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(a) Location inside a forest.
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Forests are a crucial ecological resource; they are responsible for preserving biodiversity, maintaining soil fertility,
regulating water resources, sustaining economic activities
and supporting geochemical and climatological cycles. Thus,
estimating the amount of forest cover over large areas is
important for many reasons. Specifically, quantifying forest
cover is a necessary input for studies linking changes in
forests with natural and anthropogenic events [4, 10, 17].
Field-based techniques for monitoring forest cover provide the most detailed and accurate information about the
health of forests. However, these studies are expensive
and are thus limited to smaller regions of interest, or are
undertaken at irregular time intervals. Remote sensing-based
techniques, however, provide a cost-effective solution for
monitoring forest cover. Recently, a number of methods
have been developed for rapidly estimating forest cover at
coarse spatial resolution using remote sensing data such
as vegetation index and land surface temperature as input
[9, 19, 20].
Recent well-known forest cover estimation techniques are
based on a variety of learning methods, including logistic
regression [20] and regression trees [19]. These approaches
learn a single global model that is applied for all vegetation
types. However, as we observe in Figure 1, the input data can
be very similar for two completely different land cover types.
In this example, the mean land surface temperature (used as
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I. I NTRODUCTION

(b) Location near a water body.
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Abstract—Forests are an important natural resource that
play a major role in sustaining a number of vital geochemical
and bioclimatic processes. Since damage to forests due to natural and anthropogenic factors can have long-lasting impacts on
the ecosystem of the planet, monitoring and estimating forest
cover and its losses at global, regional and local scales is of
primary concern. Developing forest cover estimation techniques
that utilize remote sensing datasets offers global applicability
at high temporal frequencies. However, estimating forest cover
using satellite observations is challenging in the presence of
heterogeneous vegetation types, each having its unique data
characteristics. In this paper, we explore techniques for incorporating information about the vegetation type in forest cover
estimation algorithms. We show that utilizing the vegetation
type improves performance regardless of the choice of input
data or forest cover learning algorithm. We also provide a
mechanism to automatically extract information about the
vegetation type by partitioning the input data using clustering.

(c) LST time series for the example location inside a forest.

−5

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

(01−Mar−2000 to 01−Mar−2012)

(d) LST time series for the example location near a water body.

Figure 1. An example of a location inside a forest marked by a yellow
dot in (a), and a location near a water body marked by a yellow dot in (b),
which show similar LST characteristics in (c) and (d) respectively. Note:
Most figures in this paper are best seen in color.

input in [20]) for a location inside a forest is almost identical
to that of a water body. Thus, it is important to devise
forest cover estimation techniques that behave differently
in different vegetation domains, thus preserving vegetation
heterogeneity.
In this paper, we investigate the role of vegetation type
in estimating forest cover and explore techniques for identifying and exploiting characteristics of the data which are
indicative of vegetation type. We focus this study on the
region of Mato Grosso, Brazil (7◦ –19◦ S, 62◦ –50◦ W ) and
evaluate the performance of the proposed techniques on
a variety of learning algorithms, using vegetation index
and land surface temperature observations as input. We
demonstrate that the enriched regression models provide
substantially better estimates of forest cover than a recently
developed logistic regression approach [20].
The key contributions of the paper are as follows:
•

We systematically investigate the role of vegetation type
in estimating forest cover and explore techniques that
model heterogeneous relationships of different vegetation types with the forest cover.

