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ABSTRACT:

Multi-temporal Landsat coverages of the entire Australian continent have been assembled under the Australian Greenhouse Office
(AGO) National Carbon Accounting System (NCAS) Land Cover Change Program. The major purpose of this program was the
production of spatially detailed classifications of the extent and change in area of forest cover for Australia since 1972 for input
to carbon modelling. Changes in vegetation density may also contribute significantly to the carbon budget, and are also of major
significance in natural resource management. Landsat has frequently been used for the estimation of biophysical parameters, such
as cover or crown density. Regression analyses of image and ground data have commonly been applied. Operational monitoring of
vegetation trends from time series of cover/density indices has also been demonstrated in rangeland and forested environments.

The AGO imagery provided an opportunity to produce a Landsat-derived estimate of perennial vegetation density for the entire continent
using a consistent methodology. Standard methods were defined to provide density ‘ground truth’ from Ikonos images acquired close
to or near 2002. Over 1000 Ikonos images from AGO archives were used. Vegetation density was recorded for multiple sample
areas within each image, and nearly 2000 training sites were selected from this process. Ground and image data from multiple 1:1m
mapsheets were analysed together. Broad stratification zones and scene boundaries were also used in the modelling process. A variety
of analysis techniques were examined, including linear models and ‘random forests’. Random forests is a powerful non-parametric tree
ensemble technique. Methods and results were compared on the basis of ‘goodness of fit' and comparison of output maps. Random
forests performed better than linear models in a range of test areas, and this method was applied nationally.

The process has produced a map of vegetation density for Australia, limited at present to areas within the AGO forest mask. Details of
the random forest procedure, the ground data, and the analysis will be discussed.

1 INTRODUCTION and Townshend, 2001) has found that using regression tree tech-
nique that includes a set of linear models produced more accurate
(F_stimates as compared to using just a single linear model. Some
cent studies such as (Huang et al.,2001 and Xian et al., 2002)
ave successfully used regression tree techniques to model the
rqomplex relationships and handle large data sets.

Canopy cover, also known as crown cover, is defined as the pe
cent of area occupied by tree crowns. Estimation of canopy cov
is of wide interest in scientific studies for management and polic
issues. The Australian Greenhouse Office (AGO) is a leader i

developing a credible monitoring of Greenhouse gas productiopjere, we describe a study carried out to estimate canopy den-
at the national level. In particular, land use change under currerdity over the Australian continent for year 2002 using a recently
KyOtO rules, and Under anticipated deve|0pments Of those rule%jeveloped regression tree technique knowmnraaglom forests
requires a credible quantitative methodology and an operationgéandom forests is a tree ensemble technique. It is a powerful
system to deliver land-cover change greenhouse monitoring. Thgon-parametric technique that has numerous advantages such as
AGO NCAS Land Cover Change Program was specially set up tghe ability to handle very large data sets and large numbers of

produce spatially detailed classifications of the extent and changgriaples, it does not over fit and it is computationally efficient
in area of forest cover for Australia since 1972 for input to carbongreiman, 2001).

modelling. As a result of this program, multi-temporal Landsat

coverages of the entire Australian continent have become availFhis paper is organized as follows. Section 2 describes the model

able and this gives an opportunity to produce a Landsat-derivetiputs such as image data, stratification zones and image date

estimate of perennial vegetation density for the entire continenpoundaries. It also summarises the study conducted to compare

using a consistent methodology. the performance of random forests with other models such as
linear regression model, logistic model and the regression tree

Spectral mixture analysis (SMA) or linear regression technique§todel as implemented in the statistical softwBr¢R Develop-

have often been used in the past to estimate tree canopy densifj€nt Core Team, 2006) and describes the application of random

Some of these studies include (Iverson, 1989, Zhu and Evanggrests to ITandsat data. _Sectlon 3 prgsents and_ discusses the

1994, and De Fries et al., 2000). However, since tree canopSﬁ‘SUltS achieved and section 4 ends with conclusion and future

is not an end member, it cannot be estimated directly using thi/ork.

