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Abstract 

Rapid urbanization and change of landuse/landcover results in changes of the thermal spectrum of a city even in small cities like 

English Bazaar Municipality (EBM) of Malda district. Monitoring the spatio-temporal surface temperature patterns is important, 

therefore, the present paper attempts to extract spatio-temporal surface temperature from thermal band of Landsat imageries and 

tries to validate it with factor based Land Surface Temperature (LST) models constructed based on six proxy temperature variables 

for selected time periods (1991, 2010 and 2014). Seasonal variation of temperature is also analyzed from the  LST models over 

different time phases. Landsat TIRS based LST shows that in winter season, the minimum and maximum LST have raised up 

2.32C and 3.09C in last 25 years. In pre monsoon season, the increase is much higher (2.80C and 6.74C) than in the winter 

period during the same time frame. In post monsoon season, exceptional situation happened due to high moisture availability caused 

by previous monsoon rainfall spell. Trend analysis revealed that the LST has been rising over time. Expansion and intens ification 

of built up land as well as changing thermal properties of the urban heartland and rimland strongly control LST. Factor based  

surface temperature models have been prepared for the same period of times as done in case of LST modeling. In all seaso ns and 

selected time phases, correlation coefficient values between the extracted spatial LST model and factor based surface tempera ture 

model varies from 0.575 to 0.713 and these values are significant at 99% confidence level. So, thinking over ecological  growth of 

urban is highly required for making the environment ambient for living. 
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INTRODUCTION 

Knowledge of Land Surface Temperature (LST) and its 

temporal and spatial variations within a city environment 

is of prime importance to the study of urban climate and 

human–environment interactions (Stathopoulou and 

Cartalis, 2009; Sharma and Joshi, 2013; Singh and 

Grover, 2014; Alavipanah et al., 2015). The retrieval of 

the LST from remotely sensed TIR data has attracted 

much attention, and its history dates back to the 1970s 

(McMillin, 1975). Urban heat island (UHI) and magni-

tude of the difference in observed ambient air temperature 

between cities and their surrounding rural regions have 

been a concern for more than 60 years (Landsberg, 1981). 

Nichol and Hang (2012) reported that there is a clear cut 

difference of temperature between rural and urban region 

and this gap is usually 3-4C. One of the earliest UHI 

studies was conducted in 1964 (Nieuwolt, 1966) in the ur-

ban southern Singapore. Extensive urbanized surfaces 

modify the energy and water balance processes and influ-

ence the dynamics of air movement (Nichol and Hang, 

2012). Afterward, many scientists (Giridharan et al., 

2004; Neteler, 2010; Schwarz et al., 2011; Xiong et al., 

2012; Zhang et al. 2013; Li et al. 2014; Kuang et al., 

2015b; Alavipanah et al., 2015) have worked in this field 

emphasizing different cognitive issues.  

LST is a key factor in physical dispensation of land 

surface at different spatial scale, and it generalizes the 

results of the interaction between land surface and at-

mosphere, exchange of matter and energy (Wan and 

Dozier, 1996; Alavipanah et al, 2015). In the general as-

sessment model of sustainable development and LST 

change, the change of LST is regarded as an important 

criterion upon which the evaluation of environmental 

quality and social and economic development policy can 

be based (Keller, 2008; Dai et al., 2010). Dynamic vari-

ability of LST seasonally and diurnally encouraged 

scholars to address this fact. Seasonal variation is well 

documented by Yuan and Bauer (2007) and Deosthali 

(2000) and they found that at night, the center of the city 

appeared as both heat and moisture island whereas at the 

time of sunrise as heat and dry island. 

In 2008 more than half of the world's population 

were urban dwellers and the urban population is ex-

pected to reach 81% by 2030 (UNFPA, 2007). This ac-

celeration of urbanization is very high both in intensity 

and area in developing countries like India. So, studying 

of the environmental conditions is necessary for proper 

planning or policy review. At the same time, it is already 

established that low population density is associated 

with lower LST values (Li et al., 2014) and conversely 

it is true that higher temperatures are associated with 

densely populated urban areas.  
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Intensity of LST is related to patterns of land use/cover 

changes (LULC), e.g. the composition of vegetation, water 

and built-upand their changes (Ding and Shi, 2013; Li et al. 

2014; Grover and Singh, 2015; Kuang et al, 2015 a, b). Both 

horizontal and vertical urban expansion, spacing between 

buildings, building materials, location of public places, bus 

stoppage, railway station, major and minor industrial hubs 

etc. influence temperature concentration (Park, 1986; Alavi-

panah et al., 2015). Rising population and building density 

are also accelerating factors of LST (Schwarz et al., 2011; 

Peng et al., 2012). The spatial extent of concrete cover and 

material composition is another major vector of spatial pat-

tern of LST (Xiong et al., 2012; Kuang et al., 2015b). Grow-

ing population density, greater consumption of energy etc. 

can also aggravate temperature condition (Zhang et al, 2013; 

Li et al., 2014). 

Clearly, the built-up land exhibited the highest LST, fol-

lowed by bare soil, water body, and vegetation in all three pe-

riods as reported by Weng (2001), Weng and Yang (2004) 

and Chen et al. (2006). In forested area, temperature is almost 

4.5-5C lower than bare land (Buyantuyev and Wu, 2010).  