•

•

We comparatively evaluate the ability of vegetation
indices and land surface temperature datasets in discriminating between different vegetation types, and we
demonstrate their effectiveness in relation to standard
land cover labels.
We comprehensively show that utilizing information
about the vegetation type improves performance regardless of the choice of (1) input data, or (2) learning
algorithm.
II. R ELATED W ORK

Predictive vegetation modeling using environmental variables has been explored in a number of scenarios for
estimating response variables such as soil properties [14],
species distribution [2], disease count [21] and the presence
or absence of a vegetation type [12]. Such techniques
have been devised for varying kinds of environmental data
types, which can be boolean, discrete or continuous. Further,
predictive vegetation models often incorporate information
about the spatial properties of the domain [16] using various
approaches such as auto-regressive methods [11], geostatistical methods [3], parameter estimation methods [15] and
geographically weighted regression [22].
van Leeuwen et al. [20] presented an approach for estimating forest cover using remote sensing datasets obtained
through MODIS (Moderate Resolution Imaging Spectroradiometer). They explored the use of land surface temperature (LST) for forest cover estimation and highlighted
the importance of using the difference between the day
and night land surface temperatures for estimating forest
cover, which best captures the influences of multiple geophysical pathways on forest cover. They also found that LST
observations during the dry season provide the maximum
predictive power about the forest cover as compared to other
seasonal periods. Furthermore, van Leeuwen et al. suggested
a technique for detecting the months corresponding to the
dry season. The month with the maximum average difference
between LST Day and LST Night over a period of 6 years
(2000 to 2005) was identified for each location, and a 3month window centered around the detected month was
used to mark the dry season at every location. Logistic
regression models were tested using LST in combination
with the normalized vegetation index (NDVI) as input, using
correlation as performance measure. In this paper, the van
Leeuwen et al. [20] approach is presented in the quantitative
evaluation (Section VI) as the baseline logistic regression
method.
III. DATA
In this study, we use the land surface temperature (LST),
normalized difference vegetation index (NDVI), enhanced
vegetation index (EVI) and land cover type (LC) datasets obtained from MODIS. The datasets are at a spatial resolution
of 0.05◦ on the geographic Climate Modeling Grid (CMG),

and distributed through the Land Processes Distributed Active Archive Center [1]. We provide a description of each
of the datasets below:
Land Surface Temperature (LST): The Collection 5 monthly
composited and averaged level-3 MOD11C3 product was
used for extracting LST which is available at 0.05◦ geographic CMG. LST is derived from thermal infrared bands
and measures the land surface temperature during the day as
well as the night. We only consider cloud-free observations
of LST for evaluation.
Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI): NDVI and EVI are obtained from the monthly Level-3 MOD13C2 product at
0.05◦ geographic CMG. The MODIS NDVI product contains
atmospherically corrected bi-directional surface reflectances
masked for water, clouds and cloud shadows. On the other
hand, EVI uses the blue band to remove residual atmospheric contamination caused by smoke and sub-pixel thin
clouds. EVI also uses feedback adjustment to minimize
canopy background variations and to enhance vegetation
sensitivity from sparse to dense vegetation conditions.
Land Cover Type (LC): The Land Cover Type is an yearly
MCD12C1 product, available at 0.05◦ geographic CMG,
which provides the dominant land cover type using a supervised classification approach. The primary land cover
scheme identifies 17 land cover classes defined by the International Geosphere Biosphere Programme (IGBP), which
includes 11 natural vegetation classes, 3 developed and
mosaicked land classes, and 3 non-vegetated land classes.
IV. M ETHODS
The task of estimating the forest cover at a particular
location in a given year can be realized as a regression
problem in a supervised setting, where the forest cover is
the dependent variable and the predictor variables consist of
input data from remote sensing datasets. More formally, we
can express the estimation problem as Y = f (X), where
Y ∈ [0, 1] is the forest cover at a given location in a year,
interpreted as the proportion of pixel area (where a pixel
corresponds to a 0.05 ◦ × 0.05 ◦ MODIS grid) covered by
forests, X is the observed input data obtained from remote
sensing datasets, such as LST, NDVI and EVI at the same
location and year, and f is the objective function which has
to be learned.
We note that LST, NDVI and EVI contain 12 monthly observations at a given location in a year and several techniques
can be devised for extracting annual features from each of
them, which best model forest cover when used as predictor
variables. Also, the land surface temperature (measured
using LST) and vegetation index (measured using NDVI
and EVI) represent unique characteristics about the domain
and hence offer complementarities that can be harnessed
by employing multivariate analysis techniques. Furthermore,

