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Abstract

Land surface temperature (LST) is considered as one of the most significantly effective factors on the regional climate and ecology,
playing an important role in connecting surface energy and water exchange. In mountainous regions, LST reveals lots of inconsistencies
due to the effect of such factors as topography, vegetation, solar radiation, etc. We sought to investigate the the temporal and spatial
variation LST in different years and its relationship with effective factors in 5 dimensions using Multiple statistical methods, the sepidan
region in northwest Iran. The multi-factorial land use, topographic (elevation, slope, aspect), biophysical indices (normalized difference
vegetation index (NDVI), normalized difference moisture index (NDMI), normalized difference built up index (NDBI), and modified of
normalized difference water index (MNDWI)), socio-economic (fossil fuel CO, emissions (FFCOE) and road density(RD)), and climate
(temperature and solar radiation) was studied in the current research. To this end, Images of July 1998 and 2017 were extracted from
Thematic Mapper (TMS5) and Operational Land Imager/Thermal infrared sensors (OLI/TIRS8). Moreover, ordinary least squares
regression (OLS), Best subset regression, and Hierarchical Partitioning Analysis (HP) were used to investigate the relationship between
LST and relevant effective factors. The results indicated that the temperature range varied from 10 to 53 °C in the time period mentioned.
The highest amount of LST was observed in barren land use and the lowest one was found in garden lands. An negative correlation was
found between LST and elevation. On the other hand, the highest value of the Laps rate of surface temperature was observed in the
southern aspects and the lowest one was observed in the western aspects. Furthermore, the highest and lowest values of lase rate were
found in slopes less than 10°, and in 50 to 60-degree slopes, respectively. The results of the OLS correlation indicated a negative corre-
lation between LST and NDVI, NDMI, and MNDWI, and a positive correlation of LST with climatic and socio-economic indicators.
LST’s highest and lowest correlations were found to be with vegetation (R? = 0.95) and road density (R? = 0.1). Finally, while in 1998
temperature and vegetation were identified as the most influential factors on LST, it was the elevation that was found to be the most
effective factor on LST in 2017 with the effective rate of 82.72%. This study offers a valuable viewpoint on the temporal and spatial vari-
ations of LST, their complexity, and the environmental factors that affect them. The viewpoint could, therefore, be used for prospective
studies on the analysis of the ecosystem’s reaction to climate changes.
© 2021 Published by Elsevier B.V. on behalf of COSPAR.
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evolution of the climate (Van De Kerchove et al., 2013).
Moreover, as the temporal and spatial distribution
increases, surface temperature and water expand the geo-
graphical latitude of the climate (Aguilar et al., 2010;
Ivanov et al., 2008). Mountainous ecosystems are, there-
fore, vulnerable regions that are more sensitive than the
plains to the natural and humane factors (Shi et al.,
2019). Thus, the analysis of near-surface processes is con-
sidered an essential part of environmental researches car-
ried out on mountainous regions (He et al., 2018).
Surface temperature is regarded as a significant factor in
controlling the exchange of energy at the surface of the
earth, being used for studying the physical properties of
surface processes and climate change (Li et al., 2013;
Berg et al., 2014; Tomlinson et al., 2011).

Temporal and spatial changes of land surface tempera-
ture (LST) has, generally, been investigated in many envi-
ronmental studies such as those carried out on surface
energy management, surface water cycle, vegetation man-
agement, and environmental and urban climate assessment
(Xu et al., 2016; Holzman et al., 2014; Zhou et al., 2013;
Amiri et al., 2009). LST is affected at different scales by a
variety of factors including the topographic conditions,
energy levels, climatic conditions, land use, vegetation,
and geographical location (Gluch et al., 2006; Peng et al.,
2018). Terrestrial meteorological data (Eludoyin et al.,
2013) and remote sensing are two methods which are used
for investigating LST (Li et al., 2013; Peng et al., 2012).
However, on large temporal and spatial scales, terrestrial
measurement is difficult to conduct due to its high costs
and time-consuming nature. Moreover, in difficult to reach
terrains such as mountains, scattered and irregular distri-
bution, as well as the insufficient number of meteorological
stations, may challenge and limit the accuracy and applica-
bility of the traditional method (Steinacker et al., 2006;
Neteler, 2010). On the other hand, remote sensing data
have been used by many researchers to study the compo-
nents of energy balance such as albedo and LST because
of their ease of access, high resolution, and suitable spatial
coverage (Ayansina, 2016; Clinton and Gong, 2013;
Mihalcea et al., 2008). From among different sets of satel-
lite images, ASTER /EOS-TERRA (Advanced Spaceborne
Thermal Emission and Reflection Radiometer) and sensors
of Landsat series (TM Band 6 (120 m) ETM( Enhanced
Thematic Mapper Plus) Band6 (60 m) and OLI/TIRS
B10(100 m)) display the LST with 60—120 spatial resolution
(Estoque et al., 2017; Kikon et al., 2016; Sattari et al.,
2018). while the same data could be accessed daily through
other sensors such as MODIS and AHVRR with a low
spatial resolution (1000 m) (Meng et al., 2018; Yao et al.,
2018; Yue et al., 2019; Zhou et al., 2018).

In mountainous regions, the temporal and spatial distri-
bution of LST is affected by different meteorological, topo-
graphic factors as well as vegetation and soil (Li et al.,
2014). The factors affecting LST could generally be classi-
fied into four categories: 1) topography, 2) surface biophys-
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ical parameters, 3) socio-economic and 4) climatic (Minder
et al., 2010; Peng et al., 2018; Chang et al., 2017). The rela-
tionship between LST and elevation would fundamentally
be modified under the influence of local topography. It
would also change with the effect of slope and aspect. Dif-
ferences in aspect play such an important role in control-
ling the temperature that solar radiation is lower in
northern hills than the southern ones (McCutchan and
Fox, 1986).

