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Abstract
In South Asia, annual land cover and land use (LCLU) is a severe issue in the �eld of earth science because it affects regional climate, global
warming, and human activities. Therefore, it is vital essential to obtain correct information on the LCLU in the South Asia regions. LULC annual
map covering the entire period is the primary dataset for climatological research. Although the LULC annual global map was produced from the
MODIS dataset in 2001, this limited the perspective of the climatological analysis. This study used AVHRR GIMMS NDVI3g data from 2001 to
2015 to randomly forests classify and produced a time series of the annual LCLU map of the South Asia. The MODIS land cover products
(MCD12Q1) are used as data from reference for trained classi�ers. The results were veri�ed using of the annual map of LCLU time series, and the
space-time dynamics of the LCLU map were shown in the last 15 years, from 2001 to 2015. The overall precision of our 15-year land cover map
simpli�es 16 classes, which is 1.23% and 86.70% signi�cantly maximum as compared to the precision of the MODIS data map. Findings of the
past 15 years shows the changing detection that forest land, savanna, farmland, urban and established land, arid land, and cultivated land have
increased; by contrast, woody prairie, open shrub-lands, permanent ice and snow, mixed forests, grasslands, evergreen broadleaf forests,
permanent wetlands, and water bodies have been signi�cantly reduced over South Asia regions.

1. Introduction
Changes in land cover and land use (LCLU) have always remained one of the main concerns in the development of sustainable agricultural
management strategies that directly affect the hydrology, biodiversity and local climate (Linke et al., 2009). The LCLU information and its
changes over time are very important for assessing the in�uence on the humans, atmosphere, and world systems (Meyer and Turner, 1992; Di
Gregorio, 2005; Ali et al., 2019a). The South Asia is the most affected by land cover and land use change detection (IUCN, 2010; Ali et al., 2019b).
The South Asia regions have facing water-related challenges, such as water shortage, low water use e�ciency, and degradation of water quality.
Furthermore, the South Asia region soon challenged a transition from pastoral-land to farm-land (Schulz et al., 2010; Ali et al., 2019a). The huge
impact of land use, land use change and forestry on reducing livestock is another reason, which is related to the restoration of rain-fed farming
(Olson et al., 20011). The land use and water resources have been greatly in�uenced by humans and ecosystems in South Asia have undergone
some variations, such as the transformation of wet-lands to dry-lands and the melting of glaciers (Propastin and Muratova, 2008b). In addition,
the South Asia regions is covered mostly by grasslands, grasslands savanna, open bushes and nearby bushes are involved in local and global
carbon storage (Propastin and Muratova, 2008a). The climate change has been driver by deforestation, function of ecosystems and biodiversity
(Tapia-Armijos et al., 2015). In the South Asia regions where natural assets are inadequate, which created an ecological problems in present and
future, the forestry sector must improve forest ecosystems based on resources (Laurance et al., 2002).

For climate research, the dataset generated by MODIS (MCD12Q1) was used for LCLU (Lawrence and Chase 2007; Du et al., 2015). Only remote
sensing data can provide accurate global LULC for monitoring drought and climate change (Muhammad et al., 2015). The global data set of
NOAA-AVHRR images with high temporal frequency and high spatial resolution use to study the land change detection in the South Asia regions
(Keith et al., 2014; Liu et al., 2018). In general, the dataset of MODIS is used in combination of dataset of AVHRR to study the land surface
conditions on a large scale (James and Kalluri 1994; Jin and Zhang 2019). As described by Friedl et al. (2010) that the images of AVHRR have a
continental and global scale old long history. He et al. (2017) reported that due to the accessibility of a higher spatial resolution, higher signal,
and better remote-sensing data-sets such as MODIS sensors, the classi�cation of AVHRR data sets has received less attention recently. The
AVHRR data set contains the longest global image time series. It deals the probability of generating a time series of LCLU maps for long-term,
which is an essential climatological research element. MODIS and AVHRR data are generally combined for land surface conditions and LCLU
changing detection maps (Running et al., 1994; Ali et al., 2019a).

