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Abstract: Natural ecosystem of Islands and coastal region are vulnerable to climate change 

phenomena such as increasing temperature, fluctuating rainfalls, ocean acidification and tsunami. 

Andaman and Nicobar group of islands lies in Bay of Bangal facing such extreme climate 

phenomena. A spatial-temporal analysis of forest cover of middle Andaman region of the Andaman 

and Nicobar group of islands was done from 1990 to 2019 with an interval of 5-10 years. Support 

vector machine classifier, spectral indices such as Normalized Difference Vegetation Index, 

Normalized Difference Water Index, and Normalized Difference Built-up Index were used for the 

analysis of greenery, water resources, and urban land. Land surface temperature was estimated 

using split window algorithm for Landsat 8 and mono window algorithm for Landsat 5. The data 

showed relative contribution of forest region toward rising temperature in the island region. The 

research also showed that subsurface hydrology linked to interconnected lineaments provides a 

stable zone for forest cover. The open forest showed maximum fluctuation while minimum change 

was observed in Evergreen Forest. The spectral characteristics analysis using indices showed no 

significant change except in 2005 due to Tsunami occurred in 2005. The land surface temperature 

showed fluctuation near to 30° C from 1990 to 2019. 

Keywords: climate change; middle Andaman; land use land cover change analysis; spectral indices; 

support vector machine 

 

1. Introduction 

Climate change is a global phenomenon generally caused by the nature and accelerated by 

anthropogenic activities. Climate change can be seen through rising air temperature and fluctuating 

precipitation both in both in time and magnitude or intensity [1]. In case of islands and coastal 

environment, climate change can also be seen in sea level rise, oceanic acidification, frequency of 

storm surges, tsunamis, and seawater intrusion [2-3]. As per Intergovernmental Panel on Climate 

Change (IPCC) (2014), coastal ecosystem and its communities are vulnerable to climate change at 

significant level. Vulnerability is usually expressed in form of exposure, sensitivity, absorption and 

adaptation to the stressor [4], and can be assessed using qualitative or quantitative means.  

A study of impact of climate change on the environment of Andaman and Nicobar was designed 

to understand the dynamics of forest cover and thermal profile of the region. The islands’ system 

prospers various terrestrial, coastal, and oceanic ecosystems like mangroves, coral reefs, and seagrass 

beds with large organism diversity [5-8]. Andaman and Nicobar Islands, also known as ‘Emerald’ 

and ‘Kalapani’ are situated in the Bay of Bengal [9-10]. The islands cover only 0.25% of the country's 

landmass and about 86% of the area is under fragile tropical rain forests with a great diversity of flora 

and fauna. It has a unique assemblage of endemic species and a great diversity of soils, geology, 

climate, geography, and topography [11]. The region is frequently exposed to tectonic activities, 

earthquakes and volcanic eruptions (Curray et al., 1979). The disastrous tsunami waves of 26th 

December 2004, flooded the coast, dropping the sea level and wave crest, inundating the land islands. 
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It took many days to recede water completely. This catastrophic event adversely affected the human 

life, terrestrial, coastal, and marine biodiversity. Coastal aquifers became vulnerable to saltwater 

intrusion, precisely after the December 2004 earthquake [13-14]. Earlier also, there was a land 

subsidence reported in middle Andaman in 1986 [15]. Current paper focus on the study of role of 

climate change on vegetation, urban built-up and waterbodies in relation to temperature. Satellite 

remote sensing and GIS was used to estimate the qualitative and quantitative change in vegetation, 

waterbodies and settlement in the area using Landsat data. Support Vector Machine classification 

was used to classify the study area from 1990 to 2019. Further, the vegetation index, water index, and 

Built-up index was used for further analysis of land use and land cover classes. The importance and 

correlation of indexes with respect to their classes is explained below. 