Due to the richness of land use and land cover informa-
tion, surface biophysical parameters have been widely used
in LST correlation analysis. The normalized difference veg-
etation index (NDVI), normalized difference moisture
index (NDMI), normalized difference built up index
(NDBI), and modified of normalized difference water index
(MNDWI) indicating a significant correlation with LST
(Lu et al., 2013) and the population growth considerably
affect heat islands (Kotharkar and Surawar, 2016; Huang
et al.,, 2016). Most of the researches carried out in this
regard have studied only one factor and other effective
socio-economic factors on LST such as road density, fossil
fuel, night light, etc. have remained under-researched.
From among climatic factors, the air temperature has the
strongest correlation with LST, but the two factors differ
in value, measurement method, and response to weather
conditions (Jin and Dickinson, 2010). Few studies have
already been done on the influence of different factors espe-
cially air temperature and solar radiation on LST. For
instance, He et al. (2019) studied the effect of terrestrial fac-
tors on LST in Chinese mountainous Regions. The results
of their study indicated a reverse correlation of LST with
elevation and solar radiation angle. They also found that
changes of LST were greater in southern aspects than the
other ones, with the vegetation being a key factor in the
extent of LST changes. Alemu (2019) investigated the tem-
poral and spatial changes of LST concerning NDVI in the
watershed and showed that there was an negative correla-
tion between surface temperature and NDVI. Having stud-
ied the relationship between LST, land use, and geological
formation, [brahim and Abu-Mallouh (2018) reported that
the highest surface temperature had been observed in rocky
lands and basaltic formations, which was due to the nature
of those formations. Chen and Zhang (2017) proved an
negative correlation between LST and MNDWI, and a
positive  correlation between LST and NDBI.
Dissanayake et al. (2019) showed a positive correlation
between fossil fuels and population density in terms of
socio-economic factors.

In general, most of the studies carried out on the effects
of land cover changes on LST have focused on the descrip-
tion of LST’s spatial characteristics. Although the findings
of these studies are important, they rarely discuss the rela-
tionship between LST and different factors. Climatic condi-
tions and local factors including DEM, slope, aspect, solar
altitude angle, the type of solar material, soil moisture, and
humidity are highly effective on LST. Compared with the
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possible effect of only a single factor on LST, the earth’s
surface temperature is highly affected by changes in multi-
ple factors.

The possible effects of various factors such as MNDWI,
NDBI, NDVI, NDMI, slope, aspect, elevation, land use,
air temperature, solar radiation, etc. on LST and the way
they affect it have received less attention. Lack of sufficient
researches on the relationship between LST and different
factors prevents offering more effective managerial solu-
tions to reduce LST. Furthermore, while most of the stud-
ies carried out in this regard have used stepwise regression
as their statistical method, the current study used Best-
subset and Hierarchical partitioning analysis to identify
the most effective factors on LST. To this end, the Sepidan
region in Fars province, Iran, was selected as a case to be
studied in that regard.

This study set out to identify the factors which affect
LST, using linear regression in a mountainous region.
Specifically, the main goals of the study were as follows:
1) investigating the temporal and spatial distribution of
LST for the 1998-2017 period; 2) using ordinary least
squares regression for determining the relationship between
LST and different factors; 3) using best —Subset regression
to identify the best applicable model in this regard, and
Hierarchical partitioning to detect the main effective fac-
tors on LST.

2. Materials and method
2.1. he study region

Thee Sepidan county is, with an area of 290000 ha,
located in the northern part of Fars province, Iran. It occu-
pies 2.3 percent of the Fars province and is located at 52°
40’ East latitude and 30° 35’ North longitude. It is a moun-
tainous region covered with jungle whose altitude from the
sea surface is estimated as 2225 m (Fig. 1) As for its high
annual precipitation, the region is characterized by snowy
winters and watery summers. As environmentally valuable
assets, the jungles located at Sepidan county and Zagros
area are protected zones. Being located in central Zagros,
the county has cold snowy winters and moderate summers.
The average annual precipitation and temperature rates of
the region are 518 mm and 15 °C respectively. Moreover,
its average minimum and maximum temperature are 9.2 °
C and 19 °C respectively. In general, the climate of the
county varies from semi-arid in its eastern part to very
humid in its northwest (Esfandyari Bayat and Rameh,
2016).

2.2. Dataset

To examine LST, this study used cloud-free multi-time
images of Landsat with their Row and Path being 163
and 39 respectively, which were downloaded from the fol-
lowing dataset: https://earthexplorer.usgs.gov. The selected
images had been taken in May to Septamber 1998 and 2017
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by Landsat 5 and 8, along with TM and OLI/TIRS sensors
(Table 1). Having downloaded the satellite images, radi-
ance calibration and atmospheric correction were per-
formed on them at the pre-processing phase in ENVI 5.3
software to eliminate the errors caused by the sensor and
atmosphere. As the vegetation of the study area (native
and domestic) reveals the highest annual vital activity from
May to September, NDVI values of such a period were
used to evaluate the vegetation (Jin et al., 2009). Digital ele-
vation model (DEM) with a resolution of 30 m was
extracted from https://gdex.cr.usgs.gov/gdex. Climatic
indices used in the present study included the average
annual temperature and solar radiation whose meteorolog-
ical data were collected on a monthly basis for the study
period from 17 local meteorological stations. The data
regarding road density were collected from Open Street
Map website (http://www.openstreetmap.org). To estimate
the road density, then, the data were analyzed via Arc-
GIS10.3 software. The fossil fuel CO2 emission data set
was obtained from open-data inventory for anthropogenic
carbon dioxide (ODIAC) which has been produced by the
World Environmental Research Center, National Institute
of Environmental Studies and is available from http://db.
cger.nies.go.jp/dataset/ ODIAC/ emission_dataset.html
(Table 2).