In Asia, the South Asia is one of the major important regions, providing a large number of services for economic growth and the world’s
population, whereas the South Asia contributes only 24% to the world’s population with 3% world’s land area (Bloom and Rosenberg, 2011; Fu et
al., 2018). The total population increased from 473 million to 1.6 billion during 1950 to 2009, more than tripled, and is expected to grow by 41%
by the end of 2050 (United Nations, 2009; Henchiri et al., 2019; Du et al., 2015). In the world the south Asia is one of the most ecologically diverse
regions (Schneider et al., 2009; Fu et al., 2018; Huang et al., 2017). According to the (http:///://www.cepf. net/) the climatic regions of South Asia
are distributed in the high-altitude areas in Afghanistan, in the south Indian Ocean, high mountains in the northwest, Himalayas in the north and
the key points of biodiversity in the east of Bangladesh. Recent research has focused on generating a single AVHRR data map, which has not
used for large area LCLU maps for time series. However, data-set of AVHRR is an important input for climatological research, and it is possible to
generate time series for long-term LULC maps (Herold et al., 2008; Henchiri et al., 2019; Jin et al., 2019). In the present study, since the maximum
spatial resolution data of MODIS can be obtained, AVHRR classi�cation is considered to be less (Muhammad et al., 2015; Huang et al., 2017; Liu
et al., 2018). The purpose of this study is to produce an annual LCLU map and an analysis of the changing detection between 2001 and 2015
over the South Asia regions. These maps are generated by using the random forest classi�cation technique based on AVHRR GIMMS NDVI3g
data set, and land cover product MCD12Q1 by using MODIS data. This study aims to generate a continuous time series covering the annual
LCLU map of South Asia from 2001 to 2015, within the lasted 15 years. The spatial comparison of the study area is used to determine the
magnitude of the change detection and the LCLU category is determined over the South Asia region.
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2. Study Area And Data Sets
2.1. Study area

The study area includes 8 countries in South Asia, ranging from 114˚09 -122˚43 E, 34˚22 -38˚23 N. South Asia encompasses tropical and
subtropical regions, including various climatic zones in the west and north. India and Afghanistan have temperate and arid regions in eastern
regions of India and Pakistan. Figure 1 shows the mean sea level, geographic location, and elevation of land cover. From south to north, the
elevation of South Asia varies greatly. India represents approximately 18% (1.3 billion) of the world population and is expected to overtake China
in 2024 (United Nations, 2009). India represents approximately 10% of world agricultural production (Alston and Pardey, 2014) and is expected to
be greatly affected by global climate change (Goswami et al., 2006), Overgrowth and overuse of groundwater (Rodell et al. 2012).

2.2. Data Sets

The �rst data set used in this study is the �rst version of AVHRR GIMMS NDVI3g (2001-2015), which is a bimonthly compound generated from
https://ecocast.arc.nasa.gov / data / pub / gimms / 3g.v1 /. According to the research of Pinzon and Tucker (2014), standardized GIMMS
NDVI3g data can be used to solve some problems, such as the impact from the atmosphere, the loss of sensor calibration and orbital �oatation.
The spatial resolution of the data set is 1/12°. Then, we projected the NDVI3g dataset onto a geographic grid with WGS 198 ellipsoids, MODIS
MCD12Q1 is the second dataset used in this study, namely WGS 198 4 ellipsoids, and re-sampled the initial MCD12Q1 from the MODIS sensor
data set. At 1/12° pixels, it is equal to the AVHRR GIMMS NDVI3g dataset (Channan et al., 2014; Na et al., 2020). This data set is used as
reference data for AVHRR classi�cation to identify training areas and contains the LULC annual atlas from 2001 to 2015, corresponding to the
classi�cation system of the International Geosphere-Biosphere Project (IGBP).

2.3. Pre-processing of data

2.3.1. Classi�cation

The study area includes large types of landforms, as well as ecological and climatic settings. Our goal is to select training data to classify it to
capture geographic and temporal changes and detect changes in LCLU. We follow He et al., (2017) for the classi�cation and evaluation of
precision. Table 1 shows the LULC pixels unchanged in each area. To some extent, LCLU types were excluded from further analysis, reducing the
original 17 classes to 16 LCLU classes. Forest randomization consists of a large number of classi�cation trees, which vote on the results of each
pixel (He et al., 2017). In addition to the classi�er estimates the importance of each variable by summarizing the precision of the tree that does
not use that variable (He et al., 2017).