SMA method (Roberts et al., 1993). In addition, the model used

in the linear regression and SMA is not adequate to model the 2 MATERIALS AND METHOD

relationship between spectral signals and canopy density which

can get very complex and highly variable especially over largeThe overall strategy for data processing in this study consists of

areas (Ray and Murray, 1996). A study conducted by (Huanghree basic steps namely



e The study area is stratified into broad zones reflecting varia2.5 Model Comparison

tions in vegetation types due to rainfall, soil and geology; ) )
A range of methods were considered and applied to data from test

e Ground data are selected using Ikonos images and with stragreas and compared. Two parametric methods (linear regression
ification zones as a guide so that they represent a range @ind the logistic regression), and a non-parametric method (de-
densities within each zone; cision trees) were applied. The results obtained were compared

with those achieved by random forests. Model performance is
¢ Random forests is applied to Landsat data and training sitefeasured by the mean absolute prediction errors (MAPE), square
to obtain estimates of canopy densities. root of the value of cross-validation mean square errors (CVME),

R-squared value which is calculatedfy-> " (resid?)/ > (obs—

mean)?), where "resid” is the residuals and "obs” is the obser-

2.1 Landsat Data . . . i
vations, and by visual inspection of output maps.

The study area covers the forested area of the entire Australiafor model comparison, data from map sheets SD54, SE54 and
continent. A total of 37 1:1m map sheets covering the conti-SE55 were pooled. There were 144 training sites in total. For
nent of Australia namely, SD54, SE54, SES55, SF54, SF55, SG54ach model considered, the training sites data were fitted using
SG55, SG56, SH54, SH55, SH56, SI54, SIS5, SI56, SJ54, SI5Hhe spectral signals, stratification zone numbers and image date
SH53, SI53, SK55, SI50, SI51, SH50, SH51, SH52, SG52, SG5Ihoundaries where the latter two independent variables were treated
SG50, SES1, SF51, SE52, SF52, SF50, SD52, SD53, SES3, SFS8, factors. The results achieved by each model are summarized
and SG53 were used in the process to produce the final density Table 1 below.

map. The final map of vegetation density for Australia is limited

at present to areas within the AGO forest mask. The AGO forest mﬁgzlr CXZM (I)E 'lﬂfg; R-Os%li%re
mask is built from multi-temporal Landsat images for the NCAS — . . :
Land Cover Change Program. It includes woody areas that are Logistic 22.7 13.243 0.618
have canopy cover above a nomiiab% (Furby, 2002). Tree 255 | 12.873| 0678
Random forest 23.4 8.069 0.878

In practice, data from several mapsheets were combined and anayggd1 : values of CVME, MAPE and R-square achieved by the
together to obtain sufficient ground data. The process was itjnear model, logistic model, tree model and random forest model

erated using different combinations of geographically adjacenasing data taken from map sheets SD54, SE54 and SE55.
mapsheets. '

From Table 1, it can be seen that the random forests model has
2.2 Ground Data overall performed better than the other models in terms of the

mean absolute prediction error and the R-squared value. These
Standard methods were defined to provide density ‘ground truthiwo measurements directly compares the predicted densities with
from the available lkonos image archives. Nearly 1000 high spathose of the training sites. In addition, a scatter plot of estimated
tial resolution Ikonos images acquired in 2002/03 across the courgtensities against the spectral signals revealed that these two vari-
try were used to select approximately 2000 training sites. Canopybles have a far more complex relationship than that of a simple
density for each site was estimated by independent experts usitigear one. Thus, the linear model is not suitable for the data in
a documented protocol. Stratification zones are used as a guideis case. Visual inspection of output maps was also done and it
in selecting training sites so that they represent a range of densjyas found that the map produced using random forests was most
ties in each zone. For each site, a grid is superimposed over eagbnsistent with the original satellite image. As an example, Fig-
sample areas in the lkonos images, and absence and presencei@ 1 below shows a sample area taken from the resulting density
vegetation is counted. The proportion of trees in each grid is themaps produced by the linear model and the random forest model.
recorded as the density for that site. In the example, it can be seen from the left picture that there are

variations in the woody area at the top left hand side which is
It should be noted that the current set of training sites are beggnsistent with the Landsat image. The map produced by linear
ing revised. The processing described here identified particulafhodel as shown in the middle picture in Figure 1 does not show
areas where the present ground data coverage is inadequate. digch variation. Also, the estimated densities produced by random
improve the coverage and representativeness of the ground datgrests model are more consistent with the supplied ground data

new Ikonos images are being purchased at the time of writing thigs compared to those yielded by the linear model.
paper. _— :

2.3 Stratification

In this study, we used the stratification zones developed for th
Australian Greenhouse Office Project (Furby, 2002). Each maj &%
sheet was divided into different zones reflecting variations in veg Ex
etation, geology, soil, rainfall and land use associations for the§&
AGO LCCP. These zones were used in the density mapping, wit
like zones often being merged. In addition, the zone informatio
is included in the modelling process as a factor.