2.3. Methods

2.3.1. Calculating the land surface temperature (LST)

The map of the land surface temperature was drawn
based on the Landsat data, using Digital Numbering and
Thermal Bands (Band 6 in TM Landsat, and Band 10 in
OLI/TIRS Landsat). To this end, the spectral radiance
of (SpectralRadiances; LA)Multispectral and thermal Bands
of Landsat images would be calculated in the first phase
via equations (1) and (2). In the second phase, the spectral
radiance would be transformed into Brightness Tempera-
ture through the constants presented in the reference file.
Here, the brightness Temperature is calculated via equation
(3) (Nurwanda and Honjo, 2018):

L — Lmi
Li(Landsat5TM and 7 ETM) = Lmin + <%)
x DN
(1)
LA(Landsat80LI/TIRS) = ML x DN + AL (2)
K2
B = 27315 (3)

In(5) + 1)

where L, and L,,;, are available in the satellite header file
(metadata). ML stands for Band specific multiplicative
rescaling (0.0003342), AL stands for Band specific additive
rescaling (0.1), K1 stands for first thermal constant and K2
stands for second thermal constant (in Landsat TMS5:
K1 =607.76 and K2 =1260.56, and in Landsat 8TIRS,
K1=774.8853 and K2=1321.0789 for bandlo,
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Fig. 1. Geographical Location of the study area in southwestern Iran, Black lines boundary field.

Table 1

Dataset obtained from United States Geological Survey (USGS) for the present study.

No. Sensor Acquisition Year Acquisition Date Acquisition Time(GTM)
1 Landsat 5 TM 1998 1998-06-12 06:41:09
2 1998-06-28 06:41:19
3 1998-07-14 06:41:38
4 1998-07-30 06:41:32
5 1998-08-15 06:41:56
6 1998-08-31 06:41:56
7 1998-09-16 06:42:04
8 Landsat 8OLI/TIRS 2017 2017-06-16 07:02:57
9 2017-07-02 07:03:06
10 2017-07-18 07:03:02
11 2017-08-03 07:03:13
12 2017-08-19 07:03:19
13 2017-09-04 07:03:21

14 2017-09-20 07:03:24
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Table 2
Type of data used in the study.
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Type of data Description

Source

Landsat Imageries Biophysical indeces (NDVI, NDMI,
NDBI, MNDWI) and LST
Terrain Factors (elevation, aspect,
slope)

Climatic indices (Temperature,
Solar radiation)

FFOCE, RD

DEM
Meteorological Data

Scio — economic data

United States Geological Survey (USGS): https://earthexplorer.usgs.gov
https://gdex.cr.usgs.gov/gdex
Iran Meteorological Organization

World Environmental Research Center, National Institute of Environmental

Studies: http://db.cger.nies.go.jp/dataset/ODIAC/ emission_dataset.html, Open
Street Map website: (http://www.openstreetmap.org)

K1 =480.88 and K =1201.14 for band 11) (32). In the
third phase, NDVI was calculated through equation (7)
and, then, Fractional Vegetation cover (FVC) was calcu-
lated via equation (4) (Sobrino et al., 2004):

NDVI — NDVImin °

F = 4
ve (NDVImax - NDVImin) “)
In this study we used equation (5) to obtain emissivity

values (Valor and Caselles, 2005):
e=¢y +e5(1 — FVC)(1 — 1.74FVC) + 1.7374FVC(1 — FVC)
(5

in equation (5),¢ stands is Emissivity eyand egare the emis-
sivity assigned to full vegetation cover (0.985), and bare soil
(0.960) respectively. Finally, the Land surface temperature
was estimated through equation (6) (Sobrino et al., 2016):

LST =T, + C\(T; = T,) + C2 (T; = T,)" + €O

(6)
+(C3+Caw)(1+¢ )+ (C + Cw)Ae

In this equation, LST stands for the land surface tem-
perature based on °C, Ti and Tj are the Landsat 8 bright-
ness temperatures of the two TIR bands (in °C),
respectively; W is the atmospheric water vapor content
(g.cm?); € and A¢ stands are the mean and difference Emis-
sivity which coulds be calculated through 0.5 (g + ¢;) and
(&i — &), respectively. Finally Co to C6 are the coefficients
of the equation, which obtained from the simulated data
(Cop, —0.268£0.014; C,, 1.084 +£0.010; C,, 0.2771
+0.0017; C3, 45.1+£0.7; C4, —0.73 £0.19; Cs, —125.0
+ 1.7; Cq, 16.7 1 0.5) (Sobrino et al., 1996)

2.3.2. Effective factors on LST

Biophysical factors are among the effective factors on
LST which are taken into account in relevant studies.
These factors are extracted through remote sensing and
contain a lot of spectral information. As the most signifi-
cant vegetation index, NDVI is used to indicate the cover-
age or status of vegetation. The values of this index vary
from —1 to +1 (Rouse et al., 1974). In this study, NDMI
was used to show the moisture of the soil surface. The val-
ues of this index vary from —1 to +1, with the higher values
indicating areas with higher moisture levels such as water
areas or areas covered by vegetation, and the negative val-

ues suggesting areas with lower moisture levels like the bare
soil and buildings (Xu, 2005). MNDWTI is made from a
combination of green and mid-infrared bands. The green
band (0.6-0.52 um) is sensitive to differences in water tur-
bidity, sediment, and pollution mass, while the mid-
infrared band represents (1.6-1.7 um) a stark contrast
between soil and water properties with regard to the high
degree of water absorption and the strong ground reflec-
tion; Therefore, the MNDWTI algorithm is ideal for land—
water discrimination (Ghosh et al., 2015). NDBI is used
for identifying urban areas, the values of which are nega-
tive for areas covered by vegetation, and positive for urban
areas (Liu and Zhang, 2011). Table 3 shows different meth-
ods for measuring these indices.

