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Abstract: Land surface temperature (LST) estimation is a crucial topic for many applica-
tions related to climate, land cover, and hydrology. In this research, LST esti-
mation and monitoring of the main part of Al-Anbar Governorate in Iraq is pre-
sented using Landsat imagery from five years (2005, 2010, 2015, 2016 and 2020). 
Images of the years 2005 and 2010 were captured by Landsat 5 (TM) and the 
others were captured by Landsat 8 (OLI/TIRS). The Single Channel Algorithm 
was applied to retrieve the LST from Landsat 5 and Landsat 8 images. More-
over, the land use/land cover (LULC) maps were developed for the five years 
using the maximum likelihood classifier. The difference in the LST and normal-
ized difference vegetation index (NDVI) values over this period was observed 
due to the changes in LULC. Finally, a regression analysis was conducted to 
model the relationship between the LST and NDVI. The results showed that the 
highest LST of the study area was recorded in 2016 (min = 21.1°C, max = 53.2°C 
and mean = 40.8°C). This was attributed to the fact that many people were dis-
placed and had left their agricultural fields. Therefore, thousands of hectares of 
land which had previously been green land became desertified. This conclusion 
was supported by comparing the agricultural land areas registered throughout 
the presented years. The polynomial regression analysis of LST and NDVI re-
vealed a better coefficient of determination (R2) than the linear regression anal-
ysis with an average R2 of 0.423.
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1. Introduction

Thermal remote sensing primarily records the emitted radiation from the 
ground to extract the surface temperature. Land surface temperature (LST) is the es-
timated temperature of the ground cover, such as soil surface temperature for bare 
soil, and canopy surface temperature for vegetated areas. LST plays an important 
role in many studies, such as hydrological projects, climate change, land use/land 
cover (LULC), and soil moisture [1, 2]. Landsat satellites provide the data for LST 
retrieval through the Thematic Mapper (TM) onboard Landsat 5, Enhanced Themat-
ic Mapper Plus (ETM+) onboard Landsat 7 or Operational Land Imager/Thermal 
Infrared Sensor (OLI/TIRS) onboard Landsat 8 [3].

Several algorithms have been proposed to estimate LST from satellite images, 
such as mono window algorithm (MW), single channel algorithm (SC), radiative 
transfer equation (RTE) and split window algorithm (SW) [2–4]. The MW was origi-
nally developed by [5]. This method requires three special parameters, namely land 
surface emissivity (LSE), atmospheric transmittance, and the effective mean atmos-
pheric temperature. The method was improved by [6] tZo be appropriate for Land-
sat 8. The SC was first presented by [7] and then improved by [8] to estimate LST 
from Landsat thermal infrared data. The RTE was initially proposed by [9], who esti-
mated sea surface temperature depending on the difference in atmospheric absorp-
tion of two adjacent Long Wavelength InfraRed bands. Price [10] implemented SW 
for LST extraction from Advanced Very High Resolution Radiometer (AVHRR) 
sensor data. Thereafter, researchers have applied and improved the SW for several 
purposes [1].

The main differences between these methods are in the mathematical model 
employed and the input parameters [3]. Although the MW and SC are sensitive to 
the error of atmospheric water vapor content, the MW is very sensitive to the error 
of the effective mean atmospheric temperature [4]. This is due to the fact that it 
needs near-surface air temperature, unlike other algorithms, to calculate the effec-
tive mean atmospheric temperature [3]. The SC and RTE are found to be consistent 
if spatial-temporal changes are considered, meaning that they present close results 
regardless of the season [3]. The SW is only applicable on Landsat 8 as it requires 
two TIR bands. Therefore, the SC is considered in this research.