It has been shown from both a theoretical and a practi-

cal point of view that the Normalized Difference Vegetation 

Index (NDVI) derived from satellite data is a good indicator 

of vegetation density (Grover and Singh, 2015; Gulácsi and 

Kovács, 2015). Vegetation can reduce LST by 13°C and con-

sidered one of the dominant factors for better health condi-

tion and a positive human comfort (Gémes et al., 2016). Both 

directionality of values (positive and negative) carry im-

portant role for regulating surface temperature. Positive and 

negative respectively indicate high vegetation density and 

high moisture which can help to reduce surface temperature 

(Choudhury, 1987; Kibert, 2012). In most cases, a negative 

correlation between NDVI and LST is found (Xiao et al., 

2007; Zhang et al., 2013), although high canopy cover area 

is not a prime determinant because plant species, leaf area, 

soil background, and shadow can all contribute to the NDVI 

variability (James and Charles, 2014). Yuan and Bauer 

(2007), Li et al. (2012) revealed that the relationship between 

NDVI and LST varies seasonally. James and Charles (2014) 

also established that water bodies exhibits minimum land 

surface temperature than other landuse/land cover.  

Normalized Difference Building Index (NDBI) indi-

cates built up area concentration over space. Most of the pre-

vious studies recorded high surface temperature in the urban 

built up areas (Chen et al., 2006; Liu and Zhang, 2011; Essa 

et al., 2012) although its magnitude varies significantly due 

to variability in composition of building materials and den-

sity of buildings. Vertical growth is also responsible for in-

tensifying LST (Park, 1986). Yuan and Bauer (2007) sug-

gested that the percentage impervious surface cover as a 

more reliable metric for quantitative analysis of LST over 

different seasons for urbanized areas. Major road axes and 

railway station arecharacterized by high traffic and popula-

tion concentrations and often have a higher temperature 

(Weng et al., 2004).  

For preparing multi criteria approach based spatial 

modeling in different sector, the use of GIS has received val-

ued reputation (Carver, 1991; Eastman, 1997). The Boolean 

overlay operations (no compensatory combination rules) and 

the weighted linear combination (WLC) methods (compen-

satory combination rules) are two major dimensions of mul-

ticriteria suitability modeling. They have been the most often 

used approaches for different sorts of landuse suitability 

analysis (Malczewski, 2004). All the previous work in this 

approach is based on weighted additive average of the data 

layers selected for the suitability models. But the way of 

providing weight to the data layers according to their im-

portance are different. For weighting the data layers PCA 

based approach (Khatun and Pal, 2016), analytic hierarchical 

approach (AHP) (Satty, 1980) etc. are used.  

Ground measurement cannot provide wide spread data 

of different places at a time therefore contribution of satellite-

based thermal infrared data is applied frequently in the devel-

oped nations. In India, this advanced method for spatial surface 

temperature extraction is not often applied. Growing urbaniza-

tion rate, intra-urban density etc. require such study for rethink-

ing about renewal of urban planning based on satellite data 

based temperature analysis at different spatio-temporal scale. 

In the Third World Countries like India, the density of meteor-

ological stations is so sparse over space (average density of 

meteorological station is 1/500 km2, in plain region it is 1/520 

km2, in elevated land it is 1/260-390 km2 and in hilly region it 

is 1/130 km2 (Raghunathan, 2010) that there is no other alter-

native than to use TIR satellite data based temperature extrac-

tion. Another major advantage of this data is that it provides 

pixel to pixel temperature information and produces micro 

level variation of temperature over space. Such data also helps 

to predict the local driving factors of surface temperature. Ka-

washima et al. (2000) documented a relation between mean air 

temperature and mean surface temperature. Also they rightly 

mentioned that this relation varies with altitude. They recorded 

that mean air temperature is 7 to 9.6C larger than the mean 

surface temperature and obviously difference is higher at 

lower elevation. Adjusted R2 ranges from 0.91 to 0.98 when 

regression is carried out between spatial air temperature and 

LST distribution models because of their high spatial associa-

tionship.  

Present paper attempts to capture spatio-temporal vari-

ation of land surface temperature over the English Bazar Mu-

nicipality (EBM) and its peripheral areas of West Bengal 

state of India. Furthermore, a factor based LST model was 

developed for understanding the relative variation of temper-

ature over the region. Comparison of the actual land surface 

temperature data extracted from TIR is done in response to 

the factor based LST models constructed using major con-

trolling factors. Main motive behind the factor based model-

ing is to find out it can substitute TIR satellite data based LST 

model. Also it aims to investigate whether the selected fac-

tors are effective for explaining spatial LST patterns. Priority 

analysis of the local level driving factors of temperature var-

iation is carried out to understand the dominant driving factor 

of LST. Seasonal variation of temperatures at each time pe-

riod (pre-monsoon, monsoon and winter) is analyzed to show 

seasonal extremities in this sub humid urban region. Trend 

analysis of temperature in different seasons over the temporal 

scale is also carried for identifying changing degree and in-

tensity of LST. In brief, two sets of LST models have applied 

in this work. First approach is Landsat TIR based LST mod-

eling and second approach is proxy factor based LST 
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modeling for the same phases. Ultimately, spatial correlation 

coefficient between two sets of models have been calculated 

to test the accuracy of the factor based models.  

STUDY AREA 

The present study area consists of 29 wards of English Bazar 

Municipality (EBM), 16 surrounding mouzas (smallest ad-

ministrative or land revenue unit) from English Bazar block 

and 11 mouzas from Old Malda block (relatively larger ad-

ministrative unit composed with several mouzas) covering 

an area of about 5500 ha (Fig. 1). The entire study area comes 

under Diara tract of West Bengal with fertile fine grain silty 

clay carried out by river Ganga and its distributary Kalindri 

River and Mahananda River, located at the northern and east-

ern margins of the study area. The average elevation of the 

region is 17m above MSL.  

The water table is moderately deep (5 m to 10 m un-

der surface) with moderately high seasonal fluctuation (2-

4m). (Central Ground Water Board, 2010) and it may con-

trol evaporation as well as land surface temperature. 

