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ABSTRACT

Forest health monitoring is essential to sustainable management of Pinus
radiata D. Don plantations. Conventional survey techniques such as aerial
sketch mapping are qualitative and subjective, their effectiveness depending
on the skill of the surveyor. In contrast, digital remote sensing has the
potential to provide quantitative and objective data on the location, extent,
and severity of crown damage at a range of spatial scales. Decision tree
analysis canincorporate both categorical and continuous data and is inherently
non-parametric. Decision trees were used to model the crown condition of
P. radiata plantations in southern New South Wales in three situations
involving discoloured leaves, stunted crowns, and transparent crowns
associated respectively with the Diplodia pinea (Desm.) Kickx fungus,
nitrogen deficiency, and the pine aphid Essigella californica Essig. Spectral
indices and fraction images derived from linear spectral mixture analyses of
remote sensing scenes were used to classify crowns into either two or three
condition classes. The best performing model was obtained for D. pinea with
a two-class classification of crown discoloration (overall accuracy [OA]
92%; Kappa 83%). The three-class model of crown transparency from
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E. californica defoliation was moderately accurate (OA 68%, Kappa 28%),
while the weakest model was a two-class model of crown volumes affected
by soil nitrogen levels (OA = 58%, Kappa = 21%). Correlation between
modelled outputs and environmental spatial variables revealed a high
correlation between net solar radiation levels and crown transparency classes
due to E. californica defoliation.

Keywords: remote sensing; decision tree; forest health; New South Wales;
Pinus radiata; Diplodia pinea; Essigella californica.

INTRODUCTION

The productivity of Australian softwood plantations is limited by a range of abiotic
and biotic factors that affect the health of the forests (Nambiar & Booth 1991;
Neumann & Marks 1990; May & Carlyle 2003). Management of these damaging
factors requires quantification of their distribution and severity throughout
plantations. However, the accuracy and effectiveness of current methods of forest
health assessment, such as aerial sketch-mapping of affected stands on hardcopy
maps, is often highly dependent on surveyor skill (McConnell et al. 2000; White
et al. 2005) and the information is difficult to integrate into plantation management
procedures. Developing quantitative relationships between stand growth and a
spatially explicit determination of canopy health using remotely sensed data will
enable plantation managers to account accurately for the impact of damaging
agents and processes in their inventory management and spatial harvest scheduling
systems. This paper presents a preliminary analysis of high-resolution remotely
sensed data for the detection and classification of a range of crown damage
symptoms observed in P. radiata plantations.

Digital remote sensing systems measure the amount of electromagnetic energy
reflected and/or emitted from a target within one or more wavelength bands (Asrar
1989). Improvements in remote sensing technologies, particularly in the spatial and
spectral resolution of optical sensors, have made the prospect of using digital
remotely sensed imagery to detect and classify vegetation health a realistic and
attractive option (Franklin 2000). Recent studies have successfully related a range
of vegetative biochemical (e.g., chlorophyll content) and biophysical attributes
(such as green biomass and leaf area index) to spectral algorithms extracted from
remotely sensed imagery (Martin & Aber 1997; White et al. 1997; Pu et al. 2005).
However, less work has been directed specifically at relating remotely sensed data
to crown chlorosis, discoloration, or defoliation (Hall er al. 2003; Leckie et al.
2005; Pontius et al. 2005; White et al. 2005). A number of different approaches
have been used to detect and classify vegetation health from remote sensing
imagery, including spectral indices and spectral un-mixing. Spectral indices are
often computed by comparing variations in red reflectance, due to reduced
chlorophyll absorption, to decreases in near infrared (NIR) reflectance from
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reduced cellular integrity. These indices are related to the functioning of internal
plant processes such as pigment content (Thenkabail ef al. 2000; Zarco-Tejada et
al. 2003, 2004; Coops et al. 2004) and crown biomass (Schlerf ez al. 2005). The
derivation of spectral algorithms has developed rapidly, especially when using
hyperspectral or continuous spectral data derived through the application of
radiative transfer models (Zarco-Tejada et al. 2004). Many of these algorithms
incorporate features associated with the spectral red edge (Fig. 1). Red-edge indices
examine reflectance at wavelengths between 690 and 740 nm (Curran ef al. 1990)
where reflectance is highly 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; Curran et
al. 1990). Increased absorption by chlorophyll creates a deeper and broader
absorption feature around 680 nm (Fig. 1) extending into longer wavelengths,
which changes the slope of the lower part of the red edge curve. The magnitude of
NIR reflectance is sensitive to leaf moisture content and canopy structure (Knipling
1970), with increased canopy moisture levels tending to reduce NIR reflectance,
and increased structural complexity of the canopy tending to increase NIR
reflectance. These characteristics tend to affect the slope of the upper part of the red-
edge curve. Thus, the shape of the red edge can indicate the condition of foliage.