1.1. Vegetation index- The Normalized difference vegetation index (NDVI) has been widely used for 

vegetation mapping in the last few decades. The chlorophyll region has strong absorption for 

the red band and a high reflection for near-infra-red region. NDVI is derived from red and near 

infra-red reflection using the formula NDVI = (NIR-Red)/(NIR+Red). NDVI and vegetation 

productivity are strongly related. Here, the red light is absorbed by chlorophyll content of 

vegetation and; near-infrared (NIR) light is scattered by mesophyll content of Plants [16]. The 

relation of fraction of absorbed photosynthetic active radiation (fAPAR) and NDVI is well 

documented both empirically and theoretically [17-18]. Therefore, NDVI is widely used for 

spatial and temporal mapping of vegetation distribution [19], vegetation biomass (Reed et al., 

1994), vegetation quality (based on greenness) for herbivores [20] and land degradation in the 

various ecosystem [21-22]. It is also been used to differentiate savannah, non-forest, dense forest, 

evergreen forest-seasonal forests, tree- shrubs, and agricultural fields. However, the interference 

of soil reflectance on NDVI in sparsely distributed vegetated areas [23] and, However, the 

interference of soil reflectance on NDVI in sparsely distributed vegetated areas and, the 

saturation in NIR band in densely vegetated regions, lowers the sensitivity of the NDVI [23].  

Despite that NDVI is very helpful to study environmental influence on plants species. 

1.2. Water index- Normalized difference water index (NDWI) has been primarily used to delineate 

water bodies while eliminating the soil and vegetation features simultaneously. It can also be 

used to measure the water quality through turbidity in water [24]. NDWI is also proposed to 

study vegetation liquid water detection from space. It is defined as ((p (0.86 µm) - p (1.24µm))/ 

((p (0.86 µm) + p (1.24 µm)), where p represents the reflectance units in respective band. Both 

channels have high reflectance for vegetation canopies. The absorption of liquid water is 

negligible for 0.86 µm but weak absorption is present near 1.24 µm. Also, canopy scattering 

increases water absorption [25]. 

1.3. Built-up index- The development of a built-up index such as the Normalized Difference Built-

up Index (NDBI) is used for automatic extraction of the built-up area from the rest of the class. 

This index is based on the higher spectral response of built-ups in the mid-infra-red region than 

in the near-infrared region. Additionally, this index is further used to study built-up density, 

growth of urban centers, dynamics of sprawl, and also for future prediction with the help of 

other indices [27-29].  Rapid urbanization has brought many negative environmental impacts 

to the world such as less precipitation or irregular precipitation, higher temperature, and more 

dryness [30]. 

2. Study area 

The study area covers the eastern portion of middle Andaman consisting of Mayabunder and 

Rangat (Figure 1). It has an area of 556.21 km2 in which more than 80 percent of the region comes 

under forest region. The region is the fragment of the old Gondwana landmass, a southward 

extension of Arakan Yoma tectonic units from Cape Negrais to Achin head of Sumatra. The 

topography of islands is low range hills and narrow valleys in an undulating terrain from steep slopes 

to coastal plains. The land can be subdivided into high to low dissected hills and valleys, moderate 

dissected upper plateau, offshore islands, and young coastal plains. The huge hill ranges are covered 

by dense forests. The coastal margin covers saline marshes to salt-affected patches with some 
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undulating uplands [14]. The springs and perennial streams associated with igneous rocks or 

limestone are the only sources of fresh water supply. Panchavati hills having highly fractured igneous 

or limestones rocks is the main source of spring. Study area falls under agro-climatic zone XV. The 

island has a mean annual rainfall of 3180 mm. It experienced the highest rainfall in 1961 of 4300 mm 

and the lowest in 1979 (1550mm). The climate of the region is coastal tropical to subtropical with 

humidity of 79% - 89% with temperatures ranging from 27°C to 33°C in summer and 21°C to 25°C in 

the winter season [31]. 

 

Figure 1. Location map of middle Andaman. 

3. Materials and Methods 

Publicly available satellite data of Landsat series with less than 10 % cloud was downloaded 

(EarthExplorer (usgs.gov)) on a temporal scale of 5 years (07-02-2019, 12-02-2015, 07-02-2010, 12-02-

2005, 07-02-2000, 18-01-1990) from 3:30 pm to 4:30 pm. The support vector machine was used to 

classify data that uses a set of support vectors based on labeled training samples on ArcGIS 10.8 

platform. Accuracy assessment was done with google earth pro software and field observation. The 

indices for each class were calculated using ERDAS 2014 software using the following formula: 

NDVI = (NIR - Red)/ (NIR + Red) 

NDWI = (Green - NIR)/ (Green + NIR) 

NDBI = (SWIR – NIR) / (SWIR + NIR) 

Where NIR stands for Near infrared, SWIR stands for shortwave infrared; red and green are red and 

green bands respectively. 

The land surface temperature was extracted from Landsat thermal data using the split-window 

algorithm and mono window algorithm for Landsat 8 and Landsat (4-5) respectively [32-33]. The 

correlation and other calculation of data was computed using MS-EXCEL with XLSTAT extension. 