North western part of the present study area is covered 

with mango orchards. Chatra wetland (perennial) is con-

sidered the lungs of the town, and is located at the bound-

ary zone of the town. Over time, this wetland area is cap-

tured by built up area. Climate of this region is character-

ized by sub tropical monsoon with seasonal wet and dry 

spell of rainfall, cold and hot spell of temperature. The 

year is sub divided by four major seasons: (1) winter sea-

son (January and February), (2) pre-monsoon season 

(March to May) with little rain and high temperature and 

evaporation, (3) monsoon season (June to mid-October) 

with maximum (about 82% of total rain) rain and high 

temperature and (4) post-monsoon season (mid-October 

to mid-December) with steady decline of rainfall and tem-

perature. The post monsoon effect is less distinct. Average 

annual rainfall of this basin as gauged by Malda meteoro-

logical station is 1444 mm. Monthly variation of rainfall 

and temperature is noticeable (Table 1). The average po-

tential evaporation, being one of the controlling factors of 

surface temperature, was 73 mm/year between1901 and 

2014 in the area. 

 
Fig. 1 Study sites showing selected mouzas, rivers, wetland, NH34, railway line, station and major market points 

Table 1 Average monthly temperature and rainfall conditions between 1991 and 2014 

Climatic 

indicator 
January February March April May June July August Sept. Oct. Nov. Dec. 

Tmax (C)     23 26.7 32.3 35 34.7 33.7 32.2 32.2 31.7 30.8 28.5 24.8 

Tmin (C)     10.1 12.1 16.5 21.7 24.3 25.7 25.9 26 25 22 16.9 11.9 

Rainfall (mm) 10.9 10.8 11 39.1 117.5 229.4 353.1 302.4 296.6 91.8 12.3 10.3 
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The town possesses a good infrastructure and facilities. Two 

railway stations e.g. GourMalda and Malda town are located 

at southern and northern part of this area. Railway line and 

National High way (NH) 34 perforate the town from south to 

north. Two main markets, Netaji market/Rathbari market and 

Chittaranjan market are located at the heart of the town and 

are considered as Central business district (CBD) of this 

commercially improved town (see Fig. 1).  

The total number of population and house hold in the 

study area are 291612 people and 61803 households respec-

tively according to the census of 2011. Additionally, it is also 

needed to mention that apart from these, the amount of people 

in the city is more than 50 % higher due to people from out-

side the city. The town is the main market town of the larger 

catchment of the Malda, Murshidabad and Dinajpur districts 

of West Bengal and Larger part of Eastern Jharkhand state of 

India. Most of the cases, spacing between houses is about to 

45-60cm, exemplifying the dense building pattern. 

MATERIALS AND METHODS 

Data and image pre-processing 

Landsat 5 and Landsat 8 are used for both landuse/land-

cover mapping and LST modeling (path/row 139/43; spa-

tial resolution for TIR band of Landsat 5 is 120m and for 

Landsat 8 it is 100m.; spatial resolution for other bands is 

30m in Landsat 5 and band 1 to 7 for Landsat 8). The ex-

traction of LST is based on Landsat satellite images ac-

quired through the USGS Earth Resource Observation 

Systems Data Center, which are corrected for radiometric 

and geometrical distortions of the images to an acceptable 

quality level before delivery. The Landsat image is further 

rectified to a common Universal Transverse Mercator co-

ordinate system. Noise diminution is essential for re-

motely sensed satellite images, particularly for the ther-

mal infrared (TIR) band. The inherent noise may affect 

the retrieval of brightness temperature or LST. 

Methods 

The methodology consists of three sections (Fig 2): extrac-

tion of LST from Landsat images, multicriteria LST mod-

elling, spatial association between Landsat based LST 

model with multicriteria LST (McLST) model. The first 

section adopted two approaches for LST modeling. 1) 

Landsat TIR based extraction of LST and 2) Proxy temper-

ature factor based multicriteria LST modeling. First ap-

proach is entirely based on thermal band of landsat images 

of different time periods and the second approach is based 

on six proxy temperature factors as indicated in Table 2. 

Entire methodological work flow is illustrated in Figure 2. 

 

Fig. 2 Flow chart showing methodological workflow 
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Table 2 Selected proxy parameters and associated sources 

of data set 

Name of the 

parameters 
Source(s) 

1) Land use 

Sensor: Imageries of Landsat 5, Nov., 2013 

(Path/Row:139/43; Band used: G, R, NIR; 

Spatial resolution: 30m. ), Land use map, 

2014 of Land reform Deptt., West Bengal 

2) NDBI Extracted from Landsat 5 and 8 images  

3) NDVI 
Satellite image of Landsat 5 and 8 based on 

Townshend and Justice, 1986 

4) NDWI 
Satellite image of Landsat 5 and 8 based on 

McFeeters, 1996 

5) Major 

Road 

Extracted from Google image, DST map, 

Malda district 

6) Railway 

Station 

Extracted from Google image and field check 

through GPS 

7) Land sur-

face temper-

ature 

TIRS 1 & TIRS 2 band of Landsat 8 and 

Thermal Infrared band of Landsat 5 

LST extraction and modeling 

Approach 1 deals with extraction of LST from thermal 

band of the selected sensors is well discussed with a good 

number of merits and demerits by the Xiong et al. (2012), 

Zhang et al, (2013), Li et. al. (2014). It is multistep methods 

i.e. Conversion of the Digital Number (DN) to Spectral Ra-

diance, conversion of spectral radiance to at satellite bright-

ness temperature, LST extraction, conversion of LST from 

Kelvin to degree Celsius. This method is quite different for 

each sensor (Landsat 5, 7 etc.). All these things are well de-

fined in the respective guidelines published by Landsat Pro-

ject Science Office (2002). In this present work, guidelines 

of the same have been followed for working out LST from 

Landsat imageries.  

