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ABSTRACT:

India is endowed with a rich forest cover. Over 21% of country’s area is covered by forest of varied composition and structure. Due
to large amount of carbon stored in forests and their role in land surface and climatic processes, it is important to monitor forests for
effective management and modeling studies. The disturbance regimes associated with forest regeneration and recovery, occurring in a
heterogeneous matrix of confounding land covers makes forest monitoring an involved and complex task. Over a 13 year period (2000
—2013), detection of forest cover loss at regional scale using a coarse resolution imaging sensor (MODIS - 250m) in Indian forests is
attempted in the present study. MODIS provides a rich basis for forest cover monitoring at regional scales on an interannual to decadal
timescales due its huge database and high temporal frequency. Forest cover loss across different forest types in parts of Maharashtra,
Odisha, Chhattisgarh and Telangana states were identified using a forest-likelihood and a multi-thresholding approach. The study
reveals that considerable amount of deforested patches exist over the study areas during the 2000 to 2013. Results also suggested that
the detection accuracy improved with the increase of fraction of deforestation in the MODIS pixel, but still relatively small changes

were also detected.

1. INTRODUCTION

Forest cover loss contributes to greenhouse gases emissions,
majorly carbon dioxide, from the terrestrial biosphere into the
atmosphere (Houghton, 2005). Tropical deforestation is
considered to be the second largest source of anthropogenic
emissions with an estimated value of 0.3 to 0.8 Pg C yr! into the
atmosphere in the 1980°s, 0.5 to 3.0 Pg C yr ! in the 1990’s and
0.81 to 2.2 Pg C yr ! in the 2000’s (Achard et al., 2004; Baccini
et al., 2012; DeFries et al., 2002). The wide range of emission
estimates is mainly due to uncertainties in both deforestation and
biomass density estimates. Therefore, more reliable and accurate
quantification of forest cover change is needed for global change
studies in reducing uncertainties in carbon emission estimates
and for evaluating the effectiveness of environmental policies
aiming at reducing emissions from deforestation and forest
degradation (REDD+).

Satellite remote sensing is a promising tool for characterizing the
current forest state and forest change dynamics. The range and
complexity in forest composition and structure as well as
variations in the intra and inter annual phenology makes it
challenging to identify forest disturbances. Over the past 4
decades, several methods have been developed to map forest
cover loss due to deforestation, forest mortality and urbanization
at local scales using Landsat (Collins and Woodcock, 1994;
Huang et al., 2010; Skole and Tucker, 1993) and at regional
scales using coarse resolution Advanced Very High Resolution
Radiometer (AVHRR) and Moderate Resolution Imaging
Spectroradiometer (MODIS) (Broich et al., 2011; Coops et al.,
2009; Ehrlich et al., 1994; Hansen et al., 2008; Young and Wang,
2001).

Since 2000, the availability of MODIS data at various spatial
resolutions (250m, 500m, and 1000m) with high revisit

capability has provided an improved basis for regional and
global land cover change mapping. Generally, the spatial scale
of changes in forest cover is relatively small for a snapshot and
temporally they may be sudden to gradual. But over a period of
time, it is noticed that the deforested patches increase to a
considerable spatial extent and thus could be detected using
MODIS 250m imagery. Earlier studies used MODIS data in
conjunction with Landsat type datasets to estimate net forest loss
using regression models (Hansen et al., 2008; Hayes and Sader,
2001). Other methods such as change indices (Coops et al.,
2009), temporal trajectory based change detection algorithms
(Huang and Friedl, 2014) and classification (Carroll et al., 2011)
are also used to provide change information at native MODIS
resolution, but often do not employ the multi-temporal
information.

The main objective of the present study is to develop a method
for use of temporal information to provide more efficient and
accurate identification of change locations. The method uses
single season multi-date images to determine forest cover loss
across Indian forest types between 2000 and 2013. The high
revisit capability and wide spectral range (0.4pm to 14.4 pm) of
MODIS makes it ideal for regional change detection study,
especially in tropics, where data quality is highly effected due to
cloud cover and aerosol contamination. Due to coarse spatial
resolution of MODIS (250m), a window of 13 years (2000-2013)
was chosen to identify large-scale deforested patches.

2. DATA AND METHODS

In the current study, the change detection method was used to
identify forest cover loss areas in parts of Maharashtra, Odisha,
Chhattisgarh and Telangana states occurring between 2000 and
2013. The methodology could be broadly classified into two
steps (Figure 1). Firstly, we calculate integrated forest z-score
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using a histogram slicing approach and secondly use a multi-
thresholding criterion to detect forest loss areas.
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Figure 1. Flowchart of methodology used for pre-processing and
forest loss area detection using MODIS Imagery

2.1 IFZ Calculation

Forests appear as darkest vegetated surfaces in satellite images
acquired during growing (leaf-on) season in visible and
shortwave infrared bands due to substantial shadow casting
within the tree canopy (Huang et al., 2008). Most forest
disturbance events result in abrupt spectral changes due to
sudden reduction and removal of forest canopy cover and woody
biomass. The present methodology uses forest samples to
normalize the image radiometry and to calculate forest
likelihood measure. Since the forest pixels are darkest vegetated
pixels, they are generally located towards the lower end of the
histogram. When there are enough pixels in a given area, they
tend to make a forest peak and thus could be delineated using
histogram slicing. Automatic delineation of forest pixels is
thereby achieved by identifying forest peak and then
thresholding the satellite image using threshold values defined
by forest peak (Figure 2).