In addition to spectral information, embedded in the imagery is information related
to its textural composition. An alternative approach to the application spectral
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FIG. 1-Typical mean spectrum of a healthy Pinus radiata needle in visible and NIR
wavelengths showing the spectral location of bands used in this analysis.
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indices is an image transformation technique termed linear spectral unmixing.
Spectral unmixing is based on the assumption that the spectrum of a mixed pixel
has been created by the linear superposition of the spectra of the pure components,
and the coefficients of the linear superposition are equal to the fractional coverages
of the field of view of the pixel by the corresponding pure components (Tompkins
et al. 1997). Endmembers calculated in forestry applications often include canopy
vegetation, bare soil, and shadow (Lévesque & King 2003). 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
remotely sensed images for forestry (Roberts et al. 1993; Fitzgerald et al. 2002;
Lévesque & King 2003). A benefit of the approach is that non-vegetated components
can be explicitly accounted for at the sub-pixel scale (Peddle ez al. 1999), which can
be important, especially with low stem density or thin open canopies where the
background surface dominates the signal (Goodwin et al. 2005).

Concurrent with these developments in extracting relevant information from
remotely acquired imagery, is the increasing use of different modelling
methodologies. Decision trees, also known as Classification and Regression Trees
(CART), are exploratory tools that can be used to identify numerical classifications
using anumber of input variables. Decision trees offer anumber of advantages over
modelling methods based on standard regression and statistical inference, including
the capability to encapsulate a range of variables (e.g., categorical, ordinal, and
continuous) in an easy to understand, coherent structure, and have been applied to
numerous data sets derived from remote sensing (Hansen et al. 1996; Friedl &
Brodley 1997; Lawrence & Wright 2001; Rosso & Hansen 2004). However, while
decision tree methods are nonparametric and nonlinear, their empirical nature does
not allow formal procedures of inference amongst the independent variables;
therefore, they are poor at extrapolating beyond the learning sample (Lees 1994).

This article describes a pilot study established to assess the capacity of high spatial
resolution, narrow-band, multi-spectral, airborne imagery to detect and classify a
range of common symptoms associated with crown health of P. radiata plantations
in southern New South Wales. It describes methods for quantifying crown damage
of P. radiata affected by three stresses — namely, the fungal pathogen Diplodia
pinea,low soil nitrogen levels, and the Californian pine aphid Essigella californica.
It then presents an approach to extracting predictor variables from the imagery; the
predictor variables were used to create decision tree models predicting broad
categories of crown condition based on the crown damage assessments. Finally, the
modelled spatial coverages were correlated to arange of terrain, climatic, geological,
and soil geographic information system (GIS) attributes, and their correlation
coefficients were compared.
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MATERIALS AND METHODS
Study Area

The Carabost (=35°39°S, 147°49°E; 500 m elevation) and Buccleuch (-35°06°S,
148°17°E; 450 m elevation) plantations cover 13 137 and 31 666 ha respectively
insouthern NSW. Annual rainfall in this region is less than 700 mm and the majority
of the precipitation occurs in winter, with summers hot and dry. This area is
generally regarded as marginal for P. radiata growth and these plantations have a
history of exposure to arange of damaging factors. Three sites were selected for this
pilot study, based on the distribution of the different damaging factors: the
Kangaroo Vale section of Buccleuch State Forest (D. pinea); near Strip Road (E.
californica); and Downfall Creek (nitrogen) within Carabost State Forest.

Field Sampling Strategy

Field data collection occurred 1 week after initial image capture (explained in detail
below) in 2002 and concurrent with image capture in 2003. Imagery was obtained
prior to the field programme in 2002 to ensure individual tree crowns were correctly
co-located in the field and on the imagery, as co-locating tree crowns in the field
without imagery has proved difficult (Coops et al. 2003). The expression of crown
symptoms caused by damaging agents such as defoliation by E. californica is most
acute at the end of winter (Neumann & Marks 1990; Nambiar & Booth 1991; May
& Carlyle 2003) when mature foliage has been exposed to the damaging agents for
approximately 1 year and new shoots (which can mask reduced condition) are
avoided as they occur later in the growing season. The field team consisted of three
forest health experts, one from the Forest Health Survey Unit (FHSU) of Forests
NSW, with significant experience in detecting and assessing forest health in
Australia and overseas. The damaging factors examined each have distinctive
symptoms and/or a unique scale of attack (Table 1).

The sampling strategy used to locate and measure the crown symptoms (from
healthy to dead) within the plantation varied depending on the phenology of the
damaging factor. The aim was to obtain a representative sample of trees covering
the full range of symptoms per agent, not to obtain a statistically balanced sample
of trees over the entire estate. As a result, plot placement was positioned to ensure
that enough trees with those damaging agents were sampled. Field data collection,
plot placement, and data collection protocol varied for each damaging agent and
will be described in detail below.

Diplodia pinea

Diplodia pineais among the most common and widely distributed fungal pathogens
of conifers (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
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lower crown can remain green and of normal density. The visual symptoms include
needles becoming uniformly paler green (briefly) then changing colour from
yellow, through orange and red, and ultimately being shed. The patchy nature of
D. pinea infection makes random plot placement in the landscape not practical. As
a result, circular plots were located around key infected “landmark” trees initially
identified by the Forest Health Survey Unit and located on the imagery. Each plot
was 17.2 m in radius, resulting in a 0.1-ha plot. A total of three plots were
established to ensure a reasonable number of damaged trees were sampled. In
addition to recording tree height, stem diameter (at 1.3 m), and leader colour, the
degree of discoloration in each of the crown quartiles was recorded and tallied to
provide an overall percentage of total crown discoloured.

Nitrogen soil deficiency

Nitrogen deficiency in P. radiata, resulting in transparent thin crowns and severe
growth reductions, is normally associated with needle nitrogen concentrations of
<1.2% (Carlyle & Nambiar 2001). The foliage of nitrogen-deficient trees is
typically auniform pale green, turning to yellow under severe conditions, with new
needles and shoots short and stunted (Will 1985). Maps from previous forest health
surveys were used to select a site with low nitrogen fertility. Total nitrogen analysis
ofthe foliage confirmed that trees at the site were nitrogen deficient (Coops & Stone
2005). A transect sampling strategy was used to ensure that the maximum range of
symptoms was sampled over the area. Transects commenced in healthy groups of
trees and crossed into groups of trees showing symptoms of nitrogen deficiency,
with every third tree sampled. In 2003 the site was visually assessed and it was
concluded that the crown condition had not changed significantly since sampling
in 2002, and field data were not collected in the second year.

Individual crown transparency was assessed in 10% increments using standardised
United States Department of Agriculture Forest Service transparency cards (USDA
Forest Service 2002). As crowns of deficient trees are generally smaller and shorter
than crowns without major deficiency, crown and tree dimensions are a critical
indicator of poor soil nitrogen status. Crown height and diameter were measured
using a Vertex hypsometer and individual crown volumes were calculated. Tree
diameter at breast height over bark at approximately 1.3 m and tree height were also
measured.

Essigella californica (Californian pine aphid)

Essigella californica was firstidentified in Australiain 1998 (Carver & Kent 2000).
Needle yellowing and defoliation of the mid-upper crown of older trees have been
associated with E. californica in New South Wales, Victoria, and South Australia
(Wharton & Kiriticos 2004). Needles become chlorotic and fall prematurely,
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starting from mid-whorl and progressing to shoot tips (May & Carlyle 2003). As
severity increases, defoliation progresses up the terminal shoot and down into the
lower crown, resulting in very thin crowns especially from mid to upper crown,
dead tops, and green tufts of younger needles retained on the outer crown. Trees
with symptoms of defoliation associated with E. californica were randomly located
within an infected stand (tree age approximately 25 years) as the affected trees are
generally uniformly distributed. Three circular plots (0.1 ha) were established
ensuring that approximately 70 trees, covering the full range of symptoms, were
sampled.

Tree crowns were divided into four horizontal quartiles allowing crown transparency
to be assessed at each quartile. In addition, an overall crown transparency score (%)
was calculated using standardised USDA Forest Service transparency cards.
Needle colour provides an indication of the presence of E. californica and the
degree of yellowing in each crown quartile was also assessed. The number of
quartiles with yellowing was recorded, allowing an overall estimation of the
proportion of crown affected to be assessed.

Remotely Sensed Imagery — Image Acquisition and Processing

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 arrays capable of acquiring data at
12 bit digitisation. This system can be mounted on a suitable single-engine light
aircraft. Each of the four charge-coupled device arrays can be fitted with independent
and replaceable narrow bandwidth (10-nm) interference filters to allow detection
in selected wavelengths.

Two sets of digital multi-spectral imagery were captured. Imagery was flown in the
first week of September in 2002 and 2003 under clear sky conditions with
maximum solar zenith angles. September was chosen as it is just prior to the
emergence of new shoot growth when mature foliage would have approximately
1 year’s cumulative crown damage. The imagery was flown at the same time each
year to ensure changes in sun angle would not adversely affect differences in image
reflectance between dates. The importance of obtaining imagery just prior to new
shoot growth was judged more critical than acquiring imagery in summer at times
of maximum sun angle. In 2002, four infra-red wavelength filters allowed
discrimination of the red-edge slopes (680, 720, and 740 nm) as well as near infra-
red wavelength (850 nm) (Fig. 1). The bands selected in this study enabled the
lower, upper, and total slopes of the red edge to be calculated as well as a simple
chlorophyll ratio (Table 2). After analyses of the relationship between reflectance
measurements and tree crown symptoms these wavelengths were modified in 2003
to 680, 700, 720, and 750 nm (Coops & Stone 2005). Both sets of imagery were
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acquired at a pixel resolution of 0.5 x 0.5 m. The frames were then digitally
mosaicked using a digital ortho-photograph as a base map with a root mean square
error of 2 m.

Image Calibration

In many portions of the electromagnetic spectrum, the atmosphere has a significant
effect on the surface reflectance due to scattering and absorption by gas and
aerosols (Song et al. 2001). Correcting imagery for the effect of the atmosphere can
be absolute, where the sensor signal is converted to a surface reflectance, or relative,
where the same digital number in a series of corrected images is assumed to
represent the same reflectance irrespective of the true ground spectra (Song et al.
2001). For many monitoring applications, relative radiometric normalisation is
appropriate.

In this study two 4 x 4-m sheets, one of pale uniform reflectance material and one
of dark, (also known as pseudo-invariant features or PIFs) were placed in open areas
in the field of view of the digital multi-spectral camera in 2002 and 2003. These
surfaces are assumed to be spectrally homogeneous and stable (Furby & Campbell
2001). At the time of the overpass, spectral reflectance measurements of the
pseudo-invariant features were acquired with a UNISPEC spectrometer (PP
Systems, Amesbury, Mass.) which measures radiation from 350 to 1100 nm. Ten
reflectance measurements were averaged to obtain a mean reflectance spectrum.
Using these spectra, an empirical line correction technique was then applied in an
approach similar to that used by Coops et al. (2003) which converted the radiance
of the digital multi-spectral imagery to the reflectance of the pseudo-invariant
features. To ensure the two sets of imagery were correctly calibrated, reflectance
brightness was then normalised to the single date standard. This was performed by
identifying landcover features with a range of brightness characteristics in both the
2002 and 2003 images that were likely to have little variation in reflectance
conditions over time (Furby & Campbell 2001). A regression model was then
calculated between the images, 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 data set to values commensurate with the calibrated initial scene (Yang & Lo
2000).