4. Result 

4.1. LULC classification: 

Support vector machine classification was done from 1990 to 2019. The classification was done 

in forest cover, urban built-up, and water bodies. The Forest region was further classified into the 

Evergreen Forests (Moist evergreen), Deciduous Forest (semi-evergreen), and forest with the blurred 

pixel (moist deciduous forest or open forest). The naming of the forest region was done based on the 
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relative appearance of the forest under a false-color composite. The total area of the region is about 

556.21 km2 of which 85 percent of the region is under forest cover as shown in Figure 2. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 
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(e) 

 
(f) 

Figure 2. SVM classification of year (a) 2019, (b) 2015, (c) 2010, (d) 2005, (e) 2000, (f) 1990. 

Most of the region is covered by forest in which Open Forest pixel shares 50 percent of total area. 

Deciduous Forest, and Evergreen Forest shares around 20 percent each. The region has only 5 percent 

of waterbodies.  The forest region is shown in different shades of green, the water in blue, and the 

urban area in brown color. The temporal change in land use and land cover is identified using a 

classification matrix. The year-wise percentage of each class is shown using the graph (Figure 3). 

Open Forest shows highest fluctuation and least fluctuation is being observed in both waterbodies 

and urban built-up. With respect to land use-landcover change, waterbody shows a fluctuation found 

highest in 1990 and lowest in 2015 but no significant change in overall water cover in the region. 

Similarly, Evergreen Forest and Open Forest do show fluctuation from year 2015 to 2019. The 

“Deciduous Forest” slightly increases in 2000, then remain constant after a small decrease in area. On 

the other hand, there is an increasing trend in a built-up area, that slightly decreased in 2019. 

 

Figure 3. Percentage change of area in each class of classification. 
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4.2. LULC change detection: 

In LULC change graph (Figure 4), the bar shows the change in LULC from 1990-2000, 2000-2005, 

2005-2010, 2010-2015 and 2015-2019. The graph shows that significant conversion has occurred in 

forests cover.  The conversion of Open Forest into Evergreen Forest is maximum in 2015-2019 (35 

km2) and least conversion happened between 2005 to 2015 (16 km2). The conversion of Evergreen 

Forest into Open Forest is 34 km2 in 2010-2015 and minimum in 2005-2010 (13 km2). Open Forest is 

converted into Deciduous Forest maximum in 1990-2000 (51 km2). The conversion of forest region 

into urban built-up happened maximum in 2015-2019 and 1990-2000 that is around 19 km2. The urban 

area is mainly formed after clearing the forest classified in Open Forest. A smaller part of waterbodies 

is also converted into urban built-up. Some part of the study area is also submerged into waterbodies. 

The submergence is 3.55 km2 ,47 km2, 10.92 km2, 12.00 km2 and 12.73 km2 for 2015-2019, 2010-2015, 

2005-2010, 2000-2005, and 1990-2000 respectively into waterbodies in 2015-2019, 2010-2015, 2005-2010, 

2000-2005, and 1990-2000 is 3.55 km2, 5.47 km2, 10.92 km2, 12.00 km2, 12.73 km2 respectively. The inter-

conversion of forest class or change in forest abundance, submergence of land into water may be 

explained either change in characteristics of forest region due to climate change or any other 

catastrophic event or extension of one forest region into another. 

 

Figure 4. LULC change from one class to another class in 2015-2019, 2010-2015, 2005-2010, 2000-2005, 

1990-2000. 

4.3. Spatial description of unchanged region of LULC 

The LULC class pixel (shown in their respective color) (Figure 5) from 2015-2019, 2010-2015, 

2005-2010, 2000-2005, and 1990-2000 did not show any change with time. The interconnected 

lineaments provide a good subsurface hydrology that constantly supported preservation of forest 

ecosystem. The abundance of Open Forest was observed in the upper middle and lower part of the 

study area while, the unchanged patches of Deciduous Forest were observed maximum in 

Mayabunder, and some clustered patches in the north and southern part of the region. Evergreen 

Forests were found to be in scattered patches throughout the area. Urban built-up was found to be 

clustered in the middle, northern and southern parts of the study area. Open forest region shows 

higher groundwater recharge capacity and unconverted open forest depicts the stable hydrological 

condition of the area. The changed part of forest cover (shown in black color) can be seen nearer to 

urban built-up specifically near Rangat in the Middle Andaman that found drastic change in forest 

cover during the years. 
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Figure 5. LULC unchanged pixels from one class to another class in 2015-2019, 2010-2015, 2005-2010, 

2000-2005, 1990-2000. 