2.3.3. Preparing land-use maps

The present study considered six land-uses including res-
idential area, rangeland, rain-fed farm, irrigated farm,
orchard, and barren area were considered to study the
trend of land-use changes. This study used the supervised
classification method for preparing the land-use map. The
topographies in the satellite imagery were detected by false
color composite methods of FCC432 and FCC543 along
with the contrast stretching. To better identity the surface
features, the intended images were detected via color com-
bination, contrast expansion, and band ratio. Having
detected the images, they were classified via a maximum
likelihood algorithm, using the supervised classification
method. To evaluate the accuracy of the classification,
the land-use maps supplied by the Office of Natural
Resources and Google Earth were used to develop actual
samples randomly taken from the region for each land-
use/land-cover class. They were then implemented on the
image and a classification error matrix was derived. This
algorithm acts more accurately than other classification
methods. In this matrix, statistical specifications are dis-
played for each class including producer’s accuracy, con-
sumer’s accuracy, overall accuracy, and the kappa
coefficient. This is one of the most well-known Kappa esti-
mates made with the use of error matrix elements based on
equation (7).

szélXii - Z,;lXHXﬂ'
N? — Z;ZIXHXH

K= (7)
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Table 3

Calculation of the biophysical indices used in the study.

Surface Biophysical index Equation

Normalized difference vegetation index(NDVI) NDVI = NR-—Red Rouse et al., 1974

Normalized difference moisture index (NDMI)
Modification of Normalized Difference Water Index (MNDWI)
Normalized difference built up index (NDBI)

MBSk
NDMI = §paqig

_ Green—MIR
MNDWI = Green+MIR

_ MIR—NIR
NDBI = MIR+NIR

Xu, 2005
Ghosh et al., 2015
Liu and Zhang, 2011

In this equation, N stands for total pixels of observa-
tions, X, represents the sum of i-th row elements, and
X .; shows the sum of j-th column elements. The values
of the Kappa coefficient vary between 0 and 1, with zero
indicating a random and criteria-free classification while
1 suggesting a completely true classification based on the
collected samples (Peng et al., 2017).

Table 4 shows all factors considered in this study within
6 categories including terrain factors (topography), land-
use, green Space, humidity, climatic, and socio-economic.
As for topographic factors, elevation, slope, and aspect
were taken into account. The Land-use factor was used
for landscape and NDVI was applied on green Space. In
this study, NDMI and MNDWI were the moisture indices,
and the socio-economic factors included road density (RD)
and fossil fuel-based CO2 emissions (FFCOE). As for cli-
matic factors, air temperature and solar radiation were
taken into account. Moreover, 3000 points were randomly
selected to be investigated in the study, and all the required
analyses were carried out via SPSS24, ArcGIS 10.3, and
Sigma plot 14.

2.3.4. Statistical methods used for the analysis of the findings

In this study, LST and 12 effective factors were deter-
mined for all selected points. First, the correlation between
all variables was discovered, using Pearson correlation at a
significance level of 5%. Then, LST was selected as the
dependent variable and its relationship with all the 12 fac-
tors was identified via OLS regression to evaluate the effect
of each of these factors separately.

In the second phase of the study, an optimal regression
model was to be devised. Most of the studies carried out in
this regard use stepwise regression to devise a regression

Table 4
Factors involved in Land Surface temperature in this study.
Categories of variables variables
Terrain factor Elevation
Slope
Aspect
Green space NDVI
Water space NDMI
MNDWI
Impervious space NDBI
Landscape Land use/Landcover
Socio-economy FFCOE
RD

Climate Air temperature

Solar radiation

model. However, as this type of regression introduces all
effective factors separately in terms of their degree of
importance, it cannot present all possible combinations
(Krall et al., 1975). To resolve this problem, the current
study used Best Subset regression which is a reliable model
and considers the mixed effects of all possible factors and
offers more information regarding their properties
(Anthony and Kuk, 1984). SigmaPlot 14 software was used
to devise this regression model and all possible models. The
optimal regression model was then selected based on the R?
index and Akaike information criterion (AIC).

Finally, hierarchical partitioning (HP) analysis was used
to determine the independent influence of each effective fac-
tor in the optimal model. As this analysis determines the
relative importance of each factor by overcoming the
multi-linear process that is common in environmental vari-
ables, it could be considered as a suitable method in multi-
dimensional environmental studies (Mac, 2000).

3. Results

3.1. Temporal and spatial distribution of land surface
temperature

Fig. 2 shows the spatial distribution of LST in the Sep-
idan region in 1998 and 2017. While in 1998 LST varied
from 11.28 °C to 48.52 °C with its average being 36.27 °
C, in 2017 its numerical range varied from 17.60 °C to
51.58 °C with an average of 37.68 °C. In terms of spatial
distribution within the time period studied, the highest
value of LST was observed in the southern and southeast-
ern parts, while the lowest value was observed in the north-
ern, northwestern, small parts of the center and southeast.
Thermal zoning was created for both periods through the
natural break method and 6 temperature zones were
obtained accordingly. In this regard, the LST of all the 6
zones mentioned was lower in 1998 than those found in
2017. The largest number of pixels in both periods was
observed in LST 35 to 42 °C. On the other hand, the lowest
number of pixels was found in the initial and final range.

3.2. Driving factors on LST

3.2.1. land-use

The results showed that the accuracy for both study
periods was more than 95%, and the highest accuracy level
was found in 2017 with 99.9% (Table 5). The kappa coeffi-
cient was also more than 85% for both periods, with its
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Fig. 2. LST zone maps in July 1998 (a) and July 2017 (b).

highest value found in 2017 at 96.4%, proving high accu-
racy of the classification which is, thus, consistent with
the results found by Nurwanda and Honjo (2018).

Fig. 3a,b, shows the classification map of land-use for
the 1998-2017 study period. The details of the total area
and the proportion of each use are shown in Fig. 3c. The
results generally indicate some changes in the area of differ-
ent types of land-use in 2017 compared with those found in
1998, with farmlands, gardens, residential areas, and bare
soil-filled areas experiencing approximately -%21, +%
14.42, + %1.54, and +%1.89 changes respectively in 2017
in comparison with 1998.

The lowest LST values in 1998 and 2017 were 30 and 36,
respectively, which was different from the temperature val-
ues in the whole study area and was observed in garden
use, whereas the highest LST values in 1998 and 2017 were
found, respectively, in bare soil and residential lands
(Fig. 3d).