Crown Delineation

Once the imagery was calibrated, individual crowns were manually identified using
large-scale hard copies of the imagery and field maps. Sampling of the entire crown
is most appropriate for crown attribute modelling (Leckie et al. 1992) and therefore
the full horizontal extent of each crown was delineated on the imagery, including
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the sunlit and shaded components. The outline of each crown was then digitised on
to the imagery from the field maps and the mean crown response of each spectral
wavelength, spectral index, and fraction image was calculated and tabulated.

Modelling Crown Health using Decision Trees

The image processing software package ENVI 3.6 (RSI 2003) was used for all
image analysis, including the spectral unmixing, which was undertaken following
the procedures of Goodwin et al. (2005). A series of decision tree models were then
developed and examined based on testing a single dependent continuous or
categorical variable selected from the field assessments of crown health for each
damaging factor (Table 1) and multiple independent variables derived from the
crown spectra (i.e., the vegetation spectral indices shown in Table 2 and fraction
images shown in Fig. 2). For the D. pinea models, the data were highly bimodal and
so were transformed into binary data sets by converting proportional discoloration
values lower than 40% to 0 and values greater than 40% to 1. The continuous crown
transparency data recorded in crowns affected by E. californica were transformed
into three damage classes: high (>50%), moderate (25-50%), and low (0-25%).
These classes were based on those used by May & Carlyle (2003) and modified to
accommodate the distribution of damage levels observed in this study.

The decision tree models were developed using CART (Classification and Regression
Trees) statistical analysis software (Salford Systems 2003, version 5) applied in
regression mode, which identifies natural groups using a least-squares splitting
method. The objective of the pilot study was to identify broad classes of tree crown
health based on key symptoms, and so the number of decision rules was limited to
five. Rules were removed if they applied to only a small number of samples, or if
the differences in crown condition between groups of rules were small. Models
were developed using the 2002 and 2003 data, with final model development based

TABLE 2-Spectral vegetation indices calculated in this project.

2002 2003
Lower slope P720-p680 p720-p630
40 40
Upper slope p740-p720 p750-p720
20 30
Total slope P740-p680 p750-p700
60 50
Chlorophyll absorption index 680 O8O
P850 0750

Where p is reflectance at the nominated wavelength
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FIG. 2—Sunlit canopy, shadow, and exposed soil fraction images for areas affected
by Diplodia pinea, low soil nitrogen, and Essigella californica.

on a combination of splitting criteria that produced the most consistent groups of
crowns in both years.

Ideally, model accuracy should be tested using a secondary data set, collected
specifically for model validation purposes and independently of data obtained for
the pilot study. 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 model accuracy based on
small data sets in CART (Salford Systems 2003). Instead the accuracy of the models
was assessed using an error matrix to compare classifications based on the true
condition of the crowns as observed during fieldwork, with the classification
indicated by the model. An error matrix shows the number of sampling units (in this
case crowns) assigned to a particular category, relative to the actual category as
indicated by field data (Congalton 2001). Itis possible to obtain anumber of metrics
of classification accuracy from the error matrix, including overall accuracy (OA)
which is the proportion of correct classifications, and the Kappa coefficient which
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accounts for chance correlations in its assessment of accuracy (Congalton & Green
1999). Overall accuracy values tend to over-estimate map accuracy (Ma &
Redmond 1995) and Kappa analysis tends to under-estimate accuracy (Foody
1992), with the true classification accuracy between the two metrics. Accuracy
statistics for individual classes can also be calculated from the error matrices,
including error statistics associated with incorrect inclusion (errors of commission
or “producer’s accuracy’) or exclusion (errors of omission or “user’s accuracy”) in
individual classes. This accuracy assessment, while not independent, provides an
indication of the accuracy that may be expected using this type of methodology.

Application of the Models

Once the suite of decision tree models, based on tree-scale data, were identified and
assessed, the results were applied over larger areas. A two-step crown delineation
process was developed within the software package ENVI to extract crown-based
information over the entire study area. Firstly, the fractional cover images (derived
from the unmixing method) were used to remove pixels with high percentages of
soil and shadow. The remaining pixels were then iteratively expanded and smoothed
in an image window comparable in size to individual tree crowns. This results in
output pixels that are more representative of the mean crown spectral response than
individual sub-pixel crown elements. The size of the averaging image window was
adjusted according to the average crown size in each image, with a window radius
of 8 pixels for the E.californicaimage (average crown diameter 7.8 m) and 3 pixels
for the soil deficiency and D. pinea images (average crown diameter 3 m).