Approach 2 deals with six proxy data layers (Table 

3). These layers are (1) Landuse/landcover, (2) Normal-

ized differential Vegetation Index (NDVI) map, (3) Nor-

malized differential water index (NDWI) map, (4) Nor-

malized differential built up index (NDBI), (5) Major 

roads and (6) railway station. Here some other factors the-

oretically can be adopted like relief, rainfall etc. But these 

layers are not taken here because of their minimal influ-

ence within such a small spatial area. 

As WLC process executes on the basis of raster based 

weighted linear combination (WLC), it is required to convert 

each with an equal. NDWI, NDVI, NDBI, landuse/landcover 

layers have been extracted as raster layers, so there is no need 

for conversion for these four layers. But other two layers i.e. 

major roads and railway station layers are in vector forms and 

these are needed to be converted into raster layers. For this, 

proximity maps have been constructed from these layers. It 

is assumed that the area nearer to the roads or railway lines 

or stations will be affected more by increased LST and grad-

ually it will decrease with increasing distance from roads or 

railway lines. After converting the selected layers to raster 

format, each attribute (map layer) is categorized into 10 clas-

ses ranking 1 to 10,wherea higher rank reflects a potentiality 

higher LST. Landuse/landcover classes have been ranked 

based on the potential contribution toward LST. For exam-

ple, built up class has assigned maximum weight. Here rela-

tive ranking of the landuse/landcover class is done based on 

subjective priority. To fulfill this purpose, all the attributes 

have been reclassified into 10 classes following natural break 

method and ranked accordingly. The logic behind ranking to 

intra attribute classes from 1-10 is described in Table 3. 

Weightage of each attribute has been defined objectively 

(Table 4) considering the degree of correlation of each driv-

ing factor with land surface temperature generated for differ-

ent years. The logic behind this consideration is that highly 

correlated parameters maximally explain the spatial variation 

of temperature. Normalization of respective weights (values 

of r for respective parameters) based on dimension index 

have been performed for frame it in a scientific scale. It is 

calculated for distributing relative weight of all the parame-

ters. Here total normalized weight is 1. The parameter shares 

maximum out of 1 is emerged as dominant parameter. The 

result of each normalized value is called attribute weight. 

Weights of the parameters for different seasons in respective 

years are different due to having some dynamic variables like 

landuse/landcover, built up area, water bodies, canopy cov-

erage etc. Therefore nine models have been articulated for 

different seasons in the selected years. 

Table 3 Modes of ranking of the intra sub class of parameters 

Name of 

the attrib-

ute (j) 

Highest rank 

indicates at 

10 point scale 

Logic behind 

1) Land use 
10 rank at 

built up land 

Concrete area has high 

temperature emissivity 

2) NDBI 

10 rank at 

highest inten-

sity class 

High intensity built up land 

emits maximum tempera-

ture 

3) NDVI 
10 rank at ‘0’ 

value  

Above and below 0 value 

canopy cover and water 

availability increases 

which may reduce temper-

ature 

4) NDWI 

10 rank at 

lowest NDWI 

value 

It does indicate water con-

centration; more concen-

tration of water bodies 

mean less temperature and 

vice versa 

5) Major 

Road 

10 rank at road 

adjacent zone 

Highly dense traffic in all 

roads concerned specifi-

cally National High Way 

34 insists temperature rise 

6) Railway 

Station 

10 rank at near 

to the railway 

station 

Being a nodal centre, a 

good number of trains ups 

and down and huge num-

ber of passengers uses this 

station as nodal point  
 

Expression of weight calculation is as follows (Eq. 1):  

1

rj

j n

r

j

a
w

j





   (Eq. 1)

 where wj=weight of jth parameter; ajr= correlation coeffi-

cient of jth attribute; Σjr = summation of correlation of all 

jth variable.  



18 Ziaul and Pal (2016)  

 
Rank of all sub classes under each attribute is then 

multiplied by the defined weight of each individual attrib-

ute. This function can be presented using Equation 2: 

 
1

n

ij j

j

WLC a w


  (Eq. 2)

 
where, aij= ith rank of jth attribute; wj= weightage of jth 

attribute. This weighted linear combination has been done 

using raster calculator tool in ArcGIS environment.  

Weight of the attributes for different other periods 

has been calculated based on their respective correlation 

coefficient values. See table 6 for calculated weights of 

the parameters for different time phases. Calculation of 

the entire process is represented in Table 4 showing the 

case of January, 2014. 

Table 4 Pattern of reclassification of the parameters, ranking 

and weighting of the parameters of January, 2014 

Parameters Sub-class Rank  
Weight of pa-

rameters 

1) NDBI  natural breaks 
1-10 

 
0.382 

2) NDVI natural breaks 
1-10 

 
0.042 

3) NDWI  natural breaks 1-10 0.064 

4) Land use/ 

Land cover  

Water Bodies & 

Water Hyacinth 
1 

0.336 

Mango Orchard 3 

Agricultural 

Land 
6 

Fallow Land 8 

Built up Land 10 

5) Major Road 
 

(Distance from 

major road) 

natural breaks 1-10 0.154 

6) Railway 

Station 

(Distance from 

station) 

natural breaks 
1-10 

 

0.022 

 

 

After preparing the multicriteria spatial LST model based 

on controlling factors and the Landsat TIR based LST 

model(s), spatial correlation coefficient between them has 

been calculated to judge the level of spatial association. 