The importance of LST for environmental studies has been highlighted by sev-
eral authors. Kumar Thakur and Gosavi [1] studied the downstream part of the 
Sainj River of the Indian Himalayan Region, wherein changes in LST of the area 
over sixteen years were observed. The LST was extracted using the SC from Land-
sat 7 (ETM+) for October 2001, and using the SW from Landsat 8 (OLI/TIRS) for 
October 2016. Sekertekin and Bonafoni [3] performed a comprehensive analysis of 
the three LST retrieval algorithms (RTE, SC and MW) using Landsat 5, 7 and 8 im-
agery data, and additionally, the SWA was assessed for Landsat 8 imagery data. 
Morsy and Hadi [11] studied the change of LST from Landsat 8 over different LULC 
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and their relationship with spectral indices. The SC has been widely applied to es-
timate LST from Landsat imagery because of its simplicity and because it only re-
quires one thermal band [12]. It can also be applied to different thermal sensors with 
similar equations but with different coefficients [7, 13].

The impact of LULC on the LST has been studied using multi-spectral/
multi-temporal satellite images [14–17]. For instance, Pal and Ziaul [14] used Land-
sat 5 and Landsat 8 images of 1991, 2010 and 2014 to estimate the LST of the En-
glish Bazar Municipality in India. The results showed that the LST increased by 
about 0.070°C/year during winter and 0.114°C/year during summer. The relation 
between LST against Normalized Difference Vegetation Index (NDVI) and Normal-
ized Difference Built-up Index was modelled using linear regression. In another 
piece of research by [15], the relationship between LST and main LULC types (vege-
tation, man-made features, cropland) of an inner-city area of Hanoi in Vietnam was 
studied. The analysis of Landsat images of years 2003, 2007 and 2015 showed a non-
linear relationship between LULC and LST. Therefore, the relationship between LST 
and spectral indices might be linear or non-linear.

Hidalgo-García and Arco-Díaz [16] studied the metropolitan area of the city of 
Granada in Spain using Landsat images from 1985 to 2020. An average increase 
of LST by 2.2°C was reported as a result of increases in built-up and bare soil cov-
erage as well as a decrease in water bodies, vegetation, and farmland coverage. 
Ahmed [17] used ASTER with Landsat images from 1988 to 2014 to estimate LST of 
Suez Governorate in Egypt. Over 26 years, LULC changes had a significant impact 
on increasing LST of different covers. The LST was increased by 4.5°C, 2°C and 7.5°C 
for urban, vegetated areas and reclaimed areas, respectively.

Al-Ruzouq et al. [18] estimated the LST over coastal cities in the United Arab 
Emirates using Landsat and MODIS images from 2000 to 2020. The LST was esti-
mated for daytime and nighttime during the summer and winter seasons. Unlike 
other studies, the daytime LST did not increase significantly during either summer 
or winter seasons. On the other hand, the nighttime LST has increased by about 17% 
since 2000. This could be attributed to the fact that the bare land desert was replaced 
by vegetation, high-rise buildings, and industrial activities as reported in [18]. This 
study proved that the relation between LULC and LST relies on the season and day-
time of the study. Similarly, Majumder et al. [19] analyzed Landsat images of three 
cities in Punjab, India during winter and summer for 1991, 2001, 2011, and 2018, 
while Amindin et al. [20] reported a 2.5°C average increase of LST over 21 years in 
different seasons in Ahvaz, Iran.

As a result, LST monitoring using multi-spectral/multi-temporal satellite im-
ages is subject to the study area (i.e., LULC type, geographic location and season 
of data acquired). Therefore, the purpose of this study is to retrieve and monitor 
the LST of the main part of Al-Anbar Governorate in Iraq from Landsat imagery 
of five years (2005, 2010, 2015, 2016 and 2020) using the SC. In addition, the rela-
tion of the LST against the NDVI values and different LULC over the five years are 



64 S. Morsy, S. Ahmed

presented. The rest of this paper is structured as following. Section 2 describes the 
study area and datasets. The LST retrieval procedures and images classification are 
explained in Section 3. The results and discussion are illustrated in Section 4. Sec-
tion 5 presents the conclusions of this research.

2. Study Area and Datasets

The study area is located in Al-Anbar Governorate, the western part of Iraq, as 
shown in Figure 1.