spatial and temporal dependencies among the observations
can be leveraged by modeling structural inter-relationships
inherently present in the data. However, since the primary
focus of this paper is to understand the effects of incorporating vegetation type in the learning algorithm, we perform an
in-depth exploration of simple univariate predictor variables
and basic learning algorithms, and present techniques for enhancing the performance of a learning algorithm by making
it aware of the vegetation type. Specifically, we explore the
following combinations of predictor variables and learning
algorithms:
Predictor Variables: We construct predictor variables from
the 12 monthly observations of LST, NDVI and EVI in a
particular year at a given location. For NDVI and EVI, we
consider the mean of the 12 values in a year as the predictor
variable. For LST, we consider the mean difference between
LST Day and LST Night during the months corresponding
to the dry season in that year, using the same approach as
mentioned in [20].
Learning Algorithms:
•

•

Logistic Regression: Y is expressed as the following
function of X:


Y
= βT X
(1)
ln
1−Y
where β is the set of model parameters which must be
learned using the Iteratively Reweighted Least Squares
(IRLS) algorithm [13]. Logistic Regression is traditionally used for classification problems where the likelihood of Y is assumed to share a linear relationship with
X. It is also commonly used in regression scenarios
when the dependent variable has been extracted from
binary data, such as the proportion of forest cover in
the pixel area at a coarse resolution.
Linear Regression: A linear relationship between Y and
X is assumed, which can be described as
Y = βT X

•

(2)

where β represents the set of parameters which are
estimated using the Ordinary Least Squares (OLS)
method [7, 13].
Regression Trees: Similar to the use of decision trees in
classification, regression trees [5] are used for estimating the value of a dependent variable at the leaf node,
by performing splitting decisions at internal nodes,
as described in Figure 2. This involves choosing the
attribute for splitting at each internal node, which
provides the maximum reduction in the Mean Squared
Error (MSE) of the subsequent subtrees. To prevent
over-fitting, we perform pruning by restricting the number of internal nodes in the learned regression tree to
be less than or equal to 30.

Instead of developing a single learning algorithm which

Figure 2. An example of a regression tree, where the leaf nodes (shaded)
estimate the value of the dependent variable, while the internal nodes
perform splitting decisions.

estimates the forest cover for every vegetation type, independent regression algorithms can be designed for each
vegetation type, incorporating vegetation heterogeneity in
the regression scheme. Since traditional learning algorithms
attempt to learn the heterogeneous dependencies of multiple
vegetation types and forest cover in a single framework, they
suffer in performance by being too restrictive in nature. In
contrast, a scheme utilizing multiple independent learning
algorithms, each corresponding to a different vegetation
type, offers more flexibility and thus can take advantage
of the additional degrees of freedom for improving its
estimation power.
Learning multiple regression algorithms requires segmentation of the observation space into multiple regions, so as to
demarcate the domain of application of different learning algorithms. This can be achieved by characterizing each input
data instance with a vegetation type label, both during the
training and testing phases. We describe the following two
simple techniques for achieving the desired segmentation
of the input data depending upon the vegetation type at a
location: (a) Partitioning the Feature Space, and (b) Time
Series Clustering. They are described in detail as follows:
A. Partitioning the Feature Space
The observations are first projected to a lower-dimensional
feature space, where the features are selected based on their
ability in discriminating between different vegetation types.
As an example, forests exhibit high inter-annual NDVI and
EVI mean, and low inter-annual LST mean, while the intraannual variance of LST, NDVI and EVI is low. On the
other hand, farms show a characteristically higher intraannual NDVI, EVI and LST variance due to the presence of
cultivation cycles. Further, wetlands and locations near the
water bodies show similar behavior in NDVI and EVI mean
as that of a forested location. We thus explore the benefit in
using inter-annual mean (µ) and intra-annual variance (σ 2 )
of LST, NDVI and EVI, computed over a period of 5 years
(2000 to 2004), for representing different vegetation types.