Strong correlation coefficient (r) does mean higher level 

of spatial coincidence and vice-versa. Chen et al (2006) 

and Ogashawara and Brum Bastos (2012) focused on the 

quantitative relationship between LST and temperature 

controlling factors by using correlation coefficient analy-

sis. In this present work, their line of thinking has been 

followed. 

Methods for framing data layers used for multicriteria 

LST modeling 

This section describes how NDVI, NDWI, NDBI and others 

have been prepared for constructing multicriteria LST mod-

els. For NDVI extraction, method of Townshend and Justice, 

(1986) is used. 

 

 

NIRband Rband
NDVI

NIRband Rband





 (Eq. 3) 

where, NIR=near infrared band (band 4 of MSS and TM), 

R=red band (MSS band 2, TM band 3). Values ranges 

from -1 to +1, where negative values normally are associ-

ated with water and where positive values indicate vege-

tation mass.  In principle, higher values are linked with 

higher vegetation density.  

For extracting NDWI, equation presented by 

McFeeters (1996) is used: 

 

 

Greenband NIRband
NDWI

Greenband NIRband





 

 (Eq. 4) 

where Green is the green band (MSS band 1, TM band 2) 

and NIR is the near infrared band (band 4 of MSS and 

TM). This value ranges from-1 to 1. Value nearer to 1 in-

dicate greater possibility of low LST. 

Normalized differential built up index (NDBI) has 

been calculated following Zha et al (2003): 

 

 

MIRband NIRband
NDBI

MIRband NIRband





 (Eq. 5) 

where, MIR is the mid infrared band (TM band 5, OLI 

band 6) and NIR is the near infrared band (TM band 4, 

OLI band 5). NDBI value ranges from -1 to 1. Value 

nearer to 1 means greater possibility of high LST. 

The land use data set has been prepared from Landsat 

imageries of the respective periods mentioned in Table 2. Su-

pervised image classification techniques (non-parametric 

rule: maximum likelihood) have been used for landuse/land-

cover (LULC) classification. Accuracy assessment has been 

done by cross checking 139 sites through GPS survey and 

Google Earth images. From this assessment, it was found 

that the accuracy assessment generated from the supervised 

classification technique showed an overall classification ac-

curacy of 84.45% with Kappa statistic of 0.829, which indi-

cates a very good agreement (Monserud and Leemans, 1992) 

between thematic maps generated from image and the refer-

ence data. 

Road and railway lines have been digitized from 

Google Earth image, toposheet of Survey of India and 

those vector layers have been converted into raster layers 

through proximity or distance mapping. Actually, ten 

equidistance buffer classes have been made both from 

roads and railway line individually. 

Method for spatial association between Landsat based 

LST model with multicriteria LST (McLST) model 

Most of the previous work across India in this field have 

extracted surface temperatures but these were not vali-

dated with any reference standard datasets collected from 

meteorological monitoring stations. As only one meteor-

ological station is available over the present study area, it 

is difficult to validate thespatio-temporal data with mete-

orological data available there on. Authors here attempted 

to compare their models with some MulticriteriaLST 

models created based on major locally dominant temper-

ature driving factors. After extracting LST from TIRS of 

Landsat and constructing multicriteria LST model, simple 
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correlation coefficient (r) between these two layers for 

different seasons in the selected years has been calculated. 

It is being considered that higher degree of r value means 

strong spatial association. Student’s ‘t’ test has been car-

ried out for assessing degree of significance level of the 

calculated correlation at 95% and 99% confidence levels. 

A strong spatial relation would indicate that multicriteria 

LST models can be used for assessing relative LST pat-

tern over the study area. 

For finding out dominant factor of LST, correlation 

coefficient of the selected factors with surface tempera-

ture layers of the respective periods have been calculated. 

Strongly correlated parameters are considered as domi-

nant factors. This is calculated during Multicriteria LST 

model building. 

RESULTS AND DISCUSSION 

Results extracted from data layers 

Earlier it is mentioned that six data layers have been pre-

pared for constructing multicriteria LST modeling. In this 

section result of the individual layers has been depicted. 

Through supervised image classification, six number of 

major landuse/landcover classes have been identified with 

an accuracy level of 84.45% with Kappa statistic of 0.829. 

Out of total area (~5500 ha), 42.24% is covered with built 

up land followed by mango orchard (24.15%). The core 

part of the study area is composed of built up land and it 

spreads along the major roads and railway line outside the 

core. If only core area is considered, more than 78% of the 

area is built up area. Such built up area concentration is 

highly effective for enhancing LST. The NDBI pattern 

shows that the maximum intensities (NBBI score: 0.160-

0.179) of built up area are found at the core part and also 

it increases even in the peripheral land. Over time, greater 

proportion of study area comes under this intensity of 

NDBI. NDVI value is recorded maximum (0.292-0.487) 

in the north western part of the study area where one 

denser mango orchard is located. Such value is only found 

in the peripheral part of the study area. This value de-

creases over time over the major parts, especially in the 

core parts. From this result it can be stated that there is a 

negative relation between NDBI and NDVI. NDWI val-

ues with maximum intensity are only (0.288-0.422) found 

in the river Mahananda at the eastern side and Chatra wet-

land at the western side of the study area.  

Landsat image based LST change 

Seasonal temperature dynamics (winter, pre-monsoon and 

monsoon) in 1991 

Usually, temperature is confined within the range of 

14.41-20.34C during January, 1991 (Fig. 3A). Out of to-

tal area, 32.83% area represents temperature from 16.18 - 

16.77C followed by 24.8% area is represented by 16.77 

- 17.37C temperature. More than 83% is characterized by 

the temperature ranges from 16.18-18.55C. Mean tem-

perature of this study area in this time was 17.24˚C and 

the coefficient of variation (CV) was 4.04%.Core urban 

area is sensitive to high temperature. 

