible to assess model accuracy using the 

recommended v-fold cross validation, the method commonly used for assessing the accuracy of decision 

tree models based on small datasets in CART (Salford Systems 2003).  Instead the accuracy of the 

models was assessed using an error matrix to compare classifications based on the observed condition of 

the crowns with the classification indicated by the model.  The decision tree models are based on the 

entire sample of crowns, and the error matrices therefore probably overestimate their accuracy.   

A number of models were developed for each damaging agent. They were for Essigella; Mean Crown 

Transparency, Upper Crown Transparency and Proportion of Crown Affected, for Soil Nitrogen; Crown 

Volume and Mean Crown Transparency, and for Sphaeropsis; Proportion of Discolouration and Overall 

Crown Colour.  For the Sphaeropsis models, as the dataset was highly bimodal, the data were 

transformed into binary datasets by converting proportional discolouration values lower than 40% to 0 and 

values greater than 40% to 1.  The continuous crown transparency data recorded in crowns affected by 

Essigella were transformed into three damage classes: High (>50%), Moderate (25-50%) and Low (0-

25%).  These classes were based on those used by May and Carlyle (2003) and modified to 

accommodate to the distribution of damage levels observed in this study. 
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5.3. Translating from pixel to crown scales 
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Figure 25.  Processing steps to 
translate results from pixel to crown 
scales in ENVI and ArcGIS. 

Thus far the model development using Decision tree analysis has 

been based on the mean response of whole crowns that were 

identified and scored in the field. However, it is clearly not possible to 

manually identify and delineate every crown in the image and apply 

the model to each mean crown spectra. As a result we require 

automated methods for obtaining mean crown responses over the 

entire scene from which to apply the decision tree models.   

A number of tree delineation software packages have been developed 

that enable clusters of pixels to be automatically identified as 

individual tree crowns (Culvenor 2003).  Tree Identification and 

Delineation Algorithm (TIDA, Culvenor 2002), is one example, which 

enables the size, texture and spectral statistics to be calculated from 

each crown throughout the scene.  The primary assumption when 

TIDA (and most similar algorithms) attempts to delineate a tree crown 

is that the centre of the crown has a higher reflectance brightness 

than its edge.  This assumption is true in healthy tree crowns that are 

large, intact and growing vigorously.  However crowns in poor 

condition often do not have distinctly bright centres, or clear distinct 

canopies.  As a result, less-healthy crowns may be smaller or have 

low growth vigour and are less easily identified automatically.  This 

results in an underestimation of the number of unhealthy crowns 

throughout the scene.   

As an automated tree recognition approach is not easily applied in this 

situation a two step process was developed. The first step masks out 

as many non-vegetation pixels as possible using the soil and shadow 

fraction cover images. Secondly the remaining pixels are iteratively 

expanded and smoothed over an area comparative in size to 

individual tree crowns resulting in an output pixel which is more 

representative of the mean crown rather than individual sub-pixel 

crown elements. The size of the averaging filter was adjusted 

according to the size of the crowns, with Essigella having the largest 

filter and Sphaeropsis having the smallest. The soil and shadow 

fraction images were then used to re-mask the image to ensure 

predictions were only undertaken within the originally defined 

vegetated pixels.  
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5.3.1. Essigella - Mean Crown Transparency  

Mean crown transparency (in %) increases as the level of 

Essigella attack becomes more severe.  The major 

discriminator in the decision tree models for mean crown 

transparency is fraction of Sunlit Canopy, with small 

fractional values indicating highly transparent crowns.  A 

minor discriminator, which splits crowns into groups of lower 

transparency levels, is the chlorophyll index (680/750 nm) 

where lower chlorophyll index values correspond to lower 

mean levels of transparency.   

The error matrix indicates that this model has an overall 

Accuracy of 68% but tends to overestimate the transparency 

of the least affected trees.   
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>0.1 <=0.1 
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5.3.2. Essigella – Upper Crown Transparency 
 

Upper quartile transparency is a key variable as it assesses 

the component of the crown that is most susceptible to 

attack by Essigella.  The major discriminator of Upper 

Transparency is Sunlit Canopy with small index values 

indicating high levels of transparency.  The minor 

discriminator is again a spectral attribute, Upper Slope (720-

750nm), with larger values (indicative of steeper slopes) 

indicating lower transparency levels.   

The error matrix shows that this model is generally poor with 

an Overall Accuracy of 48%.  Accuracy is highest for 

moderately transparent crowns (producers accuracy 85%), 

but this model tends to overestimate the transparency of low 

transparency crowns.   
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5.3.3. Essigella – Proportion of Crown Affected  

The two previous decision tree models predict the reduction 

in foliage associated with Essigella attack. The Proportion 

of Crown Affected measures both the degree of 

discolouration as well as the defoliation of the crown based 

on Essigella attack.  

The major discriminator of the Proportion Affected model is 

Sunlit Canopy, with low values indicating the most severely 

affected crowns.  The minor discriminator is Lower Slope 

(680-720nm) with large index values indicating a small 

proportion affected.  This model has an Overall Accuracy of 

61% and is most accurate for moderately affected crowns.   

Sunlit 
Canopy 

High 
(>50%) 
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5.3.4. Nitrogen – Crown Volume  

The major discriminator for conical Crown volume is Sunlit 

Canopy, with high values indicating larger crown volumes.  The 

model produces a simple one branch tree with no other spectral 

or fraction attributes adding any additional discriminating power. 

The error matrix indicates that this model discriminated 

between high and low volume crowns with an Overall Accuracy 

of 58%, however the model overestimates crown volume with 

92% of crowns with a large volume being correctly classified as 

large crowns (Producer’s accuracy: errors of omission), but only 

24 % of crowns classified as having a large volume are actually 

large crowns according to the field data (User’s accuracy: 

errors of commission).   
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5.3.5. Nitrogen – Mean Transparency  

 

The major discriminator of Mean crown Transparency is 

Upper slope (720-750nm), with low index values (shallower 

slopes) indicating high transparency levels.  The minor 

discriminator is Sunlit Canopy, with high values indicating 

very low transparency levels.   

This model has an Overall Accuracy of 69%, and its 

accuracy is lowest for crowns with moderate transparency 

levels.   
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5.3.6. Sphaeropsis – Presence of Discolouration  

The Presence of Discolouration and Overall Crown Colour 

were highly bimodal variables and as a result were 

transformed into binary datasets indicating the presence of 

discolouration. The major discriminator of crown 

discolouration is Upper Slope (720-750nm) with low slope 

values indicating discoloured crowns.   

The error matrix shows that this model accurately identifies 

crown discolouration (Overall Accuracy 92%) and has few 

errors of commission (Producer’s accuracy = 92%) or 

omission (minimum User’s Accuracy = 87%).   
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5.3.7. Sphaeropsis – Overall Crown Colour  

Overall Crown Colour (OCC) summarises the extent and 

severity of discolouration of each crown.  The major 

discriminator of the OCC of crowns affected by 

Sphaeropsis is Sunlit Canopy, with low values indicating a 

crown with severe infection.   

The Overall Accuracy of this model is high (96%) and 

there are few errors of commission (minimum Producer’s 

Accuracy = 93%) or omission (minimum User’s Accuracy 

= 95%).   
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6. Environmental covariates with forest health indices 

6.1. Data collection and validation 

The availability of previously collected soil and environmental data within the Hume SIS area was a key 

reason for the placement of the study sites.  This data included climate, terrain and geology GIS 

coverages for Carabost and Buccleuch State Forests, and soil data for the Carabost SF (Wilson & Gallant 

2000; Ryan & Loughhead 2001).  The GIS coverages used in this analysis are listed in the Appendix (9.2).   

Soil data included a limited number of profiles near the Strip Rd study area, which were supplemented by 

additional soil profiles collected as part of this project (Figure 26a).  These data originate primarily from 

rapid reconnaissance surveys for the Southern Comprehensive Regional Assessment (CRA), and harvest 

plan surveys by SFNSW staff.  Few of the profiles described for these surveys were excavated to root 

impeding layers, especially in the lower parts of the landscape where soils are deeper.  Seven additional 

soil profiles were collected from the Strip Rd study area: two upslope and downslope of each of the 3 

forest measurement plots, and one in the main drainage line to the east of the Strip Rd compartments. 

This resulted in approximately 180 soil profiles available for analysis in the Carabost SF demonstration 

area.  In contrast there were no existing soil data within the Kangaroo Vale plantation area, and it was 

therefore necessary to collect all soil profile data as part of this project (Figure 26b).   

(a) (b) 

Figure 26.  Location of soil profile data at (a) Strip Road, Carabost SF and (b) Kangaroo Vale, Buccleuch SF. 
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The geology of the Kangaroo Vale area is highly variable and it was also necessary to verify the existing 

geology map and confirm major soil parent material boundaries (Figure 27).  A total of 21 soil profiles were 

sampled to the root impeding layer using a 4WD truck-based soil coring rig (Figure 28). These samples 

were collected within the area captured in the imagery plus a 500 m buffer.   

 

Figure 27.  Revised geology of Kangaroo Vale, Buccleuch State Forest.  Compartment boundaries are in green and image 
boundary is in white.  Geological legend is presented in the Appendix 9.2. 

 

The availability of the broad scale environmental data and soil profile information allows the forest health 

predictions developed from the remote sensing imagery to be compared to the major environmental strata 

(climate and soil material) in the region, and to utilise statistical modelling to incorporate both the remotely 

assessed crown condition attributes with attributes from the SIS phase 1 GIS.  One of the primary 

advantages of digital image data over aerial sketch mapping is that it enables precise quantification of the 

relationship between variations in canopy condition and variations in measured environmental and soil 

attributes.  
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One of the variables measured in this analysis was profile available water holding capacity (PAWC), a 

measure of potential soil water stress, which is one of the key soil attributes limiting affecting Pinus 

plantation productivity in Hume Region.  PAWC is a volumetric attribute with millimetres of water (mm) as 

its units, which determines the potential availability of soil water to plants.  Plants growing in soils with high 

PAWC tend to have lower water stress levels than soils with low PAWC.   