Eigure 1: Left:Sample area taken from Landsat image(mapsheet
nSD54)in the enhancement of bands 5, 4 and 2 in red, green and
blue respectively. Centre: Corresponding area taken from density
2.4 Image Date Boundary map achieved by linear model. Right: Corresponding area taken
from density map achieved by random forest model

Seasonal differences between image date boundaries are oftory  Applying Random Forests to Data

visible in the image mosaics. This is caused by different dates

of acquisition of images. The image date boundaries are used &andom forests is a classification and regression approach devel-
factors in the modeling process. oped by (Breiman, 2001). It is an ensemble of unpruned decision



trees constructed by using bootstrap samples of training data arnide model is appropriate for the data. Visual inspection was also
random feature selection. The basic algorithm of random foregperformed on the resulting density maps. Figure 3 shows a sam-
works as follows, assuming training data is of si¥e ple area taken from the density map of map sheet SF55 together
with its corresponding Ikonos image. The training site in this
area has a recorded density7df% while the predicted density is
72.5%, which means there is good agreement between the esti-
mated and predicted densities.

¢ Using data frqm step 1, c'onstruct adecisiontree to its MaXI1 the second example, data from map sheets SH53,SH54,S153,S154,
mum depth without pruning it. At each node, a random sub

set ofm predictor variables from the total setbf available and SJ54 were combined and analyzed. The total number of

. ; . training observations was 295. The results and diagnostic plots
Fggdgggrz(ﬁ ;f ggsaer%CCSSSSISS igal:]:égattf Ss‘ﬁ:'tttt?]r:‘niggare shown in Table 3 and Figure 4. The model has achieved R-
Perform ngw random selection for each split P squared value 005.910: The diagnostic_s plots shc_)\_/v good agree-

! ment between the estimated and predicted densities, and that there
e Repeat steps 1 and 2 a large number of times to generatei%”O_S_yStema_tiC pattern or trend betvyeen residL_JaIs and predicted
forest of trees: dt_ansmes, indicating that the model is approprlate_ for the data.
Figure 4 shows a sample area taken from the density map of map
e Predictions are calculated by averaging for regression or bgheet SI54 together with its corresponding Ikonos image. The
majority vote for classification. training site in this area has a recorded density43% while the
predicted density i45%, which means there is good agreement
between the estimated and predicted densities.

Model CVME | MAPE | R-square
Random forest| 10.97 8.04 0.898

) o o ) Table 2: Values of CVME, MAPE and R-squared achieved by
* in classification applications it produces highly accurate reyandom forest model using data taken from map sheets SF55,

e Draw N observations from the training data with replace-
ment;

Some advantages of random forest model include

e inregression-type problems it does not over fit;

sults; SG55, and SG56.
e it gives estimates of variables that are important in the clas- Maps (55,5655,5656) Waps (5755:3655,5656)
sification; E

e it can handle large number input variables;

e it runs efficiently on high dimensional data sets.

s
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We applied the random forests regression model as implemented A A
in the statistical softwar®R Development Core Team, 2006)

to the datg. Operaponally, repeate_d runs of thg model were C.Oqfigure 2: Left:Plot of predicted densities against observed densi-
ducted using combined data from different spatial groupings wnthgn

a number of geographic regions. Typically, data from several ma jes for map sheets S.’F55’ SG.SS and SG.5.6' Right: Corresponding
sheets in the same region were pooled and analysed as a sin Igt of residuals against predicted densities.
data set. For each run of the model, the estimated densities of S B AT
the training sites were fitted using on the corresponding Land- - o
sat digital counts from six bands, stratification zones and scene
boundaries. The regional results obtained were then combined to
produce a map of vegetation density for Australia. Areas outside
the Australian Greenhouse Office forest extents were masked.

In applying the procedure described above to obtain a density
map of the country, the 37 map sheets were merged into 9 groupBjgure 3: Left:Density map achieved by random forest model for
resulting in 9 random forests models being used. All 9 modelsmap sheet SI54. The colours red - blue represents high - low
yielded R-square values of betwe@8 — 0.9. Two examples of  densities. Box outlined in white represent the training site. The
the groupings, together with the results achieved are presented gstimated density of this site &%, and the predicted density

the next section. yields a density of72.5%. Right: Corresponding Ikonos image
displayed in the enhancement of red, green and blue representing
3 RESULTS AND DISCUSSION the red, near infra red and blue layers respectively.
Model CVME | MAPE | R-square
The results for two of the random forests models fitted to data Random forestt 10.63 7.80 0.910

from different areas are described in this section. In the first ex- .
ample, data from map sheets SF55, SG55 and SG56 were cor;liz-ible S CVME.’ MAPE and _R-squared achieved
bined and analyzed. Training data from 194 sites was availabld?y random forest model using data combined from map sheets
The results are shown in Table 2 where an R-squared value ott53, SH54, SIS3, SI54 and SJ54.