Finally, once the decision trees were implemented over the entire scene, and
estimates of crown health had been derived for each of the damaging factors, the
spatial predictions were compared to a range of site, soil, and climatic GIS layers
toinvestigate whether there was any broad-scale relationship between environmental
and climatic information and crown condition. To do this a continuous coverage
showing the proportion of “‘unhealthy” to “healthy” crowns within 25-m pixels was
created. Grid cells of the raster-transformed E. californica crown transparency data
were correlated to 32 spatial coverages of climatic, soil, geology, and terrain
variables for Kangaroo Vale and Strip Rd in the Carabost State Forest (P.J.Ryan &
A.N.Loughhead, CSIRO Forestry & Forest Products, unpubl. data) and the Pearson’s
correlation coefficients were compared.

RESULTS

A number of decision tree models were developed for each damaging agent. For
brevity, one model illustrating a different aspect of the modelling process is
presented for each damaging agent.
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Presence of Crown Discoloration: Diplodia pinea

The best discriminator of crown discoloration caused by D. pinea was the upper
slope of the red edge, with shallower slopes (<0.006) indicative of significant
crown discoloration (proportion of crown with non-green foliage >40) (Fig. 3a).
The decision tree produced a simple one-branch model with no other spectral or
fraction attributes adding additional discriminating information. A false-colour
subset of the D. pinea-affected site shows crowns that are severely affected by
D. pinea in red (Fig. 4a). The same subset is shown in Fig. 4b with pixel values
transformed to show the presence of discoloration according to the decision tree
model shown in Fig. 3a. The classification error matrix (Table 3) indicates that this
model identifies crown discoloration with a true accuracy between 83% (Kappa)
and 92% (OA) and with few errors of commission (producer’s accuracy 92%) or
omission (minimum user’s accuracy 87%) in each class.

Crown Volume: Nitrogen Deficient Crowns

The best discriminator of crown volume (m?) at the low soil-nitrogen site was the
sunlit canopy fraction, with fraction values greater than 0.5 (equating to crowns
with more than 50% in open sunlight) indicating larger crown volumes (>25 m?)
(Fig. 3b). The effect of low soil nitrogen on crown volume is shown in Fig. 4c, with
the smallest crowns (< 25 m?) growing in the most severely nitrogen-depleted areas.
This, in turn, increases the visibility of the soil background and understorey
compared to areas with higher soil nitrogen levels. The area of most severe soil
nitrogen deficit is clearly evident in the decision tree image (Fig. 4d) based on the
extent of low-volume crowns. Field checking of the decision tree image showed
that the “finger” of higher volume crowns extending from south to north in the
western part of the image occurs along a former windrow, where decaying plant
material and the ash bed may supplement soil nitrogen levels locally.

TABLE 3—Error matrix showing the classification accuracy of predicting crown discoloration
by Diplodia pinea (Kappa = 83%, OA =92%, N =70).

Observed User’s
< 0-40% 41-100% accuracy (%)
2 0-40% 57 3 95
é 41-100% 5 33 87
Producer’s accuracy (%) 92 92

The error matrix for the crown volume model (Table 4) indicates that it discriminates
between high- and low-volume crowns with a true accuracy between 21% (Kappa)
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(a) Upper
slope
(720-750)
<=0.006 > 0.006
Yes No
(b) Sunlit
Canopy
<=0.5 >0.5
Low High
(<25m?) (>25m°)
Sunlit
c
(C) anopy
>04
Chlorophyll
index
(680/750)
<=0.1 >0.1 <=04
Low Mod. High
(0-25%) (25-50%) (>50%)

FIG. 3—Decision tree model

structures for

(a) the presence of
discoloration in
crowns affected by
Diplodia pinea,
(b) the conical
volume of crowns
growing in low soil
nitrogen, and

(c) the mean
transparency of
crowns affected by
Essigella
californica.
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TABLE 4—Error matrix showing the classification accuracy of predicting the conical
volume (m?3) of crowns growing in areas of low soil nitrogen (Kappa = 21%,
OA =58%, N =90).