PAWC was estimated using a “pedo-transfer function” (PTF), which determines available water-holding 

capacity (AWC), based on field texture estimates of the soil horizon, using a lookup table developed by 

NSW DLWC for the Southern Region CRA (NSW DLWC et al. 1999).  The AWC was calculated for each 

soil horizon, modified for the volume of coarse fragments (gravel), and then summed over the entire profile 

to produce an estimate of PAWC.  Field texture and coarse fragment volume where measured for each 

horizon of the profiles and the PAWC estimated over the extent of image capture.  Budgetary limitations 

prevented the modelling of other soil attributes.   

 

 

Figure 28. Soil core drilling rig at Kangaroo Vale. 

6.1.1. PAWC models 

Spatial soil models for PAWC for Carabost SF and Kangaroo Vale were produced by relating the variation 

of PAWC estimates to the environmental GIS coverages (McKenzie & Ryan 1999; Ryan et al. 2000).  This 

was performed using Tree Regression in SPLUS 6 statistical analysis software (Insightful Corporation 

2001).  The spatial extent of the models was limited to the extent over which soil samples were collected 

in each study area, plus a buffer distance of 1,500m at Carabost.   

Pruned regression tree models for PAWC over Carabost SF and Kangaroo Vale are shown in Figure 29 

and Figure 30 respectively.  The attribute codes used in these models are shown in the Appendix (9.2).  

The predictive power and robustness of these models is limited because of limitations in the soil survey 

data, but they provide a logical basis for identifying broad classes of PAWC in each study area.  
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The major discriminator in the Carabost SF model (Figure 29) is radiometric K (radK), which separates 

deep soils with high (PAWC) that are associated depositional areas and old plateau surfaces.  The 

primary minor discriminator is the Aggradation Index (AI), which separates upper slopes (AI < 6) with low 

PAWC from lower slopes with higher PAWC.  These discriminators are consistent with differences in the 

metasediment parent material throughout Carabost SF.  Further discrimination is provided by the Prescott 

Index (PI) and the natural logarithm of the Dispersive Area, which are less intuitive and start to reflect 

some of the limitations of the existing soil data. This model tends to underestimate water holding capacity, 

especially in areas of higher PAWC.   

 

radK < 146 radK > 146 

138 mm 

305 mm AI < 6.4 AI > 6.4

log(DA) < 10.5 log(DA) > 10.5 

85 mm 190 mm 145 mm 259 mm 

PI < 1.3 PI > 1.3 

 

Figure 29.  Pruned tree regression diagram for predicting soil PAWC (mm H2O) for the Carabost SF (Reduction in Deviance 
[RID] = 0.41; df = 80). 

 

The limited availability of soil data for the Kangaroo Vale demonstration area meant that predictions of 

PAWC were made over a relatively small area with little soil variation.  The primary discriminator in this 

model is upslope mean plane curvature (upPLC; Figure 30), which separates upper slopes, hillcrests and 

ridges (high upPLC) with low PAWC from drainage lines and lower slopes with higher PAWC.  The minor 

discriminators are upslope mean slope (upSLP) and downslope mean profile curvature (dnPRC).  

85 mm 145 mm 259 mm 

upPLC < 1.6 upPLC > 1.6 

224 mm 

upSLP < 9.1 upSLP > 9.1 dnPRC < -0.1 dnPRC > -0.1 

211 mm 328 mm 240 mm 135 mm 
 

Figure 30.  Pruned tree regression diagram for predicting soil PAWC (mm H2O) for Kangaroo Vale (RID = 0.84; df = 16). 
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6.2. Grid coverage production of forest health indices 

A continuous coverage showing the proportion of ‘sick’ to ‘healthy’ trees within 25 m pixels was created 

and used to compare spatial coverages of crown condition with climatic, soil and terrain variables at both 

Kangaroo Vale and Strip Rd.  The continuous proportional coverages were created by simply comparing 

the number of sick to healthy crowns within each 25 grid cell. If all crowns within the 25m cell were 

unhealthy a score of 100% was allocated. If no crowns within the cell were unhealthy then 0% was 

allocated.  Three levels of Essigella severity were predicted (high, moderate and low).  Figure 31a 

compares the number of High transparency crowns, with the sum of Moderate and Low transparency 

crowns in each pixel.  

 

(a) The proportion of high to moderate and low transparency 
crowns at Strip Rd (Essigella) in 2002 

(b) The proportion of sick to healthy crowns at Kangaroo Vale 
(Sphaeropsis) in 2003 

Figure 31.  Proportional coverages for (a) high crown transparency in Essigella 2002, and (b) sick crowns (Proportion of 
discolourarion) in Sphaeropsis 2003.   
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6.3. Covariance of soil attributes and forest health indices 

Grid cells in the proportional forest health coverages were intersected with the SIS terrain, climate, regolith 

and PAWC coverages for each demonstration area (Appendix 9.2) to produce a data file for statistical 

analysis.  Harvesting of pine trees in the Strip Rd study area between dates of image capture eliminated 

large areas of forest and reduced the variability of forested terrain in the 2003 image (Figure 14).  