Fig. 4 shows the percentage of land-use in different LST
classes within the study period. In 1998, the highest per-
centage of vegetation which belonged to the Irritated farm
and garden was observed in class 1, whereas in 2017 vege-
tation of irrigated farm and garden decreased and that of
the residential areas increased. Compared with 1998, the
percentage of LST classes in residential areas increased in
2017.

3.2.2. Topographic factors
The effect of elevation on LST is shown in Fig. 5. The
effect of elevation on LST was similar to its effect on air

Table 5
Assessing the overall accuracy and kappa coefficient of different types of
land use.

Overall accuracy(%) kappa coefficient Year
98.3 0.8881 1998
99.9 0.964 2017

temperature. Elevation had a significant correlation with
LST at the 0.01 and 0.05 level. An negative correlation
was found between these two factors in the study area.
Moreover, the coefficient of determination (R?) was higher
in 2017 than in 1998. In 1998 and 2017, R* levels were
determined as 0.54 and 0.15, respectively. Furthermore,
RSME was calculated as 3.55 for these two periods.
Finally, the regression analysis of these two factors indi-
cated that LST decreased with the increase of elevation.

Slope and aspect are two effective factors on LST in
sunny and shaded hills. The lapse rate of land surface tem-
perature was investigated in 9 different aspects. The laps
rate value was higher in 2017 than in 1998. According to
Fig. 6a, the lapse rate was more than 16 °C in different
aspects throughout the study period. The maximum value
of the lapse rate was observed in the flat and southeast
aspects and its minimum value was found in the western
aspect.

The slope factor controls the level of incoming radiation
through the angle between the earth’s slope and solar radi-
ation. That is why the incoming solar radiation on the sur-
face of the earth is sensitive to the slope and influences the
surface temperature. In this study, therefore, the slope was
classified into 10" classes where laps rate was investigated
(Fig. 6b). According to the results of this part, the highest
value of lapse rate for the 1998-2017 period was observed
in slopes less than 10°, and its lowest value was found in
slopes with more than 50°. Generally, the results indicated
a decreasing trend of the LST’s lapse rate with an increase
in slope.

3.2.3. Biophysical index

Fig. 7a,b shows the distribution of NDVI for 1998 and
2017. While the NDVI values varied from —0.35 to 0.76 for
the 1998 period, they ranged between —0.36 to 0.82 in
2017. The increase in NDVI in 2017 could be attributed
to the increase in vegetation in the agricultural sector. With
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an increase in surface vegetation, a decreasing trend was
observed in LST, indicating the direct effect of vegetation
on controlling the evaporation, thermal properties, and
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surface radiation balance. The R? value between NDVI
and LST was greater in 2017 (0.41) than in 1998 (Table 6).
LST changes ranged from 10 to 40 °C in 1998, but in 2017
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Fig. 4. The distribution of different land uses in various LST zones.
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Table 6
Ordinary least-squares (OLS) results for biophisycal, climate and socio-
economy factors affecting land surface temperature (LST).

Variable 1998 2017

R? R?
NDVI 0.95%*(—) 0.41*%(—)
NDMI 0.66%*(—) 0.42%*(—)
NDBI 0.403**(+) 0.704**(+)
MNDWI 0.425%*(—) 0.729%*(—)
Tair 0.15%(+) 0.536%*(+)
Solar radiation 0.104*(+) 0.065(+)
FFOCE 0.134*(+) 0.128*(+)
RD 0.12%(+) 0.132*%(+)

** and * represent the significance at 0.01, and 0.05 levels, respectively.
(+) and (—) in parentheses indicate that the correlation between the
explanatory variable and LST is positive, or negative, respectively.

it ranged from 20 to 54 °C. Fig. 8a shows the NDVI values
from 1998 to 2017 in different LST classes. As the number
of gardens increased in 2017, the amount of NDVI value
generally increased, compared with 1998, in 2017 in all
classes except Class 1. The highest and lowest amount of
NDVI values for both two periods were seen in zones 1
and 6, respectively.

Fig. 7c and d shows the pattern of NDMI changes for
1998 and 2017. In the study areca, NDMI values were
within the range of —0.33 to 0.58 for the 1998 period,
but they were decreased to —0.45 to 0.68 in 2017. More-
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over, LST decreased in both periods with an increase of
NDMI. Compared with 1998, LST increased in 2017, rising
from 37 to 53 °C in less humid areas, from 33 to 38 °C in
semi-humid areas, and from 13 to 22 °C in humid areas.
In 2017, the correlation between NDMI and LST was
found to be weaker. Furthermore, the R? value 0.42, while
it was 0.66 in 1998 (Table 6). Fig. 8b shows the NDMI val-
ues from 1998 and 2017 in different LST classes. Generally,
NDMI decreased in 2017 in all LST classes compared with
its values in 1998. The highest value of NDMI was found in
class 1 and its lowest value was observed in classes 5 and 6.

Fig. 7e, f shows the spatial distribution of MNDWI for
1998-2017. In the study area, MNDWI values were within
the range of —0.44 to 0.72 for the 1998 period with an aver-
age of —0.29, but they were decreased to —0.62 to 0.74 in
2017 with the average value of —0.32. Moreover, LST
decreased in the 1998-2017 period with an increase of
MNDWI. Compared with 1998, LST increased in 2017,
with its highest values (>50) found between —0.4 to —0.8
in MNDWI areas. In 2017, the correlation between
MNDWTI and LST was found to be stronger. Furthermore,
the R? value was 0.73 in 2017, while it was 0.42 in 1998
(Table 6). Fig. 8¢ shows the MNDWTI values from 1998
to 2017 in different LST classes. Generally, MNDWI
decreased in 2017 in all LST classes compared with its val-
ues in 1998. The highest value of MNDWI was found in
zone 1 and its lowest value was observed in zones 5 and 6.
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Fig. 8. Variability in the surface biophysical indices at different LST zone (a, b, ¢ and d).
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Fig. 7g, h shows the spatial distribution of NDBI. For
1998, the maximum and minimum values of NDBI were
—0.58 and —0.33, respectively, while its highest and lowest
values were 0.45 and —0.68 in 2017, respectively. In both
1998 and 2017, NDBI increased with an increase in LST.
With LST found to be low when NDBI was low, and it
was high when the NDBI was high, so positive correlation
between LST and NDBI indicating that the growth of res-
idential areas leads to increases in LST. The correlation
between NDBI and LST was found to be stronger in
2017. R? was 0.7 in this year, while it was 0.42 in 1998
(Table 6). Fig. 8d shows the NDBI values for 1998 and
2017 in different LST classes. Generally, NDBI increased
in 2017 in all LST classes compared with its values in
1998. The highest value of NDBI was found in class 6
and its lowest value was observed in classes 1 and 2.