0.878 has been achieved, indicating that random forests has fit-

ted the data well. In addition, the diagnostics plots in Figure 2 4 CONCLUSIONS AND FUTURE WORK

show that there is good agreement between the estimated and pre-

dicted densities (left plot), and that there is no systematic patterAn approach has been developed to predict the vegetation cover
or trend between residuals and predicted densities, indicating thaensity of the Australian continent. This approach uses a tree en-



Maps (SH53,SHS4,8153,8154,8J54) Maps (SHS3,SHS4,8153,8154,854) Huang, C. and Townshend, J., 2003. A stepwise regression

: tree for nonlinear approximation: applications to estimating sub-
pixel land cover. International Journal of Remote Sensing 23(1),
pp. 75-90.
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Huang, C., Yang, L., Wylie, B. and Homer, C. A., 2001. A strat-

egy for estimating tree canopy density using landsat 7ETM+ and

s R S high resolution images over large areas. Proceedings of the Third

P e wom @ P womw International Conference on Geospatial Information in Agricul-
ture and Forestry, Denver, Colorado.

Figure 4: Left:Plot of predicted densities against observed den-

= .~ lverson, L., Cook, E. and Graham, R., 1989. A technique for ex-
sities for map sheets SHI.SS’SH54’S.|53’ SI5.4’ and SJ?"_L Rig apolating and validating forest cover across large regions: cali-
Corresponding plot of residuals against predicted densities.

brating AVHRR data with TM data. International Journal of Re-
mote Sensing 10(11), pp. 1805-1812.
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R Development Core Team, 2006. R: A Language and Envi-
ronment for Statistical Computing. R Foundation for Statistical
Computing, Vienna, Austria. ISBN 3-900051-07-0.

Ray, T. and Murray, B., 1996. Nonlinear spectral mixing in desert
vegetation. Remote Sensing of Environment 55(1), pp. 59-64.

jRoberts, D., Smith, M. and Adams, J., 1993. Green vegetation,
onphotosynthetic vegetation, and soils in AVIRIS data. Remote
ensing of Environment 44(2), pp. 255-269.

Figure 5: Left:Density map achieved by random forest model fo
map sheet SI54. The colours red - blue represents high - lo
densities. Box outlined in white represent the training site. The
estimated density of this site %, and the predicted density Xian, G., Zhu, Z., Hoppus, M. and Fleming, M., 2002. Appli-
yields a density oft5%. Right: Corresponding lkonos image cation of decision-tree techniques to forest group and basal area
displayed in the enhancement of red, green and blue representifigapping using satellite imagery and forest inventory data. Pro-
the red, near infra red and blue |ayers respectivew. Ceedin_gs of I/FIEOS Conference, Percora 15/Land Satellite In-
formation IV/ISPRS Commission.

semble technique known as random forests, applied to PUIPOS&Y., 7 and Evans, D., 1994. US forest types and predicted per-

collected ground data and Landsat images. A total of nine rancent forest cover from AVHRR data. Photogrammetric Engineer-
dom forests models were used to produce the final first pass de[hg and Remote Sensing 60(5), pp. 525-531.

sity map for the country. All models yielded a R-squared value
betweerD.8 — 0.9 which indicates that the models are adequate
for the data in each case. In addition, diagnostic plots and visual
inspections were performed to further confirm the appropriate-
ness of the models. However, it should be noted that the random
forests has no spatial knowledge of the area under study. It re-
lies heavily on the input training data to calculate the predictions.
Thus, good ground truth and stratification of the region are para-
mount to produce accurate estimates.

It should be noted that the current set of training sites are being
revised as a result of the work described in this paper. New lkonos
images are being purchased at the time of writing, and new train-
ing sites will be selected for resolving uncertainty where present
data are sparse and to make the distribution of the training sites
across the country more comprehensive.

Future work includes processing the revised data to obtain a new
density map for the Australian continent for year 2002. Extension
of the current methodology to produce time-series density maps
is planned.
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