Consequently, this analysis considers only the 2002 image.  The null hypothesis for this analysis was that 

incidence and severity of the forest health indices were not related to any site or soil attribute that had 

been measured. 

6.3.1. Strip Road (Essigella) 

Mean Crown Transparency was more highly correlated than Upper Crown Transparency (Table 9).  The 

most highly correlated soil/site variable was net radiation (NETRAD; r = 0.32), which had a correlation 

coefficient approximately double that of the next most highly correlated variables elevation (ELEV; r = 

0.17) and radiometric Potassium (radK; r = 0.15).   

  
41

 

Higher elevations with N-NW aspects 

have high NETRAD and these locations 

also have high Mean Crown 

Transparency values indicating higher 

incidence of Essigella defoliation of the 

tree crowns.  In a recent New Zealand 

study on monitoring Essigella populations 

in a young age class stand of P. radiata at 

Rotoehu Forest, it was reported that 

aphid populations were found to be 

significantly higher on trees growing on 

north-facing sunny aspects, in 

comparison to other aspects (Appleton et 

al. 2003).  The authors suggest that the 

warmer conditions associated with north 

facing aspects are likely to predispose 

trees to higher aphid population loads 

because warmer temperatures facilitate 

aphid development earlier in the year and 

over a longer period than in trees on other 

aspects.  Similarly, the correlation with 

ELEV occurs because areas of lower 

elevation have lower NETRAD.   

Table 9.  Correlation between Mean Crown transparency and Upper 
Crown transparency measured from the 2002 Strip Rd image (n = 3966) 
and site/soil attributes for Carabost SF.   

Mean 
Transparency % 

Upper 
Transparency % Site/soil 

Attribute Code r P r P 
Terrain ELEV 0.17   (2) 0.0000 0.11 0.0000 
 SLP 0.03 0.0449 0.02 0.26
 PLC 0.05 0.0032 0.02 0.12
 PRC 0.09 0.0000 0.04 0.00
 TNC 0.05 0.0035 0.02 0.14
 upSLP 0.03 0.0449 0.02 0.26
 upPLC 0.02 0.1449 0.01 0.43
 upPRC 0.06 0.0002 0.03 0.07
 upTNC 0.06 0.0001 0.04 0.01
 dnSLP 0.08 0.0000 0.04 0.01
 dnPLC -0.05 0.0014 -0.02 0.16
 dnPRC -0.14 0.0000 -0.08 0.00
 dnTNC -0.00 0.8001 0.01 0.63
 lnCA -0.08 0.0000 -0.03 0.08
 lnDA 0.16   (4) 0.0000 0.11 0.0000 
 AI -0.08 0.0000 -0.03 0.03
 SPI -0.03 0.0895 -0.02 0.21
 DI 0.16   (6) 0.0000 0.10 0.0000 
 PCTL200 0.16   (5) 0.0000 0.08 0.0000 
 MrVBF -0.08 0.0000 -0.02 0.19
 MrRTF 0.06 0.0002 0.03 0.04
Climate NETRAD 0.32   (1) 0.0000 0.26   (1) 0.0000 
Geology radK 0.17   (3) 0.0000 0.15   (2) 0.0000 
 radTH 0.07 0.0000 0.05 0.00
 radU 0.05 0.0028 0.05 0.00
 radTC 0.15   (7) 0.0000 0.13 0.0000 
 MAG1vd -0.08 0.0000 -0.08 0.00
Soil  PAWC 0.06 0.0003 0.06 0.0001 
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Note: Correlation ranking is given within parentheses.  Descriptions for these 

variable codes are provided in Appendix 9.2. 
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Figure 32.  The relationship between 2002 Strip Rd Mean Crown Transparency and annual net solar radiation (NETRAD)  
(r = 0.32).   

 

The correlation between forest health indices and radK is largely a reflection of the NETRAD-Mean Crown 

Transparency interaction.  This area of Carabost SF is situated on Ordovician metasediments that have 

been slightly metamorphosed to slates and phyllites.  On upper slopes, the soils are shallower and eroded 

and therefore have a high radK signal, whereas on lower slopes the soils are deeper, leached and 

therefore have a lower radK signal.  However, the terrain pattern in radK intensity in this landscape 

appears to be affected by aspect, and indirectly by NETRAD.  The degradation processes also appear to 

be greater on the N-NW slopes due to higher evaporation, lower soil water, lower biomass and therefore 

higher fire risk.  These factors may increase the risk of erosion on N-NW slopes compared to S-SE slopes.   
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6.3.2. Kangaroo Vale (Sphaeropsis) 

Table 10 shows the correlation between the site/soil attributes and two forest health indices measured 

from the Sphaeropsis affected trees at Kangaroo Vale: Overall Crown Colour and the Presence of 

Discolouration (see section 3).  Overall Crown Colour has more and stronger correlations with site/soil 

attribute than does the Presence of Discolouration.  Overall Crown Colour is most strongly correlated with 

terrain attributes related to elevation including absolute altitude (ELEV), relative local elevation (PCT200) 

and NETRAD, which is related to elevation and aspect. The high correlation between gamma radiometric 

attributes (radK, radTH and radTC) and the indices implies that soil chemistry may influence forest health.  