Observed User’s
0-25 m? >25 m? accuracy (%)
o
{-*‘j 0-25 m? 40 1 98
§ >25 m3 37 12 24
&
Producer’s accuracy (%) 52 92

and 58% (OA) with a tendency to over-estimate crown volume. Large volume
crowns were correctly classified in 92% of cases (producer’s accuracy), but only
24% of crowns classified as having a large volume were actually large crowns
according to the field data (user’s accuracy).

Mean Crown Transparency: Essigella californica

The model for mean crown transparency in crowns affected by E. californica splits
crowns into three transparency classes (high > 50%; moderate 25-50%; low 0—
25%) (Fig. 3¢ and 4c). The major discriminator of mean crown transparency is
sunlit canopy, with small fractional values indicating highly transparent crowns.
The minor discriminator, which splits crowns into groups of lower transparency
levels, is the chlorophyll index, with higher index values corresponding to more
transparent crowns. The results show highly transparent crowns are relatively
evenly distributed throughout the subset image; this is typical as E. californica
tends to attack crowns over a large area under favourable conditions (Neumann &
Marks 1990; Nambiar & Booth 1991; May & Carlyle 2003). The proportion of high
transparency crowns throughout the Strip Rd image is shown in Fig. 5.

The classification error matrix for this model (Table 5) indicates a true classification
accuracy between 28 % (Kappa) and 68% (OA) tending towards an over-estimation

TABLE 5-Error matrix showing the classification accuracy of predicting the mean
transparency (%) of crowns affected by Essigella californica (Kappa = 28%,
OA =68%, N =94).

Observed User’s
0-25% 25-50% >50% accuracy (%)
T 0-25% 6 10 0 38
-fs’ 25-50% 10 62 8 78
:;:’ >50% 0 8 8 50

Producer’s accuracy (%) 38 78 50
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FIG. 4—False colour and decision tree model images showing the Diplodia pinea site
(a) and the presence of discolouration model (b), the low soil nitrogen site (c)
and the crown volume model (d), and the Essigella californica site () and the
mean crown transparency model (f).

of the transparency of the least affected crowns. A subset of the E. californica scene
in false colour is shown in Fig. 4e and the model results are shown in Fig. 4f.

Actotal of 32 spatial variables were derived for correlation with the raster-transformed
E. californica crown transparency coverage, including a series of attributes derived
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FIG. 5-The proportion of crowns infested with Essigella californica in the high
transparency class to crowns in the low and moderate transparency classes in
the Strip Rd study area in 2002.

fromdigital elevation models— geophysical remote sensing of gamma radiometric
data and the profile available water-holding capacity, a measure of potential soil
water stress (McKenzie & Ryan 1999; Ryan et al. 2000). Significant correlates
were elevation (r = 0.17, p<0.0001), radiometric potassium (r = 0.17, p<0.0001),
and the natural logarithm of the dispersive area (r =0.16, p<0.0001). The most
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significant correlation between the relative proportion of high transparency crowns
and site/soil attributes was with net radiation using an exponential transformation
(r=0.32, p<0.0001; Fig. 6). Areas with northerly or north-west aspects (and of
higher elevation) are exposed to relatively higher net radiation levels and these
locations also have a greater proportion of highly transparent crowns infested with
E. californica.

100+
80+
60+

40+

Mean Crown Transparency (%)

204

NETRAD

FIG. 6-Correlation between Fig. 5, and annual net solar radiation (r = 0.32).

DISCUSSION

At present, most plantation health assessment data are collected by subjective
methods such as aerial and ground-based visual surveys (e.g., White et al. 2005).
Tomeetthe increasing demands of profitability, quality assurance, and environmental
stewardship, however, plantation managers will require access to more precise data
describing the status of their estates (Stone & Coops 2004). This pilot study
demonstrated that narrow-band high-resolution multi-spectral imagery can detect
arange of tree crown symptoms associated with P. radiata in southern New South
Wales, including crown discoloration, defoliation, and reduced crown size. Spatial
quantification of these damage symptoms is required to accurately determine the
impact on stand productivity from damaging agents such as pests and diseases, and
to assess their financial implications.