3.2.4. Socio-economic factors

Fig. 9a and b shows the temporal and spatial distribu-
tion of FFCOE and its relevant linear regression analysis.
Temporally, the total amount of FFCOE was found to
have increased from 256 in 1998 to 855 in 2017. Spatially,

Fossil fuel CO2 emission
= 226.73

Road Density
w 8529.42
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CO2 has been emitted from the southeast to the southwest,
with the NDBI pattern being the same in both years. More-
over, LST and FFCOE were found to have a significant
positive correlation, with LST increased in both periods
with an increase in FFCOE. Though the coefficient of
determination was not high in 1998 and 2017, the results
were statistically significant (P0.001).

Fig. 9c, d shows the road density distribution pattern
and its relationship with LST. Road density has increased
from 8529 km in 1998 to 15590 km in 2017. Compared with
1998, road density increased in 2017 in the western and
eastern parts of the region. In both periods, LST increased
with an increase in road density, with the correlation of
these two factors being higher in 2017 than in 1998. Here,
the amount of the coefficient of determination was not
high, but the results were statistically significant.

3.2.5. Climate factors

3.2.5.1. Solar radiation. Solar radiation is known as a key
effective factor on the temporal and spatial changes of LST
at a regional scale. In this study, the elevation range of the
region was determined with 100 m distances, and a linear

(b)

Fossil fuel CO2 emission
=] 858.47

Road Density
w 15590.5

Fig. 9. Maps of ffoce changes (a, b) amd road density for study area.
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regression was performed between solar radiation and
LST. Fig. 10 shows the results of regression analysis includ-
ing RMSE, R?, and the extent of solar radiation changes in
each elevation range for 1998 and 2017. Comparing the
values found for 1998 and 2017, it could be concluded that
the relationship between solar radiation and LST is better
in 1998 than in 2017. In 1998 and 2017, the average value
of R? was found as 0.3 and 0.23, respectively. On the other
hand, the regression indicated that RMSE was generally
lower in 1998 than in 2017.

Temporal changes of solar radiation at different eleva-
tions indicated a decreasing trend with an increase in eleva-
tion for 1998 and 2017 (Fig. 10b), being severe at the first
four elevation ranges, remaining constant in the middle ele-
vation range, and slowly decreased in the last 7 elevation
ranges. Taking the changes in solar radiation with eleva-
tion, it could be argued that the sensitivity of LST changes
to solar radiation is higher in low elevations than the high
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ones. The trend of changes in solar radiation with elevation
indicates the negligible effect of this factor on LST in the
study region. Considering the constant to a low-
decreasing trend of changes in most of the elevation classes,
it could be said that climate changes along with thermal
properties of the surface and vegetation are more effective
on LST than solar radiation.

3.2.5.2. Air temperature. In 1998 and 2017, LST increased
with the rise of air temperature (Table 6). In 2017, there
was a stronger correlation between LST and air tempera-
ture at about 0.53, while in 1998 the correlation was found
to be 0.15. In high and mountainous regions, the strong
relationship between temperature and LST makes measur-
ing these two factors a complicated process. In the study
area, the R? of the areas with less than 2700 m altitude
was more than 0.9 in 2017, but it was less than 0.9 in areas
with over 2900 m altitude in the same year (Fig. 11a). In
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Fig. 10. OLS results between the solar radiation and the LST at different elevation ranges. (a) R?> and RMSE of study area (b).
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1998, the R? of the areas with less than 2700 m altitude was
over 0.7, but it was less than 0.7 in areas with over 2900 m
altitude in the same year (Fig. 11b). Furthermore, RSME
showed a decreasing trend with the rise in elevation during
the study period, and its value was found to be lower in
2017 than in 1998.

3.3. Determining the optimal regression model

In this study, all effective factors on LST at a signifi-
cance level of 5% were selected for the study period and

entered into the best-subset regression. As there were 10
important factors throughout the study period, 10 regres-
sion models were created for each period. Fig. 12 shows
the results of the subset regression model. Considering
the fact that a lower AIC means that a model with fewer
variables could show more LST changes thus the lowest
amount of AIC was selected as the optimal model. For
1998, five factors including air temperature, MNDWI,
NDVI, aspect, and solar radiation with R*=0.512 were
taken into account, and AIC = 0.76 was selected as the
optimal model. For 2017, elevation, NDVI, MNDWI,

Rsqr 1998 AIC
0.159 90.3
0.271 97.43
0.364 943
0.418 90.063
0.514 76.4
0.566 83.6
0.64 88.3
0.731 9.56
0.792 * 103
Intercept land-use Solar radiation T.r ~ MNDWI NDBI ~ NDVI NDMI  Aspect RD FFCOE
Rsqr 2017 AIC
0.159 96.03
0.271 94.851
0.364 94.395
0.418 90.063
0.484 * 82.58
0.566 106.625
(. - ' 98.879
0.731 E B 97.575
0.792 * : * ________ # E 104
Intercept land-use MNDWI NDBI NDVI NDMI Elevation Slope  Aspect RD  FFCOE

Fig. 12. The results of best- subset regression in the 1998-2017 period.
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Fig. 13. Determining the relative importance of effective factors on LST via HP Analysis.

aspect, and slope with R* =486 and AIC = 82.58 were
entered into the optimal model.