However, it is not possible to identify a specific relationship from this study because the change in parent 

material along the western edge of the study is coincident with higher elevations.   

These results indicate a relationship 

between site factors and the forest 

health indices.  This supports 

ground-based observations that the 

distribution of Sphaeropsis in 

southern NSW appears often to be 

related to drought stress, first 

appearing on ridge tops and 

northern upper slopes (A. Carnegie, 

SFNSW, pers. comm.).  The key 

environmental attributes affecting 

this spatial variation are elevation, 

with areas of higher elevation having 

a higher probability of discolouration 

associated with Sphaeropsis 

infection, and net radiation.  The 

relative importance of aspect versus 

elevation on Sphaeropsis infection 

cannot be unravelled from this study 

but should be investigated in further 

research.   

As with the Strip Rd study area, 

forest health indices were not 

correlated with PAWC in the 

Kangaroo Vale study area.  The 

total number of soil observations is 

low at each site and, in the Strip Rd 

Table 10.  Correlation coefficients between Overall Crown Colour (OCC) and 
the Presence of Discolouration (PDISC) measured from the 2003 kangaroo 
Vale image (n = 1898) and site/soil attributes for Buccleuch SF.   

OCC PDISC Site/soil 
Attribute Code r P r P 
Terrain ELEV 0.33   (1) 0.0000 0.29  (1) 0.0000 
 SLP 0.00 0.9046 0.04 0.11
 PLC 0.08 0.0003 0.04 0.04
 PRC 0.08 0.0003 0.04 0.05
 TNC 0.08 0.0004 0.06 0.00
 upSLP 0.01 0.6607 0.05 0.02
 upPLC 0.07 0.0029 0.03 0.17
 upPRC 0.03 0.1632 0.01 0.52
 upTNC 0.06 0.0108 0.04 0.09
 dnSLP 0.06 0.0105 0.06 0.01
 dnPLC -0.09 0.0001 -0.07 0.00
 dnPRC -0.13 0.0000 -0.06 0.00
 dnTNC -0.08 0.0003 -0.08 0.00
 lnCA -0.07 0.0019 -0.02 0.42
 lnDA 0.16 0.0000 0.09 0.00
 AI -0.07 0.0012 -0.04 0.09
 SPI 0.03 0.2372 0.04 0.06
 DI 0.14 0.0000 0.10 0.00
 PCTL200 0.17   (4) 0.0000 0.09 0.0001 
 MrVBF -0.07 0.0020 -0.05 0.01
 MrRTF 0.04 0.0717 -0.01 0.58
Climate NETRAD 0.26   (2) 0.0000 0.23   (2) 0.0000 
Geology radK 0.16   (6) 0.0000 0.10 0.0000 
 radTH 0.17   (3) 0.0000 0.13 0.0000 
 radU 0.14 0.0000 0.08 0.00
 radTC 0.16   (5) 0.0000 0.11 0.0000 
 MAG1vd 0.02 0.3493 0.05 0.01
Soil  PAWC 0.03 0.2374 0.01 0.7539 
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Note: Correlation coefficients greater than 0.15 are highly significant (n=1899) and 

their ranking is given within parentheses.  Descriptions for these variable codes are 

provided in Appendix 9.2.   
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case, poorly distributed across the plantation landscape.  However, the PAWC models are not well 

correlated with the spatial forest health indices.  This probably occurs because PAWC provides an 

estimate of potential total water volume, and not the actual volume of soil water.  This region has 

experienced severe drought conditions for over 3 years, and soil moisture levels were uniformly low at all 

study sites.  The pattern observed in the forest health indices and correlated with the environmental 

variables is therefore in addition to this overall drought stress. 

 

7. Discussion and conclusions 

7.1. Major findings of this report 

Application of DMSI at the Carabost and Kangaroo Vale demonstration areas has allowed the 

development and verification of a method for assessing the condition of Pinus radiata trees affected by 

Sphaeropsis, low soil Nitrogen levels and Essigella from high resolution remotely sensed images.  Based 

on the work carried out in this project the method described consists of five critical stages:   

 

1. Field assessment of tree condition, 

2. Image acquisition, 

3. Image processing, 

4. Condition modelling, and 

5. Analysis of environmental covariates with forest health.   

 

Some aspects of this work may require specialist knowledge, such as to ensure that images are correctly 

calibrated to remove atmospheric and sensor defects and ensure their comparability with other dates of 

imagery, and for correctly performing spectral unmixing of the images.  Overall, however, much of this 

work can be conducted by staff with a moderate level of understanding of operational remote sensing and 

GIS.  It is envisaged that this document will therefore illustrate a way forward in the analysis of forest 

health from remotely sensed imagery, and encourage the adoption of these and similar techniques by 

forest managers.  The primary considerations and recommendations for each stage of this project are 

shown in Table 11.   
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Table 11.  Primary considerations and recommendations for each stage of this project. 