2.3.2. Accuracy assessment and comparison

            We have chosen several methods to calculate the reliability of the 15-year time series classi�ed maps of the LULC map and represent such
a complex dataset. This includes 75% of the validation data for comparison; the total duration is from 2001 to 2015, and the MCD12Q1 LULC
mapping product was used in the classi�cation of the training data. Tucker et al. (2005) showed that this evaluation can signi�cantly introduce
information on the successful replication of AVHRR NDVI. The usual model indicates that the sensor has the spectral advantages and radiation
resolution of MODIS data.

2.3.3. Kappa statistics

Kappa statistics were also performed to determine the categorization precision of all the elements in the confusion matrix (Pontus and Millones,
2011). Further comparisons, there is a call to normalize the confusion matrix to unify the sum of each row and column (Warren, 2015).

The Kappa statistics calculation formula is as follows. See formula 1 in the supplementary �les.

Where N=samples in the matrix, r = rows in the matrix, Xii is the number in the i-th row and the i-th column, X + i is the total number in the i-th row,
and Xi + is the total number in the i-th column.

2.3.4. Land cover and use changing detection

Post-classi�cation detection technology is used to detect changes in land use and coverage. Use pixel-based comparisons to generate pixel-by-
pixel change information. To �nd-out the qualitative and quantitative change from 2001-2005, 2005-2010 and 2010-2015, a cross table was used
to evaluate the classi�ed image pairs.

3. Results And Discussion
3.1. Accuracy assessment and comparison
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First, we evaluated the reliability of the classi�cation of the AVHRR data. This is done by comparing the 75% validation data and LUDIS mapping
associations of the MODIS during 2001, 2005, 2010, and 2015 products. These comparisons with MODIS data and 75% validation data are
based on AVHRR classi�cation have 16 categories presented in Table 1. After comparison, we report the results of more routine precision
assessments. In the following sections, we summarize geographic and temporal trends from the 15-year time series after the precision
assessment. In addition, we present the results of the precision assessment based on 9 LCLU visual interpretation classes. We describe the
changes in the LCLU test after the precision assessment. We describe the changes in the LCLU test after the precision assessment. The focus of
change detection analysis is the area of land distributed in the last 15 years.

3.2. LC LU classi�cation with MODIS MCD12Q1 compared

           The consistency value of the year used for classi�er training is> 75% (Figure 1). In training the classi�er, we used several years to compare
the entire MCD12Q1 chart. The results show that the classi�er can infer different years from those used in training. Potentially, this can give
information on the degree of success of AVHRR data-set in reproducing the general pattern recognized by MODIS having a sensor with excellent
radiation and spectral resolution. To further study the consistency of each LCLU class among these two data sets, we provided producer and user
constancy time series for each type of LCLU class from 2001 to 2015 (Figure 2). The year used for training may be different from the annual
temperature or precipitation. The consistency of various categories between these two LULC data sets will be further explored. For each category
from 2001 to 2015, we show the consistency of the user's time series. The time series is determined as the consistency of the Category I pixels of
the entire Category I pixels on the Classi�cation Map, and the producer consistency is determined as Pixels Consistent of Class I pixels. All the
pixels of the i-th category in the MODIS data (Figure 2). Each year, the most consistent categories of producers and users are often open bush
land, mixed forest, savanna, woody savanna, permanent wetland, grassland, arid and cultivated land. The categories with the least consistency
between producers and users are bush land, land cultivated with natural vegetation, permanent ice and snow, bodies of water, urban and
construction land. This may be due to the bigger size of the training sample and the better performance of the random forest classi�cation as
show in Table 1.

3.3. LULC classi�cation with 75% internal comparison veri�cation data

           Identifying possible sources of error and evaluating the quality accuracy of the map is the most excellent approach to obtain such
information. Foody, (2002) characterize the precision of the classi�cation outcome derivative from the remote sensing data and the confusion
matrix or the error matrix has been converted into a standardized remote sensing tool. The largest category in South Asia clearly shows that the
accuracy of producers and users is often unlikely to be affected by cloud pollution. It is worth noting in Table 1 that open shrub-lands, mixed
forests, savannas, croplands, permanent wetlands, woody savannas, permanent snow and ice and grasslands tend to cover largest number of
training samples with high regional precision. Compared to the consistency value MCD12Q1, the consistency value of our classify map of LCLU
is usually lower. Figure 2 summarizes the consistency of the producers and users of LULC that we divided for each class during the study period
2001-2015. Mixed forest, wooded savanna, open shrub-lands, grasslands, savanna, farmland, permanent wetlands, and barren lands are highly
consistent, while closed shrub-lands, water bodies, urban and construction lands, permanent snow and ice and natural vegetation mosaics have
less (Figure 2). The Kappa coe�cients in 2001, 2005, 2010 and 2015 were 86.5%, 85.8%, 85.5% and 84.2%, respectively.

3.4. Change detection analysis

           For a more detailed analysis, we selected the changes in land cover in 2001-2005, 2005-2010 and 2010-2015 with a study interval of �ve
years. Table 2 shows that the category of evergreen coniferous forest decreased by 6,249 km2 during 2001-2005, then increased by 5,522 km2

from 2005-2010 and decreased by 18,932 km2 in the last �ve years of 2010-2015. The evergreen broadleaf forest category increased by 3,633
km2 during 2001-2005, then increased again by 3,060 km2 during 2005-2010, and decreased by 4,031 km2 in the last �ve years of 2010-2015.
The broadleaf deciduous forest category decreased by 1,716 km2 during 2001-2005, then increased by 7084 km2 during 2005-2010, and
decreased by 26,821 km2 in the last �ve years of 2010-2015. Between 2001 and 2005, the mixed forest category increased by 13,507 km2,
between 2005 and 2010 it increased by 8,644 km2 and during the last �ve years of 2010-2015 it decreased by 37,976 km2. During the period
2001-2005, the category of closed shrub land increased by 1,518 km2, then decreased by 3,426 km2 in 2005-2010, and increased by 5,543 km2 in
the last �ve years of 2010-2015. The open shrub-lands increase with 24642 Km2 during the 2001-2005, and then decreased with 9455, and 2020
Km2 during the 2005-2010, and 2010-2015. The grasslands increase with 45495 Km2 during the 2001-2005, and then decreased with 14804, and
12794 Km2 during the 2005-2010, and 2010-2015. During the 2005-2010, and 2010-2015 the croplands decreased with 16699 Km2 during the
2001-2005, and then increased with 2862, and 119800 Km2. During the 2010-2015 the permanent snow improved with 1646, and 14213 Km2

during the 2001-2005 and 2005-2010, and then decreased with 81254 Km2, respectively. From 2001 to 2015, the water bodies have decline by
9747, 4007 and 20868 km2, respectively.

3.5. Annual Trends of LCLU over South Asia
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           During the 2001, 2005, 2010 and 2015, the annual LULC map of South Asia was generated by random forest classi�cation method are
showed in Figure 3. It's worth noting that from 2001 to 2015, the pixels on the LULC map of South Asia did not change in South Asia derived
from MCD12Q1 (Figure 1). During the period of land use changing detection, and land change detection during 2001 to 2015, the map of South
Asia was more or less similar. The results obtained indicate that the total area of the survey is 5.07 × 106 km2 are presented in Table 2. The area
is divided into 16 land cover categories. The cultivated land in South Asia decreased considerably between 2001 and 2005, and then increased
between 2005 and 2015. The signi�cantly reduction of grasslands and the popularization of current agronomic techniques have considerably
increased cultivated land (Congalton & Green, 2009; Yuke, 2019; Na et al., 2020). In the past 15 years, cultivated land in South Asia has increased
signi�cantly, while grasslands, forest savannas, broadleaf deciduous forests, bodies of water, and permanent ice and snow have decreased. In
contrast, closed bush land, savanna, natural vegetation per capita, barren land, urban land and urbanized in South Asia decreased from 2001 to
2005, but increased from 2005 to 2015 Trend (Table 2). Reddy et al. (2017) con�rmed the recent decline of other species and the increase in
cultivated land. In this study, the exchange between wetlands, barren areas, and woody shrub-land was signi�cant exchange to crop-lands. In
South Asia, compared to other categories, the overall increase and change pattern of cultivated land, our results are similar to those of Yin
(2008). However, the basic reason for the basic analysis of various LULC courses in South Asia is beyond the capacity of this article.