3.4. Determining the relative importance of effective factors
on LST

To determine the relative importance of effective factors
on LST, Hierarchical Partitioning analysis was used.
According to the results of this analysis shown in Fig. 13,
the air temperature was the most effective factor on LST
with 34.27%, while Aspect, MNDWI, NDVI, and solar
radiation were 24.12, 20.02, 11.71, and 9.89 percent
effective, respectively. In 2017, elevation was the most effec-
tive factor in LST changes with 72.82% influence. In this
period, Aspect, MNDWI, NDVI, and slope were found
to be 6.8, 12.24, 3, and 3.11 percent effective on LST
changes.

4. Discussion

In different landscapes, the absorption and emission of
heat vary according to different types of land cover. Any
change in the landscape, therefore, significantly affect the
LST changes. The results of this study showed that the
Kappa coefficient was higher than 0.85 for all the images
recorded within the study period, proving high accuracy
of the classification which is, thus, consistent with the
results found by Nurwanda and Honjo (2018).

Moreover, the maximum and minimum values of LST
were observed in gardens, barren soil, and residential areas,
respectively. As the surface temperature is very sensitive to
vegetation and soil moisture, higher-density land uses have
lower temperatures (Rhee et al., 2014). Vegetation can
reduce the amount of heat stored in the soil and surface
structures  through  transpiration (Babalola  and
Akinsanola, 2016). Furthermore, the temperature is higher

in residential areas and lands with bare soil than in other
types of land use. In residential areas, soil, asphalt, and
cement heat up and absorb the heat more quickly than
other surfaces do. Their impermeability and relatively
low thermal inertia also make their temperature to be
higher than other kinds of surfaces (Feizizadeh et al.,
2013). In barren and shallow soil LST increases due to
sparse vegetation, low surface water infiltration, and
human intervention (Kayet et al., 2016; Tian et al., 2017).

The results of this study suggested a negative correlation
between elevation and LST. The reason behind the
decrease of LST with the increase in elevation could be
attributed to temperature, as the temperature decreases
with an increase in elevation (Peng et al., 2020). The tem-
perature decreases in the troposphere with increasing eleva-
tion, as the further we move away from the atmosphere of
the earth, the less heated the air would be through the heat
reflected from the earth’s surface. On the other hand, the
density of air and its ability to directly absorb the solar
thermal energy decrease with an increase in elevation, mak-
ing the temperature lower as a result (Zhao et al., 2016). In
a similar study, Zhang et al. (2018) found an negative cor-
relation between LST and elevation in the Chinese Ebinur
lake basin.

Generally, the results of the current study indicated a
decreasing trend of the LST’s lapse rate with increasing
slope. As precipitation is mostly lost as runoff on steep
slopes, there is less infiltrated water and moisture in the
soil, making the range of highest and lowest LST values
increase which would, in turn, leads to the reduction of sur-
face temperature lapse rate. On the other hand, soil erosion
may limit the growth and expansion of vegetation on steep
slopes, getting the LST increase subsequently. The results
of this study are consistent with those found by He et al.
(2019) and Tomaszewskaa and Henebryb (2020) in terms
of the decrease in lapse rate with increasing slope.



F. Taripanah, A. Ranjbar

Results show that the effect of different aspects on LST
could be a unique feature for different places in different
years. Changes in aspect may result from the differences
in solar radiation on the surface. Sunny sided slopes receive
more radiation, helping them get warm more quickly than
the opposite slopes. In general, the lapse rate is higher on
sunny slopes than the shaded ones. Higher values of the
surface temperature lapse rate in sunny slopes compared
with those of the shaded ones could be justified by taking
this fact into consideration that aspect could create unfa-
vorable environmental conditions for the plant growth,
as the southern slopes have a higher temperature and evap-
oration rates because of being more exposed to the sunlight
(Fang et al., 2004). Moreover, because of their higher expo-
sure to sunlight and greater evaporation rates, such slopes
provide less moisture and nutrients for the plants to grow
(Liu et al., 2019a,b).

Biophysical parameters, which are derived from differ-
ent bands of satellite imagery, are extensively used in the
LST research. In the present work, LST showed different
responses to biophysical parameters so that an negative
correlation was found between NDVI and LST. Further-
more, in zone 1, NDVI was higher due to the increase in
irrigated agriculture and the decrease of residential areas
in comparison with the year 2017. The lowest amount of
NDVI values for both two periods were seen in zone 6.
Compared to other LST zones, residential areas, bare soil,
and rain-fed lands increased in 1998 in zone 6, while in
2017 residential areas and poor pastures increased and gar-
den land decreased in this zone, resulting in its lower NDVI
and less vegetation than other zones. In addition to con-
trolling the surface temperature through balancing the
energy, vegetation affects bare soil and observable land
cover. On the other hand, radiative temperature between
soil and canopy significantly affects LST (Sandholt et al.,
2002; He et al., 2019). Moreover, vegetation influences
the thermal properties of the surface. Similarly, in their
study to investigate the relationship between NDVI and
LST in Chhattisgarh state in India, Guha and Govill
(2020) found an negative correlation between the two
indices. Also, Das and Angadi (2020) asserted the signifi-
cance of vegetation for LST, showing a negative trend in
the correlation between NDVI and LST.

In the current study, NDMI was found to have
decreased in 2017 compared with 1998. Moreover, the
LST value was low in areas with a higher level of moisture,
proving the negative correlation between LST and NDMI.
Soil surface moisture depends on the amount of incoming
rainfall and outgoing current, vegetation conditions, and
soil development. As a considerable amount of water could
be stored in vegetation, the plant’s body, and the soil, veg-
etation extent and conditions are regarded as significantly
effective factors on LST. Therefore, with the loss of soil
and vegetation, the ability to maintain surface moisture
decreases, making the LST increases as a result (Brom
et al., 2012). In a similar study, Lu et al. (2009) reported
that the decrease in humidity led to slow transpiration
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and consequently an increase in LST, which could be the
reason for the negative correlation between NDMI and
LST. Zheng et al. (2019) also showed an negative correla-
tion between LST and NDMI.