Project stage Considerations Recommendations 

Field assessment 

of tree condition  

Identify suitable plot locations and trees within 

plots for sampling 

 

Use random or stratified sampling techniques 

depending on site accessibility and spatial 

characteristics of the damaging agents 

 Accurately quantifying transparency, size and 

colour of crowns 

Compare crown transparency and colour to 

standardised reference panels 

 Seasonal character of damaging agent Sample when damage is most evident 

Image acquisition  Spatial resolution fine enough to observe 

individual trees in the imagery 

50 cm pixel size 

 Narrow spectral bands centred on wavelengths 

responsive to effects of damaging agent(s) 

Use 10 nm wide bands centred on 680, 700, 

720 and 750 nm 

 Seasonal character of damaging agents and 

plant phenology 

Capture images in early Spring (September) to 

detect damage from Essigella and avoid new 

growth flush 

 Seasonal illumination and atmospheric 

conditions 

 

Capture image near time of maximum diurnal 

sun elevation, and consider seasonal 

atmospheric conditions 

Image processing  Co-locating crowns on the imagery and in the 

field  

Capture imagery just prior to field program to 

allow tree canopies to be correctly located and 

verified in the field.  

Cross check location and shape of crowns in 

subsequent images 

 Image calibration to minimise the influence of 

differences in illumination and atmospheric 

conditions between dates  

 

Obtain and locate one white and one black PIF 

target within the scene  

Calibrate images to reflectance using 

spectrometer measurements from PIFs at time 

of image capture 

Condition 

modelling  

Sensitivity of vegetation indexes to change in 

crown condition 

Calculate indices showing upper, lower and 

total slope of red edge, and chlorophyll 

absorption 

 Sensitivity of linear spectral unmixing image 

fractions to changes in crown condition and site 

factors 

Calculate soil, shadow and sunlit canopy image 

fractions using linear spectral unmixing 
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Project stage Considerations Recommendations 

Table 11 continued. 
 Increasing models from pixel to crown scales Spatial filtering provides a useful alternative to 

complex tree-identification programs for 

translating models to crown scales 

 Statistical methods for comparing image and 

field data and classifying crowns into damage-

level classes 

Use decision-tree analysis to create composite 

models incorporating a wide range of data 

types 

Environmental 

covariate analysis 

Environmental factors likely to affect forest 

health 

Forest health may be related to a wide range of 

environmental covariates including elevation, 

aspect and soil chemistry 

 Quality and availability of environmental data Verify existing field data and/or supplement it 

with new data collected within the extent of the 

imagery 

7.2. Limitations of this Handbook 

This analysis and the range of applications of the methods described in the handbook are limited in 

several ways.  Important issues when considering using the methods described in this Handbook include: 

• The models were based on measurements collected at localised sites within each demonstration 

area and over relatively brief period of time.  We recommend that the models described in this 

Handbook should be applied without modification only in the region of the Carabost and 

Buccleuch SF region, and on imagery captured in the next 1-2 years.  Models should be 

recalculated before being used in all other locations and situations.  

• The use of the original 2002 and 2003 training data in error assessment is acknowledged to lead 

to an overestimation of classification accuracies as the accuracy assessment data is not 

independent of the model development. In order to provide accuracy estimates that reflect the true 

portability and stability of the developed models, additional field data should be collected and 

predictions of the accuracy of the technique made independently.  In related work undertaken for 

this study, a set of simple regression models were developed using the spectral indices and the 

2002 field data and these models were then applied to the 2003 image data. The coincident field 

data collected in 2003 then allowed those model predictions to be assessed.  Results detailed in 

Coops (et al., 2003) show that independent model accuracies overall remained similar to those 

presented in this handbook with no significant reduction in model accuracies. In general, as the 

scale of analysis increases towards the operationally useful compartment level, errors of omission 

and commission typically offset each other to a significant degree, resulting in much better 

accuracy than can be achieved at the individual tree level (Levesque & King 2003). 
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• The accuracy of field data is critical to the derivation of accurate models.  Rather than make 

subjective assessments based on an arbitrary scale, future studies may consider measuring 

crown colour against colour standards, for instance, in a similar manner to the assessment of 

crown transparency.  Alternatively, other data sources that may be available, such as colour aerial 

photography, could enable chlorosis to be identified and classified more accurately than in the 

field (Yuan et al. 1991).  The cost benefits of acquiring aerial photography in addition to digital 

multi-spectral imagery require careful consideration in an operational context, but may improve 

model accuracy.   

• This Handbook does not discuss change detection per se.  Change detection in this kind of 

analysis would be most appropriately based on model outputs at 25m resolution, rather than on 

the individual 0.5 m pixels, and reported at the compartment-scale or other scale meaningful for 

management.  

• The condition of crowns is unlikely to change substantially over a period of one year, and 

significant variations should not be expected to be evident in images collected one year apart.  A 

more comprehensive representation of the range of crown condition variations one might expect 

over a plantation lifetime would occur over a period of 4 or 5 years.   

• Tree delineation in this Handbook relies in part on eliminating areas of exposed soil from the 

imagery.  This may result in an under representation of the most severely damaged trees in the 

models because the least healthy trees are most transparent.  Future studies should consider 

other ways to eliminate non-crown pixels from images showing highly transparent crowns.   