Based on above mentioned analysis its con�rm the clear spatial change patterns in water bodies, grass-lands, mixed forests, closed shrub-lands,
evergreen needle-leaf forests, crop-lands, woody savannas, savannas, open shrub-lands, permanent snow and ice. In Fig. 4, 5, 6, and 7, are
indicated the trends of overall 16 categories during the 15 years study period. The trend of the significance was use statistically package by
using t-test. The generally trends for water bodies, mixed forests, deciduous broad-leaf forests, croplands, savannas, permanent snow and ice are
a significant increase during 2001 to 2015 study duration. While,  grass-lands, woody savannas, evergreen broad-leaf forests, closed shrub-lands,
evergreen needle-leaf forests, urban lands, permanent wet-lands, open shrub-lands, barren and natural vegetation mosaics are overall showed
decrease trend. This is consistent with He et al. (2017). The general crop-lands trend is an improving order from 2001 to 2015 durations. This
may be due to change of Green to Grain (Jung et al., 2006; Yao et al., 2017). But, the uncertainty of these trends may be bigger due to larger
standard errors of forest and crop-lands compared with grass-lands (Congalton & Green, 2009). Which may cause due to unusual climate
conditions or other pressures and general policy changes (Pinheiro et al., 2014; Zhang et al., 2016; Yuke et al., 2019), our supposition is that these
differences might be work of art such as sensor drift as the effect of chronological incompatible differences of GIMMS NDVI data. Earlier
research work has indicated also these temporal inconsistencies of GIMMS NDVI value (Klein et al., 2012; Tian et al., 2015).

The confusion or error matrix has become a reliable technique to express the precision of the categorization results derived from remote sensing
data (Ibrakhimov et al., 2007; Zhang et al., 2016). The error matrix provides three commonly used precision measures (Foody, 2002; Denisko and
Hoffman, 2018), such as producer precision, user precision, and overall (Kotsiantis, 2007; Henchiri et al., 2019). To assess the correctness of the
present categorization, we generated a confusion matrix based on the veri�cation data set. Although the selected samples may be spatially
related and the training process are not included. The results of the classi�cation in 2001, 2005, 2010 and 2015 showed that the general
precision was 87.65%, 86.95%, 86.67% and 85.55%. Tables 3, 4, 5 and 6 show the confusion matrix for the classi�cation of land cover,
respectively.

4. Conclusion
The land covered and land use (LCLU) changing detection in South Asia have under major changes, including cultivated land, grasslands, mixed
forests, urban and planted forests. The highest precision of producers and users in open shrubs, mixed forests, croplands, grasslands, permanent
snow and badlands indicates that separating the categories from the larger reference data allows better random classi�cation of forests. The
overall 86.70% accuracy and 85.48% is the static kappa value. In addition to user accuracy for deciduous broadleaf forest, producer accuracy for
the built-up and urban, water bodies and mosaic is also very small. However, due to the relatively small sample size, the uncertainty in this
estimate is quite large. The categories with the highest levels of users and producers (> 75%) can be those of mixed forests, savannas and
farmland. Tests of change carried out during 2001-2005, 2005-2010 and 2010-2015 showed that during 2001-2015, shrub-lands, barren, crop-
lands, cropland/natural mosaics vegetation, savannas built-up and urban land are increase notably. In contrast, mixed forests, evergreen
broadleaf forests, woody savannahs, evergreen coniferous forests, grasslands, permanent wetlands, open shrubs, permanent snow and water
notably decrease. The veri�cation and classi�cation techniques used in this research work will be the basic data set for future climate studies,
since the study will limit the accessibility of LCLU time series maps.
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Table 1
Number of pixels for each unchanged LULC type in the study area, with 25% used for training, and 75% for validation.
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MODIS MCD12Q1 class Number of pixels Class for AVHRR classification
Evergreen Needleleaf Forests 128473 Evergreen Needleleaf Forests
Evergreen Broadleaf Forests 51004 Evergreen Broadleaf Forests
Deciduous Needleleaf Forests 0 Deciduous Needleleaf Forests
Deciduous Broadleaf Forests 81789 Deciduous Broadleaf Forests
Mixed Forests 114 Mixed Forests
Closed Shrublands 196012 Closed Shrublands
Open Shrublands 140998 Open Shrublands
Woody Savannas 160523 Woody Savannas
Savannas 544814 Savannas
Grasslands 18647 Grasslands
Permanent Wetlands 2041977 Permanent Wetlands
Croplands 43052 Croplands
Urban and Built-up Lands 56560 Urban and Built-up Lands
Cropland/Natural Vegetation Mosaics 19456 Cropland/Natural Vegetation Mo-saics
Permanent Snow and Ice 849519 Permanent Snow and Ice
Barren 27942 Barren
Water Bodies 7105 Water Bodies

 
 

Table 2 
Map unit Area 2001 Area 2005 Area 2010 Area 2015 change detection area  km2

km2 % km2 % km2 % km2 %
2001-
2005

2005-
2010

2010-
2015

Evergreen Needleleaf
Forests 60058 1.18 53809 1.06 59331 1.17 40399 0.80 -6249  5522  -18932 
Evergreen Broadleaf
Forests 95840 1.89 99473 1.96 102533 2.02 98502 1.94 3633  3060  -4031 
Deciduous Broadleaf
Forests 179946 3.55 178230 3.51 185313 3.65 154342 3.04 -1716  7084  -26821 
Mixed Forests 163092 3.22 176599 3.48 185243 3.65 147267 2.90 13507  8644  -37976 
Closed Shrublands 6388 0.13 7902 0.16 4475 0.09 10018 0.20 1518  -3426  5543 
Open Shrublands 370436 7.30 395078 7.79 385623 7.60 383596 7.56 24642  -9455  -2027 
Woody Savannas 189413 3.73 187924 3.70 181168 3.57 167886 3.31 -1490  -6755  -13282 
Savannas 293316 5.78 301190 5.94 292519 5.77 312510 6.16 7874  -8671  19990 
Grasslands 688154 13.57 733649 14.46 718845 14.17 706052 13.92 45495  -14804  -12794 
Permanent Wetlands 134840 2.66 127225 2.51 139493 2.75 135997 2.68 -7616  12269  -3496 
Croplands 1504676 29.66 1487977 29.33 1490839 29.39 1610639 31.75 -16699  2862  119800 
Urban and Built-up
Lands 150653 2.97 147916 2.92 137622 2.71 147334 2.90 -2737  -10294  9712 
Cropland/Natural
Vegetation Mosaics 143226 2.82 131188 2.59 122675 2.42 137981 2.72 -12038  -8514  15307 
Permanent Snow and Ice 83504 1.65 85150 1.68 99363 1.96 18110 0.36 1646  14213  -81254 
Barren 912125 17.98 872104 17.19 884376 17.43 939655 18.52 -40021  12272  55279 
Water Bodies 97156 1.92 87409 1.72 83402 1.64 62535 1.23 -9747  -4007  -20868 
Total 5072822 100% 5072822 100% 5072822 100% 5072822 100%      

Land cover/land use classes and change detection areas for each class in Km2.
 

 
Table 3
Confusion matrix of land covers classification 2001, expressed in percentages.
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Reference class
ENF EBF DBF MF CS OS WS S GL PW CL UBL NVM PSI B WB UA

Mapped
class                                  
ENF 85.11 1.03 0.81       0.85 0.68 0.42   0.53         1.72 81.63 
EBF   93.81 2.44 0.61     2.54 1.37   1.49     1.75       84.26 
DBF   2.06 88.62 1.82     3.39 4.11 0.84     6.67 4.39     1.72 74.66 
MF 6.38 1.03 2.44 95.76     1.27 2.40 0.84 1.49 1.60   1.75     3.45 85.41 
CS         85.71                       100.00 
OS           95.00     3.78 1.49   1.67   1.15 4.28 1.72 89.06 
WS     1.63       89.41 3.08   4.48     3.51     1.72 91.74 
S 2.13 1.03 0.81   14.29   1.69 86.64 0.84 4.48 2.66 3.33 5.26     1.72 90.36 
GL 4.26   0.81 0.61   1.11     89.50   3.19 6.67 0.88   2.67 1.72 90.25 
PW               0.34   85.07 1.60 8.33 2.63       82.61 
CL 2.13 1.03 0.81 1.21   0.56   1.03 0.84 1.49 89.89 10.00 4.39 1.15 1.60 8.62 84.08 
UBL                       63.33 0.88       97.44 
NVM     1.63       0.85       0.53   74.56     1.72 93.41 
PSI                           81.61 2.14   94.67 
B           3.33     2.94         16.09 89.30 3.45 85.20 
WB               0.34               72.41 97.67 
PA 85.11  93.81  88.62  95.76  85.71  95.00  89.41  86.64  89.50  85.07  89.89  63.33  74.56  81.61  89.30  72.41   
OA 87.65%                                
KC 86.51%                                

 
 

Table 4
Confusion matrix of land covers classification 2005, expressed in percentages.
 
 
 

Reference class
ENF EBF DBF MF CS OS WS S GL PW CL UBL NVM PSI B WB UA

Mapped
class                                  
ENF 87.23 3.09 0.81 1.21     1.69 0.68 0.42 1.49 0.53   2.63       69.49 
EBF   92.78 0.81 2.42     2.97 0.68   1.49             85.71 
DBF     91.06 1.21     2.97 1.37 0.84 1.49 1.60 3.33 1.75       82.96 
MF 8.51 1.03 2.44 92.12     4.24 4.11   2.99 0.53   2.63     3.45 80.00 
CS         85.71 0.56                     85.71 
OS           96.11     2.94   0.53     2.30 7.49 1.72 87.37 
WS     2.44       87.71 1.37 0.42 1.49     2.63   0.00   94.52 
S 2.13 3.09   1.21 14.29     89.04   8.96 3.19 1.67 8.77   0.53   89.35 
GL 2.13   1.63 0.61   0.56     90.76 1.49 3.72 5.00 2.63   1.60 3.45 90.00 
PW       0.61       0.34   77.61 2.13 6.67 1.75       81.25 
CL     0.81       0.42 1.37 2.52 2.99 87.23 6.67 5.26 1.15 1.07 10.34 83.25 
UBL               0.34       76.67 1.75   0.53 1.72 90.20 
NVM       0.61       0.34     0.53   70.18     3.45 94.12 
PSI                           74.71 1.60   95.59 
B           2.78     1.68         21.84 87.17 8.62 83.16 
WB               0.34 0.42             67.24 95.12 

PA 87.23  92.78  91.06  92.12  85.71  96.11  87.71  89.04  90.76  77.61  87.23  76.67  70.18  74.71  87.17  67.24   
OA 86.95%                                
KC 85.75%                                

 
 
Table 5
Confusion matrix of land covers classification 2010, expressed in percentages.
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Reference class
ENF EBF DBF MF CS OS WS S GL PW CL UBL NVM PSI B WB UA

Mapped
class                                  
ENF 85.11 2.06 2.44 1.82       1.37 0.42   0.53         3.45 71.43 
EBF   91.75 1.63 2.42     7.20 1.03 0.42   0.53   2.63       74.17 
DBF     87.80 3.64     3.81 2.40 2.10 1.49 2.66 5.00 3.51       72.97 
MF 6.38 2.06 2.44 90.30     3.81 2.74 0.42 5.97 0.53 1.67 6.14     1.72 78.84 
CS         85.71 0.56     0.42               75.00 
OS           98.33     2.10 1.49 0.53       2.67   93.65 
WS     1.63 0.61     83.90 2.40     1.06   5.26     3.45 90.83 
S 2.13 2.06 1.63 0.61 14.29   0.85 87.67 1.26 2.99 2.13 3.33 3.51       91.43 
GL 4.26   1.63 0.61         88.66 1.49 4.26 3.33     2.14 3.45 90.56 
PW   1.03         0.42     83.58 2.66 6.67 0.88       82.35 
CL 2.13         0.56   1.37 2.52 2.99 84.57 13.33 4.39   0.53 6.90 83.25 
UBL               0.34       66.67 0.88     1.72 93.02 
NVM   1.03 0.81         0.34     0.53   72.81       95.40 
PSI                           80.46 0.53 1.72 97.22 
B           0.56     1.68         19.54 94.12 5.17 87.56 
WB               0.34               72.41 97.67 