Fig. 1. The study area: Iraq map (a)  
and a subset of a Landsat image covering the study area (b)

a) b)

Al-Anbar is the largest Governorate in Iraq with an area of about 138,501 km2. 
It lies between longitude of 38°47’E to 44°17’E and between latitude of 30°24’N 
to 35°11’N. It shares borders with Syria, Jordan, and Saudi Arabia. The average el-
evation of this area is about 45 m above mean sea level. The area of study region is 
about 7,175 km2 with dimensions of 90.81 km × 79.02 km. The study region consists 
of urban and agricultural areas. The urban areas are distributed between residen-
tial and commercial uses and extend along the main road linking Baghdad and the 
Al-Anbar Governorate. The region is bordered by the Euphrates River, and there is 
a network of secondary roads linking its parts to each other. Its climate is charac-
terized by hot and dry summers, cold and rainy winters, and summer temperatures 
sometimes reach 50°C. In this region, the urban areas expanded illegally and many 
agricultural areas were also destroyed as a result of military operations during the 
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2016 war. These developments led to changes in the climate of this region and its 
natural environment.

The satellite images of study area were downloaded from the USGS website 
https://earthexplorer.usgs.gov/. Several images were visually investigated in the ear-
ly stage of this study from 1990 to 2020. Five cloud free images were selected at years 
of 2005, 2010, 2015, 2016 and 2020 to represent the change in the last twenty years 
as shown in Table 1. The images were downloaded directly from the USGS with 
UTM_WGS84_Zone38N and 30 m resolution. All of the images were acquired in the 
early morning about 7:30 am under a clear sky. The images were of the level terrain 
precision correction type (L1TP). Thus, they were already radiometrically calibrated 
and orthorectified using ground control points and digital elevation model data to 
correct for relief displacement (https://www.usgs.gov/landsat-missions/landsat-col-
lection-1). The images were then atmospherically corrected using the dark-object 
subtraction function embedded in ENVI 5.3 software package. After that, the layer 
stacking tool was used to combine the single-band images into multi-band images. 
Finally, the images were clipped to cover the study area. Figure 2 shows the false 
color composite of Landsat images of the five years used in this research.

Table 1. The selected images (30 m resolution) for the study area

Satellite / sensor Path / row No. of bands Acquisition date Passage time  
[hr: min: sec]

Landsat 5 / TM 169/37 7 6-APR-2005 07: 26: 54.3120940

Landsat 5 / TM 169/37 7 20-APR-2010 07: 30: 40.3340940

Landsat 8/ OLI/TIRS 169/37 11 18-APR-2015 07: 39: 11.0493140

Landsat 8/ OLI/TIRS 169/37 11 20-APR-2016 07: 39: 20.9950870

Landsat 8/ OLI/TIRS 169/37 11 15-APR-2020 07: 39: 24.1696039

Landsat 5 TM sensor has six reflective bands (visible, near-infrared, and 
short-wavelength infrared) with a spatial resolution of 30 m, and one band in the 
thermal region (band 6). The thermal band has a spatial resolution of 120 m, but it 
can be downloaded directly with a spatial resolution of 30 m from the USGS. The 
Landsat 8 OLI sensor has nine reflective bands and two bands in the TIRS region 
(band 10 and band 11). The reflective bands have a spatial resolution of 30 m, while 
thermal bands have a 100 m native spatial resolution but they are resampled and 
published with 30 m by the USGS.

https://earthexplorer.usgs.gov/
https://www.usgs.gov/landsat-missions/landsat-collection-1
https://www.usgs.gov/landsat-missions/landsat-collection-1
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Fig. 2. False color composite of Landsat 5 for 2005 (a) and 2010 (b) visualized as band 4  
(near infrared), band 3 (red) and band 2 (green) in RGB layers, and Landsat 8 for 2015 (c),  

2016 (d) and 2020 (e) visualized as band 5 (near infrared), band 4 (red)  
and band 3 in RGB layers

a)  b)

c)  d)

 e)
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3. Methodology

3.1. LST Retrieval from Landsat Imagery

In this study, the SC was used for LST retrieval from the Landsat satellite imag-
es. Band 6 (thermal) and band 10 (TIRS) were used for LST estimation from Landsat 5 
and Landsat 8 images, respectively. The NDVI, and hence LSE were calculated using 
band 3 (red) and band 4 (NIR) from Landsat 5, and band 4 (red) and band 5 (NIR) 
from Landsat 8. The workflow of this research is illustrated in Figure 3. The steps of 
calculating the LST from Landsat 5 and Landsat 8 images are as follows.