April and May of this year show that the maximum 

air temperature was 40C or more. But at present case sur-

face temperature ranges from 23.99C to 34.64C (Fig. 

3B). Low antecedent moisture and lack of rainfall trig-

gered by nor wester (a kind of local storm with rain) might 

enhanced temperature a little bit. Within this temperature 

spectrum, 29.31 - 30.37C temperature covers 20.97% of 

the total area followed by 30.37 - 31.44C temperature in 

20.66% of the area. More than 81% area possesses tem-

perature between 27.18-32.5C. North western and south 

eastern part of the study area exhibit relatively low range 

of temperature due to the Bagbari mango orchard and 

Chatra wetland. Only in April, the wetland area is promi-

nent due to its distinct oceanicity factor. Expectedly, areal 

coverage of high temperature is maximum in this time. 

From temperature condition, it is also clear that urban 

spread is maximum in the eastern part of the main town 

following river Mahananda and north western part of the 

main town along main concrete road (National High way) 

which connects the western and north western part of the 

Malda district with district town (English Bazar Munici-

pality).   

In October of the monsoon month, due to frequent 

rainfall, despite having high temperature potential, temper-

ature is self regulated. In this year temperature ranges from 

21.66C to 28.09C (Fig. 3C). About 89% spatial extent is 

characterized by 22.30C to 24.87C temperatures. Spatial 

character of moisture availability regulates temperature 

over space. In temperature distribution, there is no such 

continuity as exhibited in figure 3C. Except main town 

most part of the peripheral area shows quite lower temper-

atures. Within main town variation of temperature is 

27.64% and it is about 64.25% in the peripheral area.  

Seasonal temperature dynamics (winter, pre-monsoon and 

monsoon) in 2010 

In winter season, 2010 range of temperature was 16.72C 

to 22.98C (Fig. 3D), which is 2-2.5C higher both from 

lower and upper limits than1991 of the same season. Out 

of total area, 75% area is characterized by temperature 

level ranges from19.22C to 21.10C. Mean and CV of 

temperature of this phase are respectively 19.97C and 

4.11%. Temperature spread is high both in western and 

eastern periphery of the main urban land. In the peripheral 

area rising trend of surface temperature is also identical 

with core urban area.   

In pre monsoon or summer season, 2010 temperature 

was within the range of 26.83C to 36.98C which is 

3.20C higher than 1991. This LST is about 7C lower than 

mean air temperature of the same period (Fig. 3E). 

Increasing trend of temperature is also reflected in air 

temperature. Out of the total area, 77% was characterized 

by a temperature ranged from 28.86C to 33.93C. Mean 

temperature in this period was 31.47C. and coefficient of 

variation (CV) was 5.32% which was 0.99% higher than in 

1991. The northern part of the main urban area recorded the 

maximum temperature. This area is characterized by one of 

the main dense market (Netaji market), busiest traffic node 

and garlands of hard ware shops.  
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The mean LSTwas 1.98C higher thanin 1991 in the 

monsoon season. In 2010, the LST was in range of 

22.98C to 30.58C (Fig. 3F). Out of total area, 86.08% 

was characterized by temperatures ranging from 23.73C 

to 26.01C. The mean temperature was 25.37C and the 

CV is 4.70% (Table 5).  

Seasonal temperature dynamics (winter, pre-monsoon and 

monsoon) in 2014 

In the winter period of 2014, the LST ranged from 

20.17C to 27.30C and the mean temperature was 

23.39C which was 3.42C higher compared to 2010 (Fig. 

3G). The CV values in this season in all phases establish 

the fact that there was marginal increase of LST (Table 5).  

In the summer season of 2014, the LST varied from 

25.22C to 34.60C and mean temperature was 30.36C 

which was1.11C lower than during the previous phase 

(Fig. 3H). Actually, 4days antecedent moisture caused by 

nor wester lowered surface temperatures. Out of the total 

area, 87% was characterized by temperatures between 

28.03 to 32.72C. 

In the monsoon of 2014, the LST ranged from 

23.63C to 33.66C and the mean temperature was 

28.70C which was 3.33C higher than in 2010 (Fig. 

3I). The lowest temperature limit had increased by 

0.65C and the upper temperature limit with 3.08C 

compared to the same period in 2010. Out of total area, 

87.75% was characterized by temperatures between 

26.63C and 30.65C. 

The present work shows that not only the metro-

politan city, but small urban centre like EBM are also 

gaining temperatures, which is not a good sign for the 

ambient living conditions. Figure 4 clearly displays the 

comparative pattern of areal proportion under different 

 

Fig. 3 Land surface temperature A) January 1991 B) April 1991 C) October 1991 D) January 2010 E) April 2010  

F) October 2010 (G) January 2014 (H) April 2014 (I) October 2014 based on LANDSAT images 
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range of temperature since 1991 to 2014 both for sum-

mer and winter periods. From this diagram, it can be 

observed that a larger proportion of the area has shifted 

to higher temperature classes. For example, only 2.3% 

area was under the LST above 33C in 1991 but it is 

raised to almost 5% in 2014. Such trend is also noticed 

for other classes also during summer period. Similarly, 

in winter time, in 1991, no such area was found where 

LST was 20C but in 2014 29% area was found where 

LST is above 23C. 