(a) LST in Forests

(b) LST in Farms

(c) LST in Grasslands

(d) LST near Water Locations

Figure 3. Distribution of locations in the (µ, σ 2 ) feature space of LST for
different vegetation types. The intensity of color at a µ, σ 2 pair in each of
the subfigures denotes the number of samples observed with that pair of
values in the two-dimensional histogram using µ and σ 2 .

Figures 3, 4 and 5 present the distribution of locations inside
the following four vegetation types (identified using MODIS
LC labels): Forests (LC ∈ {1 − 5}), Farms (LC ∈ {12, 14}),
Grasslands (LC ∈ {8 − 10}) and Water Locations (LC
∈ {0, 11}) in the (µ, σ 2 ) feature space of LST, NDVI and
EVI respectively. They illustrate the differences in their
behavior in the two-dimensional (µ, σ 2 ) feature space. A
two-dimensional grid partitioning is then performed on the
(µ, σ 2 ) feature space and the multiple regions constructed in
this fashion correspond to unique vegetation types.

(a) NDVI in Forests

(b) NDVI in Farms

(c) NDVI in Grasslands

(d) NDVI near Water Locations

Figure 4. Distribution of locations in the (µ, σ 2 ) feature space of NDVI
for different vegetation types. The intensity of color at a µ, σ 2 pair in each
of the subfigures denotes the number of samples observed with that pair of
values in the two-dimensional histogram using µ and σ 2 .

(a) EVI in Forests

(b) EVI in Farms

(c) EVI in Grasslands

(d) EVI near Water Locations

B. Time Series Clustering
We employ k-means clustering, with varying values of k,
for clustering LST, NDVI and EVI time series observations
over a period of 5 years (2000 to 2004). The identified clusters can then be considered to represent distinct vegetation
types of the domain, and unique regression algorithms for
each cluster can then be learned and evaluated.

Figure 5. Distribution of locations in the (µ, σ 2 ) feature space of EVI for
different vegetation types. The intensity of color at a µ, σ 2 pair in each of
the subfigures denotes the number of samples observed with that pair of
values in the two-dimensional histogram using µ and σ 2 .

V. E VALUATION S ETUP
We evaluate the performance of different forest cover
learning algorithms using observations from years 2000 to
2004 at each location for training, and observations from
years 2005 to 2009 for testing. This ensures temporal separation between the training and testing data for correct crossvalidation of the models. Experiments using other spatial and
temporal partitioning into training and testing subsets, such
as training using observations in 2005 to 2009 and testing
over observations in 2000 to 2004 were also carried out,
which showed similar trends in the evaluation results.

A. Validation Data
The Program for the Estimation of Deforestation in the
Brazilian Amazon (PRODES) [6], provides an annual deforestation product for each state in the Brazilian Amazon,
which is generated from the analysis of high-resolution
Landsat Thematic Mapper (TM) images by the Brazilian
Instituto Nacional de Pesquisas Espaciais (INPE). PRODES
data was downloaded at 90 m resolution in GeoTiff format,
which was then converted to a vector (polygon) format.