7.3. Implementing this method in forest management 

This study has demonstrated the quantitative power and precision that can be derived from high resolution 

remotely sensed imagery. At present, most data for forest management planning and assessment are 

collected by methods such as aerial surveys, which tend to report at the scale of the compartment – the 

spatial scale at which many forests are managed. The size of compartments is limited by a range of 

factors including the cost-efficiencies of on-ground management activities, and it is envisaged that the 

compartment will remain the spatial unit of currency in forest management practices for the foreseeable 

future. Aerial survey techniques can be an efficient and accurate means of estimating forest health at the 

compartment scale providing that compartments are truly homogeneous.  However, aerial-sketching is 

subjective and the accuracy of the data is entirely dependant of the skills and experience of the staff 

member(s) conducting the survey. In addition, natural events such as insect pest and disease outbreaks, 

drought or fire are not constrained by compartment boundaries.   

The increasing demands of profitability and environmental stewardship placed on managers of 

commercial pine plantations in Australia require an increased level of precision and resolution of data 

describing the status and condition of their estates. Concurrently, technologies associated with 

acquisition, processing and analysis of high-resolution, geo-referenced data are rapidly advancing. These 

two factors are driving the rapid and widespread adoption of digital remote sensing technology for canopy 
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assessment, both in Australia and overseas (Stone & Coops 2004). Remote sensing can provide objective 

quantitative measurements of forest health that can be reported at a range of scales including stand, 

compartment and forest. The cost to achieve the classified map products shown in this Handbook 

exceeds that quoted in Table 1 due to the addition of image processing expenditure, which brings the total 

cost/ha to around $2.00 - $2.50.  However, remote sensing provides larger volumes of more detailed 

information to forest managers, which can potentially be used to improve forest management practices.  

Statistical models between remotely sensed canopy condition and geo-referenced climate, topographic 

and soil information in a GIS can provide quantitative insight into the behaviour of damaging agents within 

pine plantations.  This information could form the basis of site hazard ratings for a range of commercially 

important pests and diseases, or assist in targeting plantation management practices by identifying 

environmental attributes associated with the distribution of damaging agents.  The visualisation 

capabilities of GIS systems also enable foresters to visually examine the condition of their estate in 

context with other spatial coverages.  This could be used to validate and fine-tune silvicultural operations 

such as thinning schedules, or to optimise the stratification and density of inventory plots within and 

among highly heterogeneous compartments.  The challenge is to present information about processes 

operating at a range of spatial and temporal scales in a format that is meaningful and accessible to 

foresters operating at the compartment scale. Accordingly, it is strongly recommended that this research 

should be extended spatially and temporally, and that pilot studies using operational conditions should be 

initiated.   

The majority of commercial pine plantation managers in Australia utilise customised stand-record systems 

for recording and reporting on forest operations, many of which can be integrated with GIS applications 

such as ArcView (e.g. The Forest Master-2 used by SFNSW) and be readily updated.  For example, GIS 

coverages created for this project have been added to the Southern Hume Region SIS, and new soil 

profile data sampled during this project were added to the Natsoil (MS ACCESS) database included in the 

Hume SIS.  Aerial sketch maps of forest health are also now often digitised and can be recorded as 

polygons within the GIS linked to the operational stand recording system.  Forest managers would prefer 

this information to be at the compartment level or possibly a broad sub-compartment level as most activity 

plans and yield estimations are made at the compartment level.  However, forest management companies 

must also fulfil annually a range of statutory commercial, environmental and social reporting obligations 

that may occur at the district or company scale.   

Digital remote sensing assessments of forest health are highly suited to inclusion within GIS databases 

and to assessment at a range of scales.  Using this methodology it is envisaged that the remotely-sensed 

data would initially be processed and analysed by a forester familiar with the image processing and 

analysis tools used in this project.  Metrics of forest health would be calculated from the images and 

summarised at a range of scales (including the compartment scale).  This data, along with summary data 

describing the health attributes of each compartment, could then be incorporated into a GIS database 

capable of storing, manipulating, analysing and visualising the high-resolution outputs from this analysis in 

relation to other selected spatial layers.   
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9. Appendix 
9.1. Field sampling proforma 

9.1.1. Essigella 

Location:

Crown density score:
(each quartile using reference 

cards)

Presence of dead top (y/n):

Presence of powder puffs (y/n):
(indicate quartile(s) where present)Colour of crown:

(each quartile)
Proportion of crown affected:

Photo details:

Tree details: flightline______site______ tree______replicate_____

BRANCH SAMPLE COLLECTED (y/n) label should correspond with location and tree details:

1
1

2
2

3
3

44

leader

DBH (cm):

Green canopy depth (m):(non-suppressed crown)

Height of pruning (m):

Tree height (m):

Resin flow :(nil, low, med., severe)

Crown diameter (m):
(maximum)

 

9.1.2. Soil Nitrogen 

BRANCH SAMPLE COLLECTED (y/n) label should correspond with location and tree details:

DBH (cm):
Green canopy depth (m):(non-suppressed crown)

Height of pruning (m):
Tree height (m):
Resin flow :( )nil, low, med., severe

Crown diameter (m):
(maximum)

Location:

Photo details:

Tree details: flightline______site______tree______replicate_____

Crown density score:
(from reference cards)

Colour of crown:
Presence of red tips:

 

9.1.3. Sphaeropsis 
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9.2. Common Environmental GIS Coverages for Carabost SF and Kangaroo Vale 

Terrain Attributes. 

