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Abstract: in this presented search study, the impact of Climate Changes (CC)global warming 
on land cover Change (LCC) and Land Surface Temperature (LST) in Baghdad was mapped and 
analyzed for the years 2013 and 2023. Landsat 8 data for the mentioned years were used as input 
data. Water, vegetation, and impervious surface indices were applied to map Land Cover Change 
(LCC), and land surface temperature was used to map the urban heat temperature of Baghdad. 
The outcome result presented, there was an increase in the water index from 1.3% in 2013 to 
1.8% in 2023. Vegetation index had a negative outcome. Approximately 42% of the study area 
in 2013 had decreased to 35.6% in 2023. Impervious surface index (ISI) had increased over the 
Land Cover (LC) and indicates that the percentage of impervious surface coverage increased 
from 56.6% in 2013 to 62.5% in 2023. Land Surface Temperature (LST) was measured for the 
mentioned years as well to see the impact of Climate Change (CC), the Land Surface 
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 دعب نع راعشتسلاا مادختساب دادغب ةظفاحم يف ضرلأا حطس ةرارح ةجردو يضرلأا ءاطغلا ىلع يخانملا ریغتلا ریثأت دصر
 
 .قارعلا ،ةلحلا ،لباب ةعماج ،ةیناسنلإا مولعلل ةیبرتلا ةیلك ،ایفارغجلا مسق ،يرسایلا رماع فلایإ .د.م
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 2013 ةنسلل دادغب ةظفاحم يف ضرلأا حطس ةرارح ةجردو يضