
Regression tree analysis of medium spatial resolution satellite data for 
assessing tropical forest cover in the highlands of mainland Southeast 
Asia

Christian Tottrup 
Institute of Geography, University of Copenhagen, Denmark 

Keywords: tropical forest, MODIS, MERIS, regression trees, southeast Asia 

ABSTRACT: A regression tree analysis is used to assess tropical forest canopy cover from temporal metrics
of Moderate-resolution Imaging Spectroradiometer (MODIS) data. Training data for the dependent variable
forest canopy cover is derived from Landsat TM data and a regression tree algorithm is used to predict the
dependent variable from the independent variables of MODIS data. The approach is used to predict forest
canopy cover within the Pu Mat nature reserve in north central Vietnam. Forest canopy cover is predicted
with an overall residual root mean square error of 14.0%. The result indicates that MODIS data can be used to
estimate percentage forest canopy cover even over spatially complex areas characterized by subtle changes in 
forest canopy cover. Future research will extend these analyses to include the entire region of the highlands of
mainland Southeast Asia. 

1 INTRODUCTION

Forest resource management and land use planning 
in regions that are subject to anthropogenic pressure 
require accurate maps of the state and changes in 
forest cover. At broader scales the only feasible ap-
proach to provide such information is by using re-
mote sensing. However, widely used sensor systems 
such as Landsat TM/ETM+ and NOAA AVHRR are 
either constraint by their temporal, spatial or spectral 
capacity when used to assess regional scale forest 
cover in the highlands of Southeast Asia (Leisz et al. 
2003). Therefore new medium spatial resolution 
sensors such as MODIS (MODerate-resolution Im-
aging Spectroradiometer) and MERIS (MEdium 
Resolution Imaging Spectrometer) are especially ap-
pealing due to their geographical coverage, new 
spectral capacity and high temporal resolution.      

The overall aim of this research is to improve re-
gional assessments of forest resources in the high-
lands of mainland Southeast Asia using satellite re-
mote sensing. The motivation is the need to describe 
the spatial and temporal variation in forest cover 
across the region as support for regional forest re-
source management. The central hypothesis is that 
MODIS and MERIS data, with their enhanced ca-
pacities, can deliver improved information on forest 
cover and its changes within this region. 

2 BACKGROUND 

Mapping of forest cover in the highlands of main-
land Southeast Asia is hampered by a number of fac-
tors being characteristic of the region. First, of all 
the nature of the anthropogenic influences are char-
acterized by small scale, cyclic conversions of the 
forest (shifting cultivation) and widespread forest 
morphological changes (selective logging). Such 
changes are not as amenable to detect from space as 
large-scale permanent conversions of forest to non-
forest. Moreover, persistent cloud cover during the 
wet season is likely to contaminate the satellite im-
agery and finally topographic effects will have an 
impact on the spectral reflectance. 

Data from MODIS and MERIS should offer a 
good opportunity to meet some of these constraints. 
First of all, the increased number of wave-bands 
with high signal to noise ratios gives a more accurate 
surface signal with a potential for detecting more 
subtle forest and vegetation changes. Secondly, the 
near daily coverage of the entire region allows for 
image selection of best quality while still preserving 
vegetation seasonal dynamics. Still, it is likely that 
the majority of anthropogenic changes will occur at 
a scale well below even the best achievable spatial 
resolution – 250 m for MODIS and 300 m for 
MERIS. Thus, a traditional discrete classification 
would not adequately represent the true spatial fre-
quency of the landscape. A more reliable approach 
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would be to map the forested landscape as a con-
tinuous variable. In this respect, Regression Tree 
Analysis (RTA) has received much attention, par-
ticular with regard to estimating proportional esti-
mates of forest at continental to global scales (Han-
sen et al. 2002; DeFries et al. 1997). RTA is a 
flexible statistical method that uses a set of predictor 
variables to recursively split a response variable into 
subsets. Each split is based on the single predictor 
variable that maximizes the reduction in the residual 
sum of squares. The result is a binary tree with a 
root node, a set of non-terminal nodes and a set of 
terminal nodes having the mean of the response 
variable as their value (Breiman et al. 1984). The po-
tential benefits of RTA are several. In particular 
RTA is strictly non-parametric and do not require 
assumption regarding the distribution of the input 
data. In addition RTA handles non-linear relation-
ships, is robust to outliers and is capable of handling 
both numeric and categorical data (Friedl and Brod-
ley 1995; Steinberg and Colla 1995). Finally, RTA 
is an excellent tool for exploratory analysis and for 
feature selection. The hierarchical relationships re-
vealed by partitioning the feature space illustrate the 
explanatory capabilities of the predictor variables. 
This may be used to eliminate redundant or noisy 
features in the input data (Borak and Strahler 1999). 

3 STUDY AREA 

In the following preliminary results are presented 
from a test site located in the north-central highlands 
of Vietnam (see figure 1).  

Figure 1. Location map of the study region [left]. Landsat 
ETM+ panchromatic image of the Pu Mat nature reserve 
[right]. 

The test site is home to the Pu Mat nature reserve 
which covers an area of approximately 190.000 hec-
tares - divided into a highly protected core-zone sur-
rounded by a buffer-zone. The core-zone is domi-
nated by dense evergreen forests with few in-
habitants and only limited agricultural activity. 
Widespread selective logging is, however, an in-

creasingly problem within the core-zone. In the 
buffer zone shifting cultivation is the main agricul-
tural practice along with some permanent agricul-
ture, leaving the landscape as a mosaic of various 
stages of forest, mixed with rivers and patches of ag-
ricultural land (Tottrup 2002). 

4 METHODOLOGY

In this study a RTA was applied using percentages 
forest canopy cover as the response variable and 
temporal metrics of spectral information as the pre-
dictor variables. RTA is a supervised algorithm that 
uses training data for the predictor variable. Training 
data for forest canopy cover was created from a 
Landsat TM classification (Tottrup 2002) of an area 
just north of the Pu Mat nature reserve. The classes 
in the legend were assigned a mean forest canopy 
cover estimate of 0% for water and non-forest; 10% 
for shrub; 50% for degraded forest and 80% for pri-
mary forest. Afterwards the forest canopy cover im-
age was aggregated to the MODIS sensor resolution 
while averaging forest canopy cover over the coarser 
cell resolution (see figure 2). 

Figure 2. Classified Landsat TM image [left]; Derived training 
data of forest canopy cover [middle]; MODIS color composite 
[right]. The size of the shown area is approximately 35 x 35 
km. 

Several studies have used temporal metrics of 
satellite data for landscape mapping and characteri-
zation rather than using single date imagery alone 
(e.g. DeFries et al. 1995; Achard and Blasco 1990). 
The value of temporal metrics as a complement to 
spectral information is their information on vegeta-
tion seasonal characteristics. In this study temporal 
metrics of MODIS 500-metres data from Marts 2001 
to February 2002 were used as the predictor vari-
ables. Initially monthly (32-day) composites were 
constructed from the MODIS 8-day surface reflec-
tance product (MOD09A1) based on a maximum 
NDVI (Normalized Difference Vegetation Index) 
routine (Holben 1986). A monthly composite was 
created for NDVI and each of the 7 MODIS surface 
reflectance bands. Subsequently, a screening was 
applied in order to assess the quality of the monthly 
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composites. This task revealed that in spite of the 
composite routine, cloud contamination was still 
prevalent in the monthly metrics especially during 
the wet season (from April to September). Conse-
quently, the ability of the dry season metrics to cap-
ture vegetation seasonal dynamics was investigated 
from NDVI development curves (figure 3). Figure 3 
shows that the dry season months still captures im-
portant salient points of vegetation seasonal dynam-
ics including leaf shedding of seasonal forest and 
crop harvesting.

Figure 3. NDVI developments curves of tree major land cov-
ers.

Over large areas the seasonal phasing of the 
vegetation may differ as leaf shedding may vary 
among eco-regions as well as the agricultural 
systems may follow different calendars. To account 
for possible regional variations in the seasonal 
phasing of the vegetation the monthly metrics were 
further decomposed into dry season metrics 
(maximum, minimum, mean and amplitude) of 
surface reflectance and NDVI.

Altogether, 80 monthly and half-annual metrics 
were created and used as the predictor variables in 
the RTA. The analysis was done using the S-PLUS 
statistical software (Venables and Ripley 2002). The 
regression tree(s) was grown from half the training 
data and using the following specifications: mini-
mum no. of observation before split: 5; minimum 
node size: 10; and minimum node deviance: 0.01. 
This produced a rather large and potentially over fit-
ted tree that was subsequently pruned by cascading 
the second half of the training data down through the 
initial tree, as the data cascade down the tree the 
overall sum of squares starts to level out and eventu-
ally starts to increase. This indicates an over fitting 
of the initial tree (Hansen et al. 2002) and thus prun-
ing was performed where the overall sum of squares 
began to increase. Finally, the resulting tree model 
was used to predict forest canopy cover within the 
Pu Mat nature reserve. 

5 RESULTS AND DISCUSSION 

As argued in the previous section multi-temporal 
metrics are supposed to be better predictors of forest 
canopy cover than data from a single composite pe-
riod. To test this argument percent forest canopy 
cover predicted from single month composites was 
compared to forest canopy cover as estimated from 
the multi-temporal metrics (see table 1). Table 1 il-
lustrates the value of temporal information for forest 
cover discrimination. The lowest accuracy of esti-
mated forest canopy cover are achieved early in the 
dry season (October) at a time where both crops and 
seasonal forest are at peak greenness, confounding 
their spectral signature with that of evergreen forest. 

Table 1. Comparison of overall training accuracy achieved us-
ing single month composites versus multi-temporal metrics de-
rived from 6 monthly composites. 