Fig. 3. LST retrieval workflow

Conversion of DN to spectral/TOA radiation (Lλ)
The procedures of LST estimation from Landsat 5 images are slightly differ-

ent from those for Landsat 8 images. The digital number (DN) of the thermal band 
was used to compute spectral radiation (Lλ) for Landsat 5 as provided in Equa-
tion (1) [21] and top of atmosphere (TOA) radiation for Landsat 8 as provided in 
Equation (2) [22]. All of the parameters used in calculations can be obtained from the 
metadata file available with the images (Tab. 2).
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where:
 Lλ – the spectral radiation,
 Qcal – the image value (DN),
 Qcal min – the minimum DN corresponding to Lmin λ, Qcal min = 1,
 Qcal max – the maximum DN corresponding to Lmax λ, Qcal max = 255,
 Lmin λ – at-sensor radiation scaled to Qcal min [W∙m−2∙sr−1∙μm−1],
 Lmax λ – at-sensor radiation scaled to Qcal max [W∙m−2∙sr−1∙μm−1].

 L cal LL M Q Aλ = ⋅ +  (2)

where:
 ML – band specific multiplicative rescaling factor,
 AL – band specific additive rescaling factor.

Conversion of DN to at-satellite brightness temperature
This step was applied to convert the spectral radiation to brightness tempera-

ture (BT) using Planck’s inverse function and the thermal constants provided in the 
metadata (Tab. 2) as provided in Equation (3) [8].
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= −
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where:
 BT – brightness temperature [°C],
 K1, K2 – the calibration constants.

Table 2. Landsat calibration parameters

Parameter Landsat 5 (band 6) Landsat 8 (band 10)

K1 607.76 774.89

K2 1260.56 1321.08

ML – 3.34E-04

AL – 0.10

Lminλ 1.238 –

Lmaxλ 15.303 –
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Land surface emissivity (LSE) computation

Surface emissivity refers to the ability of the surface to transform heat energy 
into radiant energy. LSE is one of the parameters to retrieve accurate LST from re-
motely sensed imagery [7]. LSE depends on the proportion of vegetation (PV), which 
in turn depends on NDVI. Calculations of LSE, PV and NDVI are as follows [21]:

 LSE 0.0004 PV 0.986= ⋅ +  (4)

 
2

min

max min

NDVI NDVI
PV

NDVI NDVI
 −

=  − 
 (5)

 NIR   NDVI
NIR  

Red
Red

−
=

+
 (6)

The NDVI was first defined by [23] as in Equation (6). The basic idea of the 
NDVI is that the chlorophyll in green plants absorbs red radiation, while the near- 
infrared (NIR) radiation is reflected or scattered. As a result, vegetation has high 
NDVI values. Theoretically, NDVI ranges from −1 to 1, while the observed range is 
usually smaller, with value around 0 for bare soil (low or no vegetation), and value 
of 0.9 or larger for dense vegetation [24]. In this study, the NDVIs were derived di-
rectly from the Landsat imageries as illustrated in Figure 3.

Land surface temperature (LST) retrieval

Brightness temperature can be converted to LST using Equation (7):

 BTLST
BT1 lnLSE
P

=
 

+ λ ⋅ ⋅ 
 

 (7)

where:
 LST – land surface temperature,
	 λ – the wavelength of the emitted radiance,
 P – P = h · C/S (P = 1.438 ∙ 10−2 m∙K)
 S – Boltzmann’s constant (S = 1.38 ∙ 10−23 J∙K−1),
 h – Planck’s constant (h = 6.626 ∙ 10−34 J∙s),
 C – velocity of light (C = 2.998 ∙ 108 m∙s−1),
 LSE – the spectral emissivity.
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3.2. LST Validation

The best way to validate the results is to compare the retrieved LST with in situ 
measurements of temperatures (i.e., ground truth). However, it is extremely difficult 
to carry out such measurements and it is not feasible for the study of past surface 
temperatures if data were not already collected at the evaluated time [4, 6]. Similar-
ly, due to dynamic nature of LST, both spatially and temporally, it was impossible to 
get ground-based values to validate the LST in this research. Previous studies have 
usually used simulated data when proposing a new algorithm or modification of 
an existing algorithm [2, 6, 12]. However, the atmospheric parameters and the LSE 
are difficult to obtain, and the simulation process is complicated [4]. Alternatively, 
we compared the retrieved LST with MODIS LST products similar to the study by 
Kumar Thakur and Gosavi [1], since MODIS surface temperature products are free 
and easy to obtain.

3.3. LULC Classification

The LULC classification of the study area from the five images was conducted 
using a widely used supervised classification method, the maximum likelihood clas-
sifier (MLC). MLC assigns pixels to the class with the principal of highest likelihood. 
Class mean and covariance matrix are the main inputs to the function and can be 
extracted from the training pixels of a special class [25]. The study area was classified 
into four types, including urban areas, vegetation areas, water, and open land. The 
overall accuracy and kappa statistics were calculated using 300 check points to test 
the performance of the classification process. The check points were randomly dis-
tributed over the satellite images and the classified images. By means of the visual-
ization and interpretation of the satellite images, each point was manually assigned 
a class (i.e., urban areas, vegetation areas, water or open lands) and used as a refer-
ence point. Then, the confusion matric was computed for each year, whereas a com-
parison between the classified points and reference points was conducted. Finally, 
the overall accuracy and kappa statistics were calculated.

4. Results and Discussion

The LST and NDVIs were calculated from the five images for the study area as 
shown in Figures 4 and 5, respectively. The summary of the minimum, maximum, 
mean and standard deviation (SD) of LST as well as NDVIs of the five images is 
listed in Table 3. 

The highest LST values were recorded in the year 2016, whereas the spatial 
distribution of LST in this year ranged from a minimum of 21.1°C to a maximum 
of 53.2°C with a mean of 40.8°C and SD of 4.2°C. This is attributed to the change of 
LULC as the effect of the war in this year.
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Fig. 4. LST of the study area  
for 2005 (a), 2010 (b), 2015 (c), 2016 (d) and 2020 (e)

a)  b)

c)  d)

 e)
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a)  b)

c)  d)

 e)

Fig. 5. NDVI of the study area  
for 2005 (a), 2010 (b), 2015 (c), 2016 (d) and 2020 (e)
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The NDVI is an essential index in LST estimation from Landsat images as well 
as being used in this research to monitor the healthy vegetative condition. The 
highest values of NDVI were recorded for the year 2005 ranging from −0.58 (min) 
to 0.71 (max), while the lowest values were recorded for the year 2015 ranging 
from −0.20 (min) to 0.49 (max). Despite the highest LST in 2016, the NDVI values for 
this year ranged from −0.36 (min) to 0.60 (max).

Table 3. Summary of LST and NDVI for the five years

Image year
LST [°C] NDVI

min max mean SD min max mean SD

2005 13.3 41.5 30.0 3.9 −0.58 0.71 −0.03 0.11

2010 18.5 48.1 36.3 4.1 −0.44 0.55 −0.04 0.07

2015 17.3 39.8 31.2 2.5 −0.20 0.49 0.07 0.04

2016 21.1 53.2 40.8 4.2 −0.36 0.60 0.09 0.05

2020 18.5 48.5 35.9 4.9 −0.35 0.62 0.09 0.07

We used standard datasets of MODIS LST products to validate the LST retrieved 
for Landsat 5 and 8. The MODIS datasets were downloaded from the MODIS prod-
ucts website https://lpdaac.usgs.gov/products/mod11a1v006/. MODIS LST products 
of the five years were projected to UTM_WGS84_Zone38N, clipped for the 
study area, and converted from Kelvin to Celsius. Table 4 provides the statistics 
of MODIS LST and the difference between the retrieved LST from Landsat images 
and MODIS LST. The results showed that the MODIS LST was close to the LST re-
trieved from Landsat 5 and 8. It should be kept in mind that the MODIS LST is of 
a coarser spatial resolution of 1 km, while Landsat is 30 m. The average error of the 
minimum, maximum, mean and SD was 1.7, 1.8, 6.6 and 0.7°C, respectively. In gen-
eral, the same tradeoff of hot and cold spots was observed in MODIS LST outputs 
with comparatively good estimates of high and low LST values.