The current cost of acquiring and processing high-resolution digital multi-spectral
imagery is approximately $2.00 to $5.00/ha depending on detail and analytical
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requirements (Andrew Malcolm, SpecTerra Services Pty Ltd, Leederville, Western
Australia, pers. comm.). This is more expensive than that quoted for GPS aerial-
sketch mapping provided by the forest health surveillance unit of Forests New
South Wales (Angus Carnegie, Forests NSW, Sydney, pers. comm.). However, the
subjective coarse nature of the information collected by forest health surveillance
units is not easily incorporated into existing (or developing) forest management
systems, and associated accuracies are rarely reported. In addition, analyses of the
kind demonstrated in this article are likely to become considerably cheaper in future
due to the increasing availability of high spatial resolution multi-spectral imagery
from satellite sensors.

Decision tree analysis was selected for this study because it has several advantages
over traditional regression, including the fact that it is not based on linear and
additive relationships between factors, and variables do not need to fulfill
distributional assumptions. Explanatory variables can be used in their original
format including categorical data (Rosso & Hansen 2004), which significantly
improves the intuitive interpretation of crown health models. Decision tree models
are best suited for use with large data sets, however, which can be separated into
model construction and model validation components. The small sample sizes in
this analysis meant that decision tree models were based on the entire sample of
crowns. While the error matrices, therefore, probably over-estimate the accuracy
of the models (Congalton & Green 1999), a more realistic interpretation of
classification accuracy has been achieved through the use of both overall accuracy
which tends to over-estimate classification accuracy, and Kappa coefficients which
tend to under-estimate accuracy. We recommend that both the overall accuracy and
Kappa statistics should be used to assess classification accuracy in future analyses
of this kind.

As with any programme which utilises airborne remote sensing imagery, the timing
of image acquisition is critical. As discussed, the importance of obtaining imagery
just prior to new shoot growth was judged the overriding priority in flight planning.
As aresult the sun angle, and therefore the proportion of sunlit crown and shadow,
will be different from imagery obtained in summer. The decision to fly in
September may, therefore, have an adverse effect on the prediction of the fraction
images from imagery obtained in summer. To avoid this problem this study design
utilised only imagery collected on approximately the same date each year. If these
models were to be applied to imagery acquired at other times of the year they may
need to be recalibrated to ensure accurate results.

This application of remotely sensed imagery illustrates advantages of spatially
explicit high-resolution digital remote sensing for canopy health assessment in
P. radiata— in particular, its potential for quantitative analysis at a range of scales
and with respect to other digital spatial coverages within a GIS framework. These
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characteristics provide the immediate potential for integrated visualisation and
modelling of various spatial layers across arange of operational and environmental
scales. The model of mean crown transparency in E.californica-damaged trees was
easily applied over the entire image for correlation analysis with other datain a GIS,
for example. This information can then 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. In addition to management applications, tree-
based decision tools using remotely sensed canopy condition, geo-referenced
climate, and topographic and soil information can provide quantitative insight into
the behaviour of damaging agents. The association described in this study between
the mean crown transparency of E. californica-damaged trees and net radiation
levels (Fig. 5) is similar to that reported by Appleton et al. (2003) in New Zealand
which found higher aphid populations on trees growing on north-facing sunny
aspects than on other aspects.

While the restricted nature of this study limits extrapolation across space and time,
the results nevertheless indicate that the use of high spatial multi-spectral imagery
to assess P. radiata canopy health warrants further investigation. Improvements in
model accuracy can be achieved through a range of analytical techniques such as
stratification of the imagery with existing GIS plantation inventory information in
order to constrain variability due to stand management practices (e.g., Hall et al.
2003). As with current forest health assessment programmes, the accompanying
ground-sampling will always be expensive and spatially incomplete. For example,
the incorporation of remotely acquired imagery with optical radiative transfer
models (e.g., Zarco-Tejada et al. 2004; Rautiainen 2005) and process-based models
(e.g., Coops et al. 2001) may off-set some of this reliance on ground sampling in
the future.
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