Attribute     Source Description Units Code Coverage  Type
1. Elevation  ANUDEM  Digital elevation model or DEM m ELEV   DEM grid
2. Shaded terrain ArcGrid Shaded DEM  DEMSHD   DEMSHD grid

3. Aspect (azimuth) TAPESG Direction of slope measured in degrees clockwise from north degrees  ASP  ASP grid 
4. Slope TAPESG Tangent to the elevation surface in the flow path direction 

(dZ/dY) 
% SLP  SLP grid 

5. Profile curvature  TAPESG Curvature measured in the flow path direction (d2Z/dY2)   100* m-1 PRC PRC grid 
6. Plan curvature  TAPESG Curvature measured in the contour direction (d2X/dY2)    100* m-1 PLC PLC grid 
7. Tangential curvature TAPESG Curvature measured in the plane of the slope 100* m-1 TNG  TNG grid 
8. Contributing area TAPESG   Area m2 CA CA grid 
9. Contributing area TAPESG Natural logarithm of CA  lnCA  LNCA grid 
10. Upslope mean slope UPSUMG Mean slope within the contributing area %   upSLP UP_SLP grid
11. Upslope mean profile 

curvature 
UPSUMG    Mean profile curvature within the contributing area 100* m-1 upPRC UP_PRC grid

12. Upslope mean plan 
curvature 

UPSUMG Mean plan curvature within the contributing area 100* m-1 upPLC   UP_PLC grid

13. Upslope mean 
tangential curvature 

UPSUMG Mean tangential curvature within the contributing area 100* m-1 upTNC   UP_TNC grid

14. Dispersive area UPSUMG     Area  m2 DA DA Grid
15. Dispersive area UPSUMG Natural logarithm of DA  lnDA LNDA  
16. Downslope mean 

slope 
UPSUMG Mean slope within the dispersive area %   dnSLP DN_SLP Grid

17. Downslope mean 
profile curvature 

UPSUMG Mean profile curvature within the dispersive area 100* m-1 dnPRC  DN_PRC Grid 

18. Downslope mean 
plan curvature 

UPSUMG Mean plan curvature within the dispersive area 100* m-1 dnPLC  DN_PLC Grid 
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Attribute     Source Definition Units Code Coverage  Type
19. Downslope mean 

tangential curvature 
UPSUMG Mean tangential curvature within the dispersive area 100* m-1 dnTNC  DN_TNC Grid 

20. Aggradation index  ArcGrid Also called compound topographic index  ln [ AC (S / 100)]  none    AI AI Grid
21. Stream power index ArcGrid Ln [AC* (S / 100)] none    SPI SPI Grid
22. Degradation index ArcGrid Ln [AD* (S / 100)] none    DI DI Grid
23. Valley bottom 

flatness 
MrVBF Multi-resolution valley bottom flatness none MrVBF MRVBF Grid 

24. Ridge-top flatness MrVBF Multi-resolution ridge-top flatness none MrRTF MRRTF Grid 
25. Elevation Residual 

Percentile 
ElevResidu
al 

The percentile of the cell elevation in relation to all other 
cells in a specified radius (in this case 200 m) 

none    PCT200 PCT200 Grid

Climatic Attributes 

Attribute     Source Definition Units Code Coverage  Type
1. Net radiation  SRAD Net annual radiation  W m-2 NETRAD   NETRAD Grid
2. Prescott Index  ArcGrid Precipitation: Evaporation ratio (P/E^0.75) developed by 

Prescott (1948) as an index of soil leaching 
none    PI PRESC Grid

Geological Attributes 

Attribute      Source Definition Units Code Coverage  Type
1. Radiometric K NSW DMR Geophysical remote sensing of gamma radiometric 

potassium (K) 
  radK WAGGA_K Grid

2. Radiometric Th NSW DMR Geophysical remote sensing of gamma radiometric thorium 
(Th) 

  radTh WAGGA_TH Grid

3. Radiometric U NSW DMR Geophysical remote sensing of gamma radiometric uranium 
(U) 

  radU WAGGA_U Grid

4. Total count NSW DMR Geophysical remote sensing of gamma radiometric  total 
count 

  radTC WAGGA_TC Grid

5. Magnetic intensity NSW DMR Geophysical remote sensing of variation in the earth's 
magnetic field - 1st vertical derivative 

 MAG1VD WAGGA_MA
G_1VD 

Grid 
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Disclaimer 
 
This report is prepared to provide guidance only and should not be relied upon 
without professional advice. To the extent permitted by law, CSIRO and State 
Forests of New South Wales will not be liable in any way to any person for any 
use this work or information or material contained in it. 