Metric Overall RMS (%) 

October 14,3 

December 12,5 

February 12,3 

Multi-temp. 11,8 

Better accuracies and discrimination occurs in the 
middle of the dry-season (December to February) 
where the fields are bare and the seasonal forests are 
still foliated. Although the multi-temporal data pro-
duces only slightly better than the December and 
February composite data, the value of the multi-
temporal data are most probably underestimated due 
to the limited spatial extent of the study site. Within 
the study area the seasonal phasing are insignificant, 
which cannot be expected at broader scales, suggest-
ing that multi-temporal data will produce signifi-
cantly better predictions of forest canopy cover over 
larger areas. Consequently, only the 32 dry-season 
metrics were used to construct the final tree model. 
The initial growing of the model produced a tree 
with 75 terminal nodes and a root mean square devi-
ance of 11.8% when compared to the training data. 
After pruning the tree was reduced to 24 terminal 
nodes and a residual root mean square deviance of 
12.8%. In total 10 of the 32 input metrics were used 
to generate the final tree. A simplified tree structure 
(reduced to 8 terminal nodes) is seen in figure 4.
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Figure 4. Simplified tree structure. The predictor variable for 
each node is listed above each split while the splitting rule is 
shown below. 

Figure 4 reveals the importance of the green and 
near-infrared reflectance for estimating tropical for-
est canopy cover. A likely interpretation of the first 
and second (right) split could for example be that 
chlorophyll absorption and canopy shadowing will 
result in a lower green reflectance in denser forests 
than in more open canopies. Equally, the second 
(left) split, using the mean near-infrared metric to 
separate denser forest canopies, may be explained by 
an increased “spectral trapping” within denser cano-
pies. Such attempts to uncover the structure of the 
tree should, however, be treated cautious. A poten-
tial problem is the associations between the predictor 
variables. For instance the information of forest can-
opy cover in one group of predictor variables may be 
duplicated by the information in a completely differ-
ent group of predictor variables. This is so, because 
a variable or group of variables may appear most 
important, but still contain only marginally more in-
formation than another group of variables (Breiman 
et al. 1984).

The result of applying the tree model to a data set 
that covers the Pu Mat nature reserve is seen in fig-
ure 5.

Figure 5. Preliminary 500-meters percent forest canopy cover 
map for the Pu Mat nature reserve derived from multi-temporal 
MODIS data. The size of the shown area is approximately 60 x 
40 km. 

Figure 5 shows how the variation in forest canopy 
cover follows an expected pattern revealing informa-
tion on the degree of forest disturbance. In the 

densely populated parts, close to the main river in 
northeast, highly fragmented and generally low for-
est canopy cover are observed. In contrast dense for-
est occupies the more inaccessible parts towards 
southwest. Another important notice is the reduced 
forest canopy cover found along the stream network 
within the Pu Mat nature reserve boundaries, which 
is a possible indication of selective logging activi-
ties.

The accuracy by which the model predicted forest 
canopy cover within the Pu Mat nature reserve was 
estimated by comparing predicted forest canopy 
cover with actual forest canopy cover as estimated 
from Landsat TM data. This comparison between 
4861 cells resulted in an average residual root mean 
square deviance of 16,7 % across all terminal nodes 
and with an overall residual root mean square devi-
ance of 14.0 %. The relationship between terminal 
node mean values and the actual mean forest cover 
within each terminal node is depicted in figure 6. 

Figure 6. Comparison of Terminal node mean values with ac-
tual mean forest canopy cover values. The solid line is the one-
to-one line. 

6 CONCLUSION 

The 500-meters continuous forest canopy cover map 
presented in this paper captures subtle changes 
within the forest canopy that has been unaccounted 
for in existing broad-scale discrete forest cover clas-
sifications. As a conclusion the study suggests that 
MODIS data are suitable for mapping continuous 
fields of tropical forest canopy cover even over a 
spatially complex landscape characterized by small 
scale gradual changes in forest cover. Future analy-
sis will extend this work, to the entire region, by in-
cluding training data from a regional network of test 
sites representing the major forest formations and 
the dominating forest production systems. Moreover, 
additional refinements of the method are needed, in-
cluding: the inclusion of digital elevation data and 
texture metrics to the set of predictor variables; in-
vestigations of variable importance (Breiman et al. 
1984), the fitting of a linear regression model to 
each terminal node (Huang and Townsend 2003) and 
median adjustment of the nodes at the extremes of 
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forest canopy cover (Hansen et al. 2002). Finally, 
the approach will also be tested on the MODIS 250-
meters product (MOD09Q1) and on MERIS data, 
once they become widely available. An important 
indicator of success will be the ability of the ap-
proach to capture the spatial and temporal variation 
in forest cover across the regions dominant land 
uses. Thus the resulting percent forest canopy cover 
map will be validated using field data and high-
resolution image data from representative test sites. 

In the longer term it is believed that this contin-
ued work will lead to an improved methodology for 
estimating forest resources at the regional scale in 
the highlands of mainland Southeast Asia. The out-
puts may serve a wide range of potential end-users, 
including natural resource managers, policy makers 
and global change researchers. Also, once longer 
time series of MODIS data becomes available, series 
of forest cover maps may be used to identify tempo-
ral changes in land use and forest resources.
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