The polygons were then reprojected from Datum SAD69 to
WGS84 projectioning scheme. Using the base map of forest
cover in 2000 and the increments of annual deforestation
available every year, we calculated the forest cover for years
in 2000 and 2009. The PRODES forest cover was used as
the true forest cover for the purpose of evaluation.
(a) (µ, σ 2 ) of NDVI

B. Evaluation Metrics
Let Yi denote the true observation of the dependent
variable, and let Ybi be its estimated value. The following
evaluation metrics can then be defined for analyzing the
performance of a regression model, which are commonly
used in statistics, machine learning and data mining [8, 18]:
•

•

Pearson’s Correlation (Corr): The correlation between
Y and Yb is a measure of their linear relationship and
can be defined as
P
(Yi − Ȳ )(Ybi − Yb̄ )
b
q
(3)
Corr(Y, Y ) =
P
P
(Yi − Ȳ )2 (Ybi − Yb̄ )2
where Ȳ and Yb̄ denote the sample means of Y and Yb
respectively.
Coefficient of Determination (R2 ): R2 measures the
proportion of variability in the dependent variable explained by the regression model and thus is a measure
for the goodness of fit of the model, formally defined
as
P
(Yi − Ybi )2
(4)
R2 = 1 − P
(Yi − Ȳ )2

We study the effects of vegetation-specific modeling on
several learning algorithms and examine their performance
during the testing phase using correlation and 1 − R2 as our
evaluation measures.
VI. E XPERIMENTAL R ESULTS AND D ISCUSSION
A. Partitioning the Feature Space
We first consider partitioning the input data space using
land cover type labels available from LC data in year
2000, and denote this partitioning scheme as UseLC. We
specifically construct the following 4 partitions: Forests (LC
∈ {1 − 5}), Farms (LC ∈ {12, 14}), Grasslands (LC ∈
{8−10}) and Water Bodies (LC ∈ {0, 11}), each of which is
learned and evaluated using a separate regression algorithm.
Evaluation results of UseLC experiment are illustrated in
Table I.
We next consider projecting each data instance to a twodimensional feature space comprising of the inter-annual
mean (µ), and the intra-annual variance (σ 2 ) of NDVI over
a period of 5 years (2000 to 2004). Let L be the set of all
locations. Figure 6 illustrates the distribution of locations in
the (µ,σ 2 ) space of NDVI, which can be partitioned using
the following schemes :
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Figure 6. Distribution of all locations in the (µ, σ 2 ) space of NDVI, represented as histograms in (b) and (c), and as a two-dimensional histogram
in (a). The intensity of color at a µ, σ 2 pair in (a) denotes the number of
samples observed with that pair of values in the two-dimensional histogram
using µ and σ 2 .

P art(3 × 2): 6 regions are created by performing a
two-dimensional grid partitioning, where µ is split in
3 divisions: µ ∈ [0, 5000], µ ∈ (5000, 8000] and
µ ∈ (8000, 1000], and σ 2 is split in 2 divisions:
σ 2 ∈ [0, 750], and σ 2 > 750.
• P art(4 × 2): 8 regions are created by performing
a two-dimensional grid partitioning, where µ is split
in 4 divisions: µ ∈ [0, 5000], µ ∈ (5000, 7000],
µ ∈ (7000, 8000] and µ ∈ (8000, 1000], and σ 2 is split
in 2 divisions: σ 2 ∈ [0, 750], and σ 2 > 750.
• P art(4 × 3): 12 regions are created by performing
a two-dimensional grid partitioning, where µ is split
in 4 divisions: µ ∈ [0, 5000], µ ∈ (5000, 7000],
µ ∈ (7000, 8000] and µ ∈ (8000, 1000], and σ 2 is
split in 3 divisions: σ 2 ∈ [0, 400], σ 2 ∈ [400, 750] and
σ 2 > 750.
We now examine the locations in a specific partition
in order to understand their physical correspondence with
a specific vegetation type. Furthermore, we analyze the
behavior of residuals in a given partition and investigate the
benefits of vegetation specific modeling in the context of
that partition.
Figure 7 shows the results of a detected partition that
corresponds to the forest vegetation type, as shown as a
sample image in Figure 7(c). Sample LST and NDVI time
series are shown in Figures 7(b) and 7(d) respectively, which
illustrate low intra-annual variance of LST and NDVI, low
inter-annual LST mean and high inter-annual NDVI mean
for a location inside the forest vegetation type. Figure 7(a)
provides a scatter plot of the residuals of the baseline approach (along the x-axis), and the residuals of the vegetation
•
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Figure 7.
Analysis of a detected partition corresponding to a forest
vegetation type. The detected locations in the partition are shown as yellow
dots in the sample image shown in (c). Example LST and NDVI time series
of a sample location in the partition are shown in (b) and (d) respectively. A
scatter plot for the residuals of the baseline model along with the residuals
of vegetation specific modeling is shown in (a).