Table 5 Coefficient variation of temperature in selected 

time periods 

Sea-

son 
Year 

Tmin 

(°C) 

Tmax 

(°C) 

Tmean 

(°C) 
SD 

CV 

(%) 

Ja
n

u
ar

y
 1991 14.41 20.34 17.24 0.70 4.04 

2010 16.72 22.98 19.97 0.82 4.11 

2014 20.17 27.30 23.39 1.01 4.33 

A
p

ri
l 

1991 23.99 34.64 29.67 1.94 6.53 

2010 26.83 36.98 31.47 1.67 5.32 

2014 25.22 34.60 30.36 1.64 5.40 

O
ct

o
b

er
 1991 21.66 28.09 23.40 0.79 3.36 

2010 22.98 30.58 25.37 1.19 4.70 

2014 23.63 33.66 28.70 1.28 4.47 

 

Multicriteria Land Surface Temperature (McLST) models  

As mentioned before, the McLST models have been cal-

culated based on six data layers (factors) which control 

temperature variation. The LST models calculated from 

the Landsat images and the McLST models have been pre-

pared for the same period of time. Such models will help 

to understand whether McLST models can explain LST 

variation.  

Models for 1991 

The WLC values varied from 2.17 to 8.87 during winter, 

1.61 to 8.69 in summer and 1.95 to 8.57in monsoon sea-

sons (Fig. 5A, 5B and 5C). In all seasons, higher WLC 

values were noticed in the main urban land and some parts 

of peripheral urban areas where urban extension has al-

ready proliferated.  

Models for 2010 

In 2010, WLC varied from 1.45 to 9.04 in winter, 1.60 to 

9.70 in summer and 1.74 to 9.39 in the monsoon or rainy 

season (Fig. 5D, 5E and 5F). In all seasons, the upper limit 

of WLC was above 9, while they were below 9 in 1991. 

This does indicate that LST has raised between 2010 and 

2014. The LST trend extracted from multicriteria LST 

models shows the same pattern as the extracted surface 

temperature models from Landsat images during the re-

spective seasons. On average surface, the temperature in-

creased with 2.5C in 2010 compared to 1991.  

Models for 2014 

In 2014, WLC varies from 1.26 to 9.41 in winter, 2.24 to 

9.14 in summer, and 2.54 to 9.35 in rainy season (fig.  5G, 

5H, 5I). WLC values at the lower end had raised to some 

extent indicating rise of LST in the relatively low temper-

ature zones. At the same time, the upper limit of WLC 

values was also consistently high in all seasons pointing 

out high LST. From the Landsat based LST models, it was 

clear that, except in pre-monsoon time, the temperature 

raised by 3 to 3.5C in comparison to 2010. Mainly, grow-

ing urban intensity could explain this trend. 

Spatial Association between LST and McLST models  

Spatial correlation analysis is carried out between the mod-

els for the respective periods to bring out the fact that these 

models are spatially associated. In all seasons and selected 

seasons, correlation coefficient values vary from 0.44 to 

0.81 (Table 6) and all values are significant at 99% confi-

dence level. Therefore, these models can be considered as 

spatially associated. Moreover, the scholarly works carried 

out by Kawashima et al. (2000) clearly indicates that the 

mean air temperature is 7 to 9.6C higher than surface tem-

perature. If same line of thinking could be followed, such 

association is existing. For further analysis of the relation-

ship, the correlation is also calculated between the two 

models based on different landuse/landcover classes. In 

summer period, this correlation coefficient is very high 

(0.93) in case of built up land, -0.57 in vegetated land, and  

-0.52 in case of moist land and water bodies.  In the core area, 

 

Fig. 4 A) Changing pattern of heat zone (intensity) during April; B) during January in 1991 and 2014 



22 Ziaul and Pal (2016)  

 

this relation is very strong in most of the periods (r= 0.86-

0.93) while in the peripheral area, the relation is quite 

weak and varying due to significant differences in 

landuse/landcover types. In most cases, the strength of the 

relationship increases over time. Even in the peripheral 

land, the intensity of temperature rise is mentionable.  

Table 6 Degree of correlation between actual and 

 potential temperature models  

(every correlation coefficient has a significance level of 99%) 

Time Pre-Monsoon Monsoon Winter 

1991 0.68 0.62 0.51 

2010 0.75 0.81 0.60 

2014 0.44 0.69 0.68 

The McLST models do not directly provide an abso-

lute LST value but the relative temperature differences 

can be explored. Relative patterns of WLC values do in-

dicate relative rise or fall of LST. If some random field 

recording of temperature is made for different sites within 

the study area and tallying with WLC values, such quali-

tative McLST models can be quantified.   

Factorial analysis  

From the selected driving factors of temperature in local 

scale, it was identified that NDBI most strongly affects 

the surface temperature followed by land use and major 

roads. The correlation value between NDBI and LST 

ranges from 0.42 to 0.80 and mean value for all seasons is 

0.66 (Table7). Densely settled building with very narrow 

inter buildings spacing, high rise building, expanding 

roads etc. are some triggering vectors behind the trend of 

rising temperatures in the urban area. Decreasing canopy 

cover and increasing concrete impervious surface modi-

fies thermal processes in urban regions, thus causing 2-

 

Fig. 5 Multicriteria LST models A) January 1991 B) April 1991 C) October 1991, D) January 2010 E) April 2010 