Table 4. MODIS LST statistics compared with Landsat LST 

Image year
MODIS LST [°C] LST [°C] difference (MODIS-Landsat)

min max mean SD min max mean SD

2005 16.7 45.4 38.1 5.2 3.4 3.9 8.1 1.3

2010 18.0 51.7 46.4 5.0 −0.5 3.6 10.1 0.9

2015 17.4 39.4 34.2 3.1 0.1 −0.4 3.0 0.6

2016 24.6 54.7 47.1 4.7 3.5 1.5 6.3 0.5

2020 20.4 49.1 41.2 5.3 1.9 0.6 5.3 0.4

Regression analysis was carried out to model the relationship between the LST 
and NDVI over the five years. Linear and polynomial regression models were ap-
plied for the LST against NDVI as shown in Figure 6.

https://lpdaac.usgs.gov/products/mod11a1v006/
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The results of the regression models indicated a negative correlation between 
LST and NDVI. The relationship was compatible with previous studies of [14, 15]. 
The linear regression revealed low R2 with a maximum value of 0.108 in 2010. Pol-
ynomial regression models, on the other hand, were carried out and the results 
showed a higher coefficient of determination (R2) ranged from 0.242 to 0.612. Thus, 
the relationship is not always a linear and could be non-linear as reported by Tran 
et al. [15]. The lower R2 (i.e., 0.242) was in 2016, when many people were displaced 
and left their agricultural fields. 

Fig. 6. Regression relationship between LST and NDVI  
for 2005 (a), 2010 (b), 2015 (c), 2016 (d) and 2020 (e)

a)  b)

c)  d)

 e)

The corresponding LULC change was also studied to interpret the effect of 
land use changes on the values of LST. The study area was classified into four class-
es, namely vegetation, urban, water, and open land using MLC embedded in the 
ERDAS IMAGINE 2015 software package. Figure 7 shows the LULC of the different 
years of study. The classified images were compared with the actual LULC for the 
five years using the same 300 check points as aforementioned.
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Fig. 7. LULC for 2005 (a), 2010 (b), 2015 (c), 2016 (d) and 2020 (e)

a)  b)

c)  d)

 e)
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The confusion matrices were then derived and the overall classification accuracy 
as well as overall kappa statistics was calculated as listed in Table 5. Results showed 
an average overall accuracy and kappa statistics of 86.67% and 0.827, respectively.

Table 5. Accuracy assessment of the five classified images

Image year Overall accuracy [%] Kappa statistics

2005 86.67 0.822

2010 88.33 0.844

2015 85.00 0.800

2016 85.00 0.800

2020 88.33 0.867

The LST statistics for each LULC were extracted and are summarized in Fig-
ure 8. It was observed that the lowest temperatures were associated with water 
and vegetation areas, while the highest temperatures were associated with ur-
ban and open land areas. Thus, replacing natural areas as water and vegetation with 
non- evaporating and non-transpiring surfaces (e.g., urban areas) raised the tem-
perature of the environment.

Fig. 8. LST statistics of LULC of the five years  
for vegetation (a), urban (b), water (c), and open land (d)

c)  d)

a)  b)
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Finally, the areas in square kilometers of the four classes were calculated in or-
der to relate these areas with the LST values. Table 6 provides the areas of different 
classes in the study area. The change in LULC areas were studied for the period 
from 2005 and 2020.