PA 85.11  91.75  87.80  90.30  85.71  98.33  83.90  87.67  88.66  83.58  84.57  66.67  72.81  80.46  94.12  72.41   
OA 86.67%                                
KC 85.45%                                

 
 
Table 6
Confusion matrix of land covers classification 2015, expressed in percentages.
 
 
 

Reference class
ENF EBF DBF MF CS OS WS S GL PW CL UBL NVM PSI B WB UA

Mapped
class                                  
ENF 68.09 1.03         1.69 0.34     0.53   0.87       80.00 
EBF 2.13 93.81   1.82     2.54 1.37                 86.67 
DBF 2.13   93.50 5.45     3.39 2.74 0.42 1.49   1.61 6.09       76.16 
MF 8.51 2.06 2.44 86.67     4.66 3.08 0.42   0.53 3.23 2.61       79.89 
CS         85.71       0.42               85.71 
OS           93.26     2.53   1.06 1.61     3.74 5.17 89.73 
WS 2.13 1.03 1.63 2.42     84.75 1.03 0.00       3.48     1.72 92.59 
S 6.38 2.06 0.81 2.42 14.29   1.27 86.99 2.53 2.99 2.66 3.23 4.35       88.19 
GL 8.51   0.81 0.61   2.25     86.92 2.99 4.26 16.13 3.48 1.16 1.07 5.17 83.74 
PW               1.03   83.58 1.60   2.61   0.53   84.85 
CL 2.13           0.85 2.05 3.38 2.99 88.30 16.13 5.22   1.07 10.34 79.43 
UBL               0.34     0.53 56.45       1.72 92.11 
NVM     0.81 0.61     0.85 0.68 0.42       71.30       92.13 
PSI                           90.70     100.00 
B           3.93     2.53 5.97 0.53 1.61   8.14 93.05 22.41 81.69 
WB           0.56   0.34 0.42           0.53 53.45 88.57 

PA 68.09  93.81  93.50  86.67  85.71  93.26  84.75  86.99  86.92  83.58  88.30  56.45  71.30  90.70  93.05  53.45   
OA 85.55%                                
KC 84.20%                                
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Figure 1

Consistency between classified LULC maps and MODIS MCD12Q1 from 2001 to 2015.

Figure 2

User's and producer's consistencies for each class between classified LULC maps and MODIS MCD12Q1 from 2001 to 2015.
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Figure 3

Annual LULC maps of South Asia, produced by random forest classification. (a) 2001, (b) 2005, (c) 2010, and (d) 2015.

Figure 4

Temporal changes in area of evergreen needleleaf forests (ENF), evergreen broadleaf forests (EBF), mixed forests (MF) and deciduous broadleaf
forests (DBF) classes from 2001 to 2015. Dotted lines represent overall trend.
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Figure 5

Temporal changes in area of open shrublands (OS), savannas (S), urban and built-up lands (UBL) and woody savannas (WS) classes from 2001
to 2015. Dotted lines represent overall trend.

Figure 6

Temporal changes in area of croplands (CL), barren (B), cropland/natural vegetation mosaics (NVM) and grasslands (GL) classes from 2001 to
2015. Dotted lines represent overall trend.



Page 16/16

Figure 7

Temporal changes in area of closed shrublands (CS), permanent wetlands (PW), water bodies (WB) and permanent snow and ice (PSI) classes
from 2001 to 2015. Dotted lines represent overall trend.