The results of the correlation between surface tempera-
ture and NDBI suggest a positive correlation between these
two variables, indicating that the growth of residential
areas leads to increases in LST. The results of the current
study are consistent with those found by Guo et al
(2015) and Chen and Zhang (2017) who showed a positive
correlation between LST and NDBI in their studies. The
high temperature in urban environments could be attribu-
ted to the presence of hard and impermeable surfaces
including concrete surfaces, streets, and bricks that are
widely used in such areas (Yuan and Bauer, 2007).

In this study, it was found that MNDWI which repre-
sents water areas such as rivers and lakes had decreased
in 2017 compared with its rate in 1998. Moreover, the low-
est value of MNDWI was observed in zone 6 where the
LST value was at its highest rate, which could be attributed
to the reduction of water levels in rives, as Khan et al.
(2019) reported that water bodies have declined in most
parts of the world. The results of our study indicated an
negative correlation between LST and MNDWI. As water
bodies have a cooling effect on their surroundings, their
protection plays a very significant role in adjusting LST;
a fact that has been confirmed by a vast majority of rele-
vant studies (Ferreira and Duarte, 2019; Liu et al., 2019a,
b; Gogoi et al., 2019; Muro et al., 2018). It could, therefore,
be argued that the authorities need to pay more attention
to the protection and support of wetlands, lakes, rivers,
and other bodies of water (Tan et al., 2020).

GDP is considered as one of the effective factors on
socio-economic activities (Ranagalage et al., 2017) which
in turn affect the LST in terms of population density,
energy demands, and air pollution (Min et al., 2018). Fossil
fuel could be regarded as an influential factor in the indus-
try, transportation, electricity generation, and domestic
sectors. With increasing GDP, the demand for fossil fuel
would be greater in the industry. Increasing CO2 emissions
as a result of fossil fuel combustion causes adverse environ-
mental consequences including the rise in temperature
(Aderogba, 2011; Agarana et al., 2017). In this study,
LST was found to have a positive correlation with FFCOE,
indicating the effect of CO2 on LST in the Sepidan region.
Moreover, from the spatial point of view, the CO2 emis-
sion pattern from the southeast to the southwest was sim-
ilar to the NDBI pattern. It could, therefore, be argued that
the expansion of urban areas via human activities plays an
important role in increasing CO2 emission.

Compared to its rate in 1998, road density increased, on
the other hand, in 2017 in the Sepidan region. Roads have
various ecological effects on plants and their surroundings.
In this study, road density increased with increasing LST,
proving a positive correlation between these two factors.
As the impermeable surfaces such as asphalts increase with
the rising number of roads, much rainwater is lost as runoff
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and the LST increases consequently (Ragab et al., 2003).
On the other hand, regional vegetation is destroyed for
the roads to be constructed, and the LST increases with
the loss of vegetation (Karim and Mallik, 2008). Moreover,
the amount of CO2 emitted from car fossil fuels increases
with the rise of road density which in turn considerably
affects the LST (Johnston and Johnston, 2004).

In the study area, LST was found to have increased with
the rise of air temperature during the 1998-2017 period,
indicating a positive correlation between these two factors.
The surface of the earth mainly heats up via thermal radi-
ation transmitted from solar insolation (Vancutsem et al.,
2010; Benali et al., 2012). With increasing temperature,
dry climate, pure solar radiation and evaporation increase,
and the degree of cloudiness, soil moisture, atmospheric
humidity, and evapotranspiration decrease, making the
LST value increase altogether, especially in areas with bare
soil ((Donat et al., 2014; El Kenawy et al., 2016). More-
over, the results of this study indicated that with the rising
elevation in both two study periods, the RSME between air
temperature and LST was of a decreasing trend which is
consistent with the results found by Mutiibwa et al.
(2015) in terms of the effect of elevation on LST and the
decreasing trend of RSME with elevation. The solar radia-
tion is affected by cloudy weather so that in places with less
cloudiness, the amount of radiation is more, and therefore
the air temperature increases and then LST increases (Zhou
et al., 2018).

5. Conclusion

The properties of different surfaces such as water, soil,
vegetation, urban covers, etc. affect the changes of atmo-
spheric elements adjacent to the surface, being able to cre-
ate different thermal patterns at different levels. Rising
surface temperatures cause chemical processes that acceler-
ate the formation of ozone molecules and pose a serious
threat to human health. Therefore, temporal and spatial
changes in LST and the factors affecting it (12 factors) in
the Sepidan region during the 1998-2017 period were inves-
tigated in the current study. The correlation between LST
changes and various topographic, echo-hydrological, and
socio-economic factors was examined, using OLS regres-
sion, Best-Subset, and hierarchical clustering analysis.
The results suggested that LST was significantly affected
in a complex way by terrestrial factors. The results of linear
regression showed that there was a relationship between
topographic factors, vegetation, soil moisture, waterbody,
air temperature, solar radiation, and socio-economic fac-
tors (road density and fossil fuel), based on which 9 models
were created according to 10 factors (out of the those men-
tioned) with the greatest effects in each period.

For 1998, air temperature and vegetation were identified
as the most effective factors on LST, while in 2017 it was
the elevation which was found to have the greatest role
in LST changes, being 72.82% effective in this regard alone.
Considering the above-mentioned facts and the mountain-
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ous nature of the region, it could be argued that mostly
topographic and climatic factors determine LST changes
and that other factors such as water body, socio-
economic variables, and land use are less effective in that
regard. As in this study, the lowest and highest LST values
were found in gardens and residential areas, respectively, it
is suggested that deforestation and the conversion of pos-
tures into agricultural lands be prevented via appropriate
management methods and that artificial forests be created
through tree plantation projects. Although this study inves-
tigated the effect of 12 different factors on LST, such fac-
tors as wind speed, cloud cover, population density, and
other possible factors were not taken into account; it is,
therefore, recommended that future studies on this topic
consider more factors so that the results get improved.
Considering the significance of LST for mountainous
regions, the findings of this study could be helpful in most
of the areas regarding urban affairs, transportation, tour-
ism, and water resources as well as watershed management.
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