Table 6. Areas of land classes 

Image year
Area of class [km2]

vegetation urban water open land

2005 213.72 388.62 431.61 6141.85

2010 276.94 400.99 343.69 6154.20

2015 255.07 943.57 206.57 5770.60

2016 134.57 1066.48 283.98 5690.78

2020 215.86 798.82 402.34 5758.78

Generally, the open land class had the largest areas, representing more than 80% 
of the total study area, while vegetation had the smallest area with less than 4% of 
the total study area, regardless of the year of study. The water areas are different 
over years as they are lakes for storing water, and they are highly variable because 
of their connection to rivers. In addition, they are closely related to the amount of 
rainfall, which obviously varies from year to year. It was also observed that the ur-
ban area increased from 386.54 km2 in 2005 to 1066.48 km2 in 2016. Thus, a large 
expansion of 679.94 km2 was noticed in built up area over the time period of eleven 
years. On the other hand, the smallest area of vegetation (134.57 km2) was recorded 
during the year of the war (2016), as shown in Table 5.

The LST of 2010 increased as illustrated in Figure 4b. and statistics in Table 3. 
This was mainly due to the increase of open land and urban area as provided in Ta-
ble 5. On the other hand, the LST of 2015 decreased compared to 2010 (Fig. 4c). This 
could be because of the significant increase of the urban areas, especially on the west 
side of the study area (Fig. 7c), and hence the shadows of building volumes (height 
and area) caused a cooling effect on the study area [26, 27]. In 2016, the LST in-
creased, again due to the effect of war, as many people were displaced and left their 
agricultural fields. Therefore, thousands of hectares of land became desertified, hav-
ing previously been green lands, and were classified as urban areas. Between 2016 
and 2020, people were resettled and started cultivating their land again. Therefore, 
as for 2020, the vegetation area increased and the urban areas decreased.

In addition, we achieved good results of the retrieved LST compared to the re-
sults achieved in similar works that used SC for LST retrieval from Landsat images. 
Considering simulated data in comparison, the study of Wang et al. [6] revealed 
a root mean square error (RMSE) of −2.9°C, while Wang et al. [12] found 1.8°C RMSE. 
Other studies used in situ measurements in comparison. For instance, Sekertekin 
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and Bonafoni [3] demonstrated a RMSE of 2.7°C, while Wang et al. [4] demonstrat-
ed an average error and RMSE of 3.5°C and 0.7°C, respectively.

Concerning limitations of this study, it was deemed necessary that future research 
endeavors should evaluate different seasons for temporal monitoring. In addition, 
any future work should consider building volumes, shadows and their distribution 
in different seasons that could influence the LST. It should also be noted that a short-
coming in this case study was that the MODIS LST was used to assess the retriev-
ing LST accuracy due to the lack of in situ LST data simultaneously available when 
the satellites passed. In future studies, in situ LST data could be measured with the 
same overpass of satellites for the calibration and validation of the LST distribution.

5. Conclusions
In this paper, Landsat 5 TM and Landsat 8 OLI/TIRS images were used to re-

trieve the LST of the main part of Al-Anbar Governorate for the years 2005, 2010, 
2015, 2016 and 2020. The highest LST values were recorded in the year of 2016. The 
distribution of LST in this year ranged from 21.1°C to 53.2°C with a mean and SD 
of 40.8°C and 4.2°C, respectively. It should be pointed out that the highest rate of 
LST in this year is because of the reduction in vegetation area, which had become 
desertified and classified in our analysis as an urban area.

The LST is usually affected by the LULC type. Therefore, the LULC was de-
veloped for the five years based on MLC and revealed an average overall accuracy 
and kappa statistics of 86.67% and 0.827, respectively. Then, LST statistics for each 
individual class were analyzed. Within the study period, it was observed that the 
LST was at its highest in the urban areas, while the lowest LST was recorded in 
vegetation areas, especially palm groves scattered over the study area. Accordingly, 
the increase in urban growth and the decrease of agricultural areas has a direct and 
negative environmental impact, especially in areas related to high temperatures.

In addition, NDVIs were derived for the five years and their statistics were cal-
culated. A negative relationship was observed between LST and NDVIs, which was 
supported by modelling the relationship between LST and NDVIs using linear and 
non-linear (i.e., polynomial) regression analysis. The results revealed higher R2 for 
polynomial regression rather than linear regression with a max. R2 of 0.612 in 2015.
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