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ABSTRACT:

The classification of vegetation in hyperspectrabge scenes presents some challenges due to highaoéocorrelations and
problems dealing with many predictor variables. Rendom Forests classification method is based oenaemble of decision
trees and attempts to address these issues bpgl@ath only a subset of image bands in each nddach decision tree. Random
Forests has previously been used for classificatforegetation using hyperspectral data. However variable importance measure
that is a by-product of the technique has largedgrbignored. In this study we investigate the spkgualities of variable
importance in the classification of forest and rfiorest in a single Hyperion scene. The spectraloimgmce curve showed broad

bands of importance over wavelength regions knawlmetsignificant in biochemical absorption.

1. INTRODUCTION

Certain biological and statistical challenges cahihit the
successful use of hyperspectral data for mappingsfaextent.
Absorption by plant materialis vivo generally occur as broad
wavelength bands leading to auto-correlation in etatipn
reflectance spectra. In addition, many statistinadelling
methods have a tendency to over-fit to noise iesagth many
predictor variables (Bajcsy and Groves, 2004). Cauneaetly,
classification accuracy may be highest when onlgrall a
subset of predictor variables is used (Hughes, 1968

The ensemble decision tree approach described adoRan
Forests (Breiman, 2001) is suited to addressingthkallenges
and has been shown to be superior to linear, gtiadsad
penalised discriminant analysis when using hypetsale
satellite data (Everingham et al., 2007; Sluited &ebesma,
2010). Random Forests models also generate a mea$ure
variable importance. High variable importance hasrbused
for selecting narrow bands (Chan and Paelinckx, PGO®I
spectral indices (Ismail and Mutanga, 2010) forlusion in
refined classification models. However, the
characteristics of variable importance have notnbédly
explored.

We consider variable importance for a classificataf forests
and non-forests based on a Hyperion image over hihe
forest site in Tasmania. Spectral characteristids tloe
importance curve are compared to known absorptiod a
reflectance characteristics of leaf biochemicals.

2. METHODS

The Hyperion scene used in this study was captonethe 15
of March 2010 over the Warra Long Term Ecologicas&ech
(LTER) site in southern Tasmania (Brown et al., 200)e
image was 88km in the along track direction anduithed
mainly forested land in the south, while grassland pasture
dominated in the north. Pre-processing was perfdrasing the
methods described by (Datt et al., 2003) and tkgistered to a
orthocorrected mosaic of Landsat Thematic Mappeages
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produced as part of the Australian National Carbeoofinting
System (Furby, 2002).

A Tasmanian Government state-wide vegetation map wsad
for training and validation of the classificatiorodels. The map
is based on aerial photo interpretation and figllidation, and
includes 154 classes as described by Harris andhéier
(2005). These classes were aggregated into gefoeest and
non-forest classes and a raster map created osathe grid as
the Hyperion image.

First, we applied the implementation of Random Rsrdsy
Liaw and Wiener (2002) to discriminate forest frawn-forest
classes in the Hyperion image. For each class, AGixels
were selected at random as the training set. |h sadel run,
1000 decision trees were generated. Classificationracy was
assessed across the entire Hyperion scene. Thelengile
regions that best discriminate forest from nondbrelasses
were inferred from the variable importance spectruithese
wavelengths were then compared to published bioitam
absorption features to examine which parametersfoo#st
biochemistry may be contributing to the spectradasation of

spéctraforested from non-forested areas.

3. RESULTS

The classifications of the Hyperion image were ssse in
terms of overall accuracy and the Kappa statiSwhen, 1960).
These are summarised in Table 1. Training accunzeg
comparable to other published results. Interestinghen the
model was applied to all pixels in the Hyperion regethe
overall accuracy was maintained and the kappa sstati
increased slightly. This is not a large increase,does indicate
the stability of the model when applied outside dhiginal data
on which it was built.

The significance of Hyperion spectral bands in riisimating
the forest and non-forest classes were assessed tise
measure of variable importance produced using thed&a
Forests method. The plot of variable importanca asction of
wavelength showed strong auto-correlation, with ithamt
peaks in significant biochemical absorption regions
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Training Data Complete Image

Overall Overall
Accuracy Kappa Accuracy Kappa
83 0.65 83 0.67

Table 1. Summary of the accuracy achieved for dnest/non-
forest classification

Features in the spectral importance curve includbaap peak
at 1720nm, which sits between two broad liquid wate
absorption bands. This wavelength region is knownbge
sensitive to absorption by cellulose and lignin tean (Fourty
et al., 1996; Gao and Goetz, 1995). Secondary paasar in
the visible green at 539nm and on the red edg@Hitii. There

is also a smaller peak at 640nm in the stronghorcmghyll
absorbing red wavelength region.
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Figure 1. Variable importance (solid line) for tRandom
Forests classification model and a Eucalyptusriefigctance
spectrum measured in the laboratory (dashed line).

4. CONCLUSIONS

The accuracy of forest and non-forest classificatazhieved
here was comparable with those reported in prevsiudies
using Random Forests for the classification of vati@n using
hyperspectral imagery (Chan and Paelinckx, 2008tesland
Pebesma, 2010). Variable importance highlightedctsakty
broad features that have previously been associatitd
biochemical absorption. For example, the importdieegure at
1720nm, which is thought to be associated withutede and
lignin absorption is the dominant feature. Since ithage was
collected just after the summer season, this inapod may be
due to the presence of dead material within noasfior
(grassland and pasture) areas of the image.

While importance measures are an interesting dstgnwhich
may help us to understand the key biophysical dteriatics of
forests that allow their discrimination within atedite image
scene, they also allow the investigation of apgederbroad
band data types for operational monitoring of ftweas an
ongoing exercise. This is a key focus for our farthesearch in
this area.
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