specific approach (along the y axis) for each observation
inside the detected partition during the testing phase. It
can be observed that most of the observations in the forest
vegetation type have a negative baseline residual, in which
case the residual of the vegetation specific modeling has a
lower magnitude than the baseline model, indicating a better
goodness of fit.
Similarly, Figure 8 presents the case of a partition that
corresponds to farms, as shown in Figure 8(c). The LST
and EVI time series, as shown in Figures 8(b) and 8(d)
respectively, show high inter-annual variance that is characteristic of farms. The analysis of the residuals in Figure
8(a) suggests that most of the observations in the partition
correspond to a high residual value for the baseline model,
whereas the residual of the vegetation specific model in such
cases is low in magnitude. These examples clearly illustrate
the physical interpretation of the detected partitions and the
performance improvement obtained by partitioning the input
space based on vegetation type.
Table I presents evaluation results for the abovementioned partitioning schemes on multiple combinations
of predictor variable (LST, NDVI, and EVI) and learning
algorithms (logistic, linear and regression tree). The baseline
method refers to the case where no information about
the vegetation type is used. Hence, the logistic regression
models for the baseline approach correspond to the models
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(01−Feb−2000 to 01−Oct−2011)

(c) Sample image of the detected
region

(d) Sample NDVI time series

Figure 8. Analysis of a detected partition corresponding to a cropland
vegetation type. The detected locations in the partition are shown as orange
dots in the sample image shown in (c). Example LST and NDVI time series
of a sample location in the partition are shown in (b) and (d) respectively. A
scatter plot for the residuals of the baseline model along with the residuals
of vegetation specific modeling is shown in (a).

proposed by [20] using either LST, NDVI or EVI. It can
be observed that partitioning schemes utilizing the µ and
σ 2 feature space of NDVI provide significant improvement
in the correlation and 1 − R2 values as compared to the
baseline approach. This illustrates the power of incorporating vegetation type in forest cover estimation. Further,
partitioning experiments using µ and σ 2 feature space of
NDVI perform at par with experiments involving LC labels,
showing promise in devising better partitioning schemes
using LST, NDVI and EVI data, as opposed to using LC
labels which are noisy and inaccurate.
B. Time Series Clustering
We implement k-means clustering on NDVI time series
using observations at each location over a period of 5
years (2000 to 2004). For each of the clusters obtained
corresponding to different vegetation types, an independent
regression algorithm is then learned and evaluated. Table
II provides performance results of schemes utilizing kmeans clustering. It can be observed that k-means generally
performs better than feature space partitioning experiments
using the same number of clusters or partitions. Moreover,
the improvement in the correlation and 1 − R2 measures as
compared to the baseline approach is significant.
For each cluster obtained using the k-means clustering
with k = 6, we examine its centroid LST time series by
considering the LST observations for locations inside the
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Model
Baseline
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P art(4 × 3)
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1 − R2

0.7394
0.8100
0.8255
0.8476
0.8495

0.4553
0.3442
0.3229
0.2892
0.2881

0.7197
0.8103
0.8218
0.8465
0.8485

0.4871
0.3441
0.3297
0.2914
0.2898

0.7414
0.8113
0.8238
0.8425
0.8422

0.4528
0.3425
0.3261
0.2975
0.3003

Logistic

Linear

Reg. Tree

Corr

1 − R2

Corr

1 − R2

Corr

1 − R2

0.8416
0.8540
0.8649
0.8683
0.8669

0.2959
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0.4562
0.3481
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Table I
E VALUATION R ESULTS FOR SCHEMES WHICH INVOLVE PARTITIONING
THE FEATURE SPACE INTO MULTIPLE REGIONS , EACH CORRESPONDING
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Figure 9.
k = 6.