4.4. The accuracy assessment of the classifications shown in Table 1. 

Table 1. The overall accuracy and kappa coefficient of the year 2019, 2015, 2010, 2005, 2000, 1990. 

Year 2019 2015 2010 2005 2000 1990 

Overall Accuracy 85.9 93.33 91.22 94.64 90.66 90.66 

Kappa coefficient 83.32 92.19 88.71 93.17 89.06 89.6 

4.5. Vegetation and Normalized Difference Vegetation Index (NDVI) 

The time-series NDVI (Figure 6) and a smoothened curve of the mean value was plotted for time 

series analysis of the study area (Figure 7). NDVI of the classified class was calculated to interpret the 

vegetation characteristics of each class. The Deciduous Forest showed a higher NDVI value than the 

Evergreen Forest which was found to be further higher than Open Forest. The yearly trend of all the 

classes that decreased in 1990-2000, increased in 2000-2005-2010 and remain constant after a small 

decrease in their value. The higher value of NDVI indicates the characteristics of vegetation as well 

as the health of the vegetation type [19-20]. As the vegetation of the area is already classified then 

NDVI may depicts the health of vegetation over the years. The health or abundance of the vegetation 

decreased from 1990 to 2000 and further increased from 2000 to 2010 and decreased in 2010 and 2019. 

The fluctuation of the trend may be due to various natural hazards such as earthquakes, tsunamis, 

groundwater fluctuation, and seawater intrusion. The vegetation in Andaman is sensitive to minute 

changes in the surrounding which serves as an indicator of the dynamic climate variations. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 6. NDVI classification of the study area in of year (a) 2019, (b) 2015, (c) 2010, (d) 2005, (e) 2000, 

(f) 1990. 
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Figure 7. Average change in NDVI from 1990 to 2019 in waterbodies, Deciduous Forest, Evergreen 

Forest, Open Forest, and Urban built-up. 

4.6. Waterbodies and Normalized difference water index (NDWI) 

NDWI is very effective for mapping water bodies and evapotranspiration of vegetation (Figure 

8). It is widely used for estimating the vegetation water content at the canopy level. NDWI is sensitive 

to detecting the water content in internal leaf structure. It was widely used for the assessment of the 

water quality of the water body, draught monitoring, and vegetation water stress. It is also used for 

surface water detection and quality estimation of the water such as pollutants, salts, algae, and dust 

particles from land surfaces. NDWI works on the phenomenon of absorbance of water in higher 

wavelength region and scattering of infrared or reflection blue light into the atmosphere. The higher 

value of NDWI depicts the concentration of solute particles in water [24]. The concentration of other 

particles increased from 1990 to 2000, then decreased from 2000 to 2010 then remains constant at a 

little higher value (Figure 8). Lower water quality can be further interpreted based on the higher 

value of NDVI (Figure 7) (organic component or turbidity), and the dominance of inorganic particles 

as there is a higher value of NDBI (Figure 11). The higher value of NDWI in 2005 is possibly due to 

the 2004 tsunami. The abundance of nutrients, sunlight, and water may lead to eutrophication from 

2005-2010 as there is a decrease in the value of NDBI and an increase in the value of NDVI 

simultaneously. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 8. NDWI classification of the study area in of year (a) 2019, (b) 2015, (c) 2010, (d) 2005, (e) 2000, 

(f) 1990. 
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Figure 9. Average change in NDWI from 1990 to 2019 in Waterbodies, Deciduous Forest, Evergreen 

Forest, Open Forest, and Urban built-up. 

4.7. Built-up and Normalized difference built-up index (NDBI) 

NDBI is usually used for mapping both barren land and urban built-up. NDBI was calculated 

for each class and compared for each year (Figure 10). The yearly change in the value of NDBI 

fluctuates similar way in all the forest regions. Its values were abruptly high in waterbodies and lower 

in 2005 possibly due to Tsunami in 2004 (Figure 11). The higher value of NDBI in waterbodies 

indicates the possibility of an increase in turbidity in water. The area also has a small proportion of 

built-up. It is clustered on the eastern coast of the island. Rangat and Mayabunder area are two major 

cities in the region. The built-up area was formed after clearing the forest land of the region. As urban 

built-up is already classified using SVM, the built-up index (NDBI) can be used for the estimation of 

built-up density [28]. The built-up area shows a fluctuating trend with the lowest value in 2005 and 

slightly increasing in 2010 and decreasing from 2015 to 2019 (Figure 11). The urban density is not 

increased since 2005 as lots of damage happened in the tsunami (2004), but it improved in 2010 after 

a lot of rehabilitation in the area. The result shows that urban density did not improve much after the 

year 2010.  
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(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 10. NDBI classification of the study area in of year (a) 2019, (b) 2015, (c) 2010, (d) 2005, (e) 2000, 