Since water pixels can also be located at the lower end of the
histogram (i.e. where forest pixels are located), MODIS Water
mask (MOD44W) was used to remove water pixels wrongly
identified as forest pixels. For uniform selection of forest pixels
across different types in a given image, moving local window
(20 x 20 km) was used for the forest peak delineation. The
identified forest samples are used to calculate an integrated
forest z-score (IFZ), which is indicative of the likelihood of each
pixel being a forest pixel. Integrated forest z-score can be
calculated as follows.

1 byi=b;
IRZ = Lyt (1)

Where b_1 and SDj;are the mean and standard deviation of the
forest samples for band i spectral values respectively. NB is the
total number of bands.

MODIS red band (620-670 nm) at 250m (MOD09Q1) was used
to identify the forest samples in the present study. The green and

SWIR bands are resampled from 500m to 250m (MODO09A1),
were used to calculate IFZ. Normalized Difference Vegetation
Index (NDVI) at 250m was also used in IFZ calculation instead
of NIR band since it does not directly correlate with disturbance
events.

IFZ is an inverse measure of the likelihood of a pixel being forest
pixel. Low IFZ value near to 0 implies that the pixels are close
to spectral center of forest pixels, while those with high IFZ
values are likely to be non-forest pixels. When there is a sudden
change in the forest cover of a pixel there is abrupt increase in
the IFZ value. If such increase is observed consistently over
time, it is termed as deforested pixel. On assuming forest pixels
with in an image have a normal distribution, statistically over
99% of forest pixels will have IFZ value less than 3. Conversely,
pixels with IFZ values greater than 3 are most likely non-forested
pixels.
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Figure 2. Identification of forest Peak wusing histogram
constructed using red band reflectance in a local window (20km
x 20km). Forests appear darkest in IFZ Image as reference to
forest in standard False Color Composite (FCC).

2.2 Change Detection

For each individual year all products of MOD09Q1 and
MODO09A1 during growing season (October to December) are
used to generate month wise cloud-free composite images.
Forest samples were selected using October month composite
and were used to calculate IFZ images for October, November
and December. Temporal profile of IFZ during 2000 and 2013
was used to detect changes. A pixel is identified as deforested
pixel if it satisfies the following two conditions. (1) If at least
once the IFZ value is greater than 3 during the growing season
of 2013 and (2) the month wise difference in I[FZ value for the
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entire growing season of 2000 and 2013 is consistently above a
threshold of 1. The thresholds were chosen to achieve least error
of commission (i.e. identifying very confident change locations).
The entire algorithm was automated and has been implemented
in MATLAB.

3. RESULTS
The algorithm was tested in forests in parts of Maharashtra,

Odisha, Chhattisgarh and Telangana states. Several hotspot
locations were identified as forest cover loss pixels affected by

change events during 2000 to 2013. Figure 3 shows a hotspot
location of forest cover loss occurred in Telangana state. Forest
cover loss was largely attributed to logging events.

The sub-window shows a total of 212 pixels identified as forest
cover loss (Figure 3). The identified forest cover loss pixels were
verified/validated using high resolution IRS AWiFS Imagery.
Visual interpretation in several areas of forest cover loss was
found to be well in accordance with IRS AWiFS Imagery.

Figure 3. Forest Cover Loss areas as identified using MODIS imagery and verified visually using high resolution IRS AWIFS
Imagery. The change areas indicate a change year in between 2005 to 2013 as the forest pixels were undisturbed till 2005.
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Since MODIS is a coarse resolution satellite (250m), the entire
area (250m x 250m) may not have been affected but the fraction
of vegetation loss is enough to alter the spectral signature of the
pixel. In order to assess the sensitivity of fraction of vegetation
cover loss in a given pixel, the images are visually verified using
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very high resolution Google earth imagery (Figure 4). It has
appeared that the method was sensitive to forest cover loss
attributing to about 50% within the MODIS 250m pixel.
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Figure 4. The areas of forest cover loss as identified using MODIS imagery. The deforested patches show a change in between 2007
to 2014 as verified using very high resolution Google Earth Imagery.

4. Conclusions

A multi-temporal approach for detection of forest cover loss
using MODIS 250m imagery was developed and evaluated in
the present study. Due to coarse resolution imagery, our results
depend on size and intensity of change event. However, the
results of the study states that there has been several hotspot
areas of forest cover loss across the study area. Even though the

results presented in this paper indicate that the current
methodology was effective, but it has to be tested in other Indian
forest types to evaluate the sensitivity of the thresholds used.
While the paper uses two year images to identify forest cover
loss locations, the availability of huge time series of MODIS
imagery could as well be used to examine the forest cover
changes at a finer time scale (every 2-3 years) to label
approximate year of change for each pixel. Due to the increasing
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global concern of forest loss, identifying the change locations
effectively would help the policy makers for effective

Houghton, R.A., 2005. Aboveground forest biomass and the
global carbon balance. Glob. Chang. Biol. 11, 945-958.

management.
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