VII. C ONCLUSIONS AND F UTURE W ORK
There exists a heterogeneity in the relationships of remote
sensing data in different vegetation types with the forest

2003

2004

2005

Centroid LST time series obtained by k-means clustering with

Table II
E VALUATION R ESULTS FOR SCHEMES INVOLVING k- MEANS
CLUSTERING OF TIME SERIES , WITH VARYING VALUES OF k
Using LST
Model

cluster. As shown in Figure 9, the six obtained centroid
time series show significant separability among each other.
Further, it can be observed that the different centroid time
series correspond to unique characteristics of different vegetation types. For example, the centroid time series named
T1 in Figure 9 shows high intra-annual variability which is
characteristic of farms. On the other hand, the centroid time
series named T6 in Figure 9 shows low inter-annual mean indicative of a forest vegetation type. Hence, k-means presents
a technique for automatically learning multiple regression
algorithms using LST, NDVI and EVI observations, where
each detected cluster corresponds to a different vegetation
type.
We further analyze the performance of the logistic regression scheme using LST as the predictor variable, by varying
the number of clusters used during k-means clustering from
k = 1 to k = 15. Figure 10 presents the behavior of
correlation and 1 − R2 on varying the number of clusters
for the aforementioned regression scheme. It can be seen
that the gain in performance by increasing the number of
clusters is initially larger for smaller values of k, and slowly
converges to a constant value after some k, when the number
of clusters is sufficient for modeling the heterogeneity of the
vegetation types.

2002

(01−Mar−2000 to 01−Mar−2005)

Baseline
k=6
k=8
k = 12
Using NDVI
Model
Baseline
k=6
k=8
k = 12
Using EVI
Model
Baseline
k=6
k=8
k = 12

Logistic

Linear

Reg. Tree

Corr

1 − R2

Corr

1 − R2

Corr

1 − R2

0.7394
0.8432
0.8496
0.8566

0.4553
0.2956
0.2878
0.2787

0.7197
0.8431
0.8492
0.8560

0.4871
0.2969
0.2894
0.2804

0.7414
0.8364
0.8399
0.8459

0.4528
0.3071
0.3041
0.2966

Logistic

Linear

Reg. Tree

Corr

1 − R2

Corr

1 − R2

Corr

1 − R2

0.8416
0.8548
0.8629
0.8691

0.2959
0.2731
0.2582
0.2469

0.8179
0.8599
0.8648
0.8685

0.3383
0.2652
0.2551
0.2481

0.8434
0.8521
0.8523
0.8531

0.2972
0.2785
0.2767
0.2761

Logistic

Linear

Corr

1−R

2

0.7428
0.8464
0.8547
0.8610

0.4562
0.2943
0.2818
0.2726

Reg. Tree

Corr

1−R

2

Corr

1 − R2

0.7126
0.8450
0.8534
0.8602

0.5036
0.2969
0.2840
0.2739

0.7527
0.8364
0.8430
0.8439

0.4383
0.3096
0.3001
0.3003

cover at a particular location in a given year. Developing
a single regression framework that models the behavior of
every vegetation type with the forest cover thus increases
the complexity of the problem, adversely affecting the
performance of the algorithm. In this paper, we explored
techniques that incorporate information about the vegetation
type at a particular location for modeling its distinctive
behavioral relationship with forest cover. The following two
approaches were proposed and evaluated for segmenting the
data space: (a) partitioning the feature space, and (b) clustering time series. A distinct regression algorithm was then
developed for each detected segment. Experimental results
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