F) October 2010 G) January 2014 H) April 2014 I) October 2014 based on driving factors 
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3.5C higher temperatures compared to rural areas and 

this effect is known as urban heat island effect (Ogasha-

wara and Bastos, 2012). Dense mango orchard in the north 

western part of the study area recorded relatively low 

LST. But the LST condition is not fixed over time, it also 

increases. This condition results in confusion regarding 

the role of local driving factor behind temperature 

changes. Alteration of the hydrologic cycle represents the 

most significant urban water quality issue at hand today 

(DeBusk et al., 2010) because storm water runoff from 

impervious surfaces creates water quality problems in-

cluding higher water temperatures and elevated levels of 

contaminants in surface waters (Davis et al., 2010). This 

effect can immediately influence the nearby Chatra wet-

land which is considered as kidney of the town (Kar and 

Pal, 2012). Lack of impoundments within the town accel-

erates rain water to run down with a fast rate and it also 

causes rise of LST even in the monsoon season. Low re-

charge due to high impervious land reduces moisture 

availability in pore space of the top and sub soil. So, when 

incident sun rays strike on surface, they penetrate much 

deeper into the part of the soil strata and enhance surface 

temperature. The impact of NDVI is prominent during the 

pre monsoon season but its impact is less obvious during 

the monsoon because monotonization of surface in regard 

to high moisture availability. Major roads, specifically the 

crowded NH34, enhance temperature levels along their 

axis and their influence is clearly visible in both the Land-

sat image based LST models and McLST models created 

for different seasons. Other roads also influence LST in 

same trend but not with the same intensity. This sort of 

result is also found in the work of Weng et al. (2004). The 

modification of LULC associated with urbanization has 

altered the thermal properties of land, thereby changing 

the energy budget, creating the UHI as also reported by 

Xiong et al. (2012) in his work. Brick kiln factories (15 

nos.) in the north western part (Bagbari region) of the 

study area highly increased temperature. Actually this 

layer is not separately taken into consideration because of 

its identical emissivity with built up area. The impact of 

water bodies on lowering temperature is reflected by the 

models. Chatra wetland (>4 km2), located at south western 

part of the study area, not only decreases its own temper-

ature but also helps to reduce the temperature of its sur-

roundings. The turbidity level of this wetland has been ris-

ing over time and as a result, even in the wetland domain 

the temperature has also raised up. Related to this, it could 

be mentioned that in last 20 years more than 50% of the 

total wetland area has been converted or will be converted 

into built up land (Kar and Pal, 2012). Therefore, these 

areas will also show an increased temperature in the fu-

ture. The railway station modifies the temperature in ani-

solated manner, mainly in the station premises. All the 

discussion imparts to the models prepared from Landsat 

images and multi criteria approaches and therefore these 

are comparable. 

CONCLUSIONS 

It can be said that surface temperature is rising over time 

in all seasons and the intensification of concrete surfaces 

within the urban environment and urban expansion in its 

peripheral zones increases temperature. Both types of 

LST models point out the unidirectionality of the temper-

ature change. Land use change in terms of installing brick 

kiln industries, transforming of wetland into urban land, 

exchange of land between mango orchard and agricultural 

land etc. are some prime causes for surface temperature 

change in the urban fringe area. Expansion of concrete 

surfaces, intensification of built up land, high rise building 

etc. are some reasons behind increasing temperature in the 

urban heart land. Considering this trend, immediately land 

transformation policies should be reviewed specially re-

garding transforming mango orchard and wetland into 

built up land. Wetland and forest land can mediate tem-

perature condition in their surroundings. 

Urbanization is the main driving process of land 

cover changes and consequently of change ofLST. How-

ever, unless undertaking a radical urban decentralization 

policy, it is difficult to stop or reverse the urbanization 

process even to the medium and small cities because their 

function as facility hub.  

Vegetation management policies (e.g., green belt) 

can be implemented that would contain making space for 

green belts, can consequently help reducing the UHI ef-

fect. In addition, policies must not be limited to horizontal 

growth management only. Additional consideration to im-

plement new urbanism (e.g., green building) concepts in 

the planning permission (or development assessment) 

stage of development would also help reducing the LST. 

English Bazaar Municipality, a small town is so congested 

in its core part, it is quite difficult make more space avail-

able for greening and reducing land surface temperature, 

Table 7 Average and range of degree of correlation between LST and selected factors in different seasons 

Parameters 
Range of winter 

season 

Average of win-

ter season 

Range of pre-

monsoon 

Average of pre- 

monsoon 

Range of 

monsoon 

Average of 

monsoon 

Landuse 0.06-0.59 0.38 0.22-0.41 0.32 0.07-0.07 0.07 

NDBI 0.61-0.68 0.65 0.42-0.80 0.67 0.62-0.74 0.66 

NDVI 0.07-0.17 0.12 0.25-0.65 0.41 0.23-0.41 0.29 

NDWI 0.05- 0.37 0.17 0.16-0.48 0.31 0.16-0.27 0.24 

Major 

Road 
0.17-0.27 0.22 0.26-0.30 0.27 0.39-0.44 0.42 

Railway 

Station 
0.04-0.13 0.07 0.07-0.21 0.11 0.13-0.38 0.27 
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but further growth should be happening using the new ur-

banism concepts. Existing roof area can be surfaced with 

horticulture based plants. At present, municipal rules re-

garding keeping space between two buildings is only 1 

foot but this is too narrow. So, this inter building space 

policy should be reconsidered. One of the valuable envi-

ronmental limbs is Chatra wetland located in the south 

western part of this city that should be intensively pre-

served. Unfortunately, this wetland is rapidly reclaimed 

by built up area through urban sprawl. At any cost, it 

should be protected. Association of such wetland can to 

some extent decelerate the rise of temperature. Dispersion 

of urban population through expanding urban structure to-

ward peripheral areas can also reduce temperature. Keep-

ing vacant space with less concrete structures can help to 

reduce the rising temperature effect. So it is inferred that 

there is a dire need for continuous monitoring of city’s 

landuse/landcover dynamics and to devise scientific and 

sustainable urban landuse policies with the purpose to 

monitor the phenomenon of intensification of UHI.  
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