(e)1990. 
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Figure 11. Average change in NDBI from 1990 to 2019 in waterbodies, Deciduous Forest, Evergreen 

Forest, Open Forest and Urban built-up. 

4.8. Land surface temperature (LST) 

The land surface temperature of the region is shown in Figure 12. Urban built-up contributed 

the highest to Land surface temperature. The constructed settlements, roads, and buildings 

contribute to LST in larger scale. As region is an island surrounded by sea, the average temperature 

does not change with the season. The temperature data of the region was calculated within a single 

season with a very small fluctuation in time. The contribution of land use and land cover class 

contribute differently to land surface temperature. The graph (Figure 13) shows the decreasing order 

of contribution toward LST in urban built-up, waterbodies (except in 2005), Evergreen Forest remain 

lowest except in 2005. The Open Forest and Deciduous Forest shows the same contribution with some 

fluctuation in the year-wise trend. 
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(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 12. LST classification of the study area in of year (a) 2019, (b) 2015, (c) 2010, (d) 2005, (e) 2000, 

(f) 1990. 

 

Figure 13. Average change in LST from 1990 to 2019 in waterbodies, Deciduous Forest, Evergreen 

Forest, Open Forest and Urban built-up. 
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4.9. Relationship of Land Surface Temperature (LST) with water, vegetation, and urban built-up 

The relationship of NDWI, NDVI, NDBI with LST in waterbodies, urban built-up, Open Forest, 

Deciduous Forest, Evergreen Forest was identified. The relationship was further analyzed on yearly 

basis. There is a fluctuation in the correlation of NDVI, NDWI and NDBI in different LULC classes. 

The high value of NDVI, NDWI and NDBI stands for vegetation, water bodies and bare land or built-

up respectively (Figure 14a). In correlation; values of LST-NDVI and LST-NDWI are inversely 

proportional to each other. NDBI showed a strong correlation with LST of urban built-up and Open 

Forest in all the years except 2005. NDBI of waterbodies shows a strong correlation in waterbodies in 

1990, 2000, and 2010, that slightly low in 2005, 2015 and become negative in 2019 (Figure 14b). 

  

Figure 14. (a) The comparison of the correlation coefficient of LST with NDVI, NDWI, NDBI, in 

different classes of waterbodies, urban built-up, Open Forest, Evergreen Forest and Deciduous Forest 

respectively, (b) The yearly comparison of the correlation coefficient of LST with Waterbodies, Urban 

built-up, Open Forest, Evergreen Forest, Deciduous Forest. 
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In the year-wise trend, the graph of NDVI and NDWI is the mirror image of each other in the 

correlation of LST in all the classes of the region. That means the higher the NDVI, the lower NDWI, 

and vice-versa.  

5. Discussion 

Support vector machine has given a significant accuracy despite the presence of a large number 

of variables in the data. Catastrophic events and climate change phenomena has changed in 

abundance of forest cover type and characteristics, water quality in the island region. Open Forest 

has showed maximum fluctuation with respect to its abundance. The relationship of LST with NDVI, 

NDWI, and NDBI showed the relative contribution of LULC class in rising the temperature of the 

region. The Land surface temperature was maximum contributed by urban built-up > Open Forest > 

Deciduous Forest > Evergreen Forest > water bodies. The Indices of LULC classes helped to identify 

the quality and variability of LULC classes in year 1990, 2000, 2005, 2010, 2015, 2019 of same season 

showed interconversion of forest into each other as well as their characteristics. The unchanged pixel 

of forest cover showed the stability of subsurface hydrology that possibly linked to interconnected 

lineaments. It was found the NDWI and NDVI work to balance the fluctuation of change in 

temperature of the region. If there was a positive correlation between LST and NDVI then LST and 

NDWI showed a similar negative trend in that class. That further explained about forest region, 

higher NDVI means more healthy vegetation, and NDWI means canopy moisture; do behave like a 

mirror to each other in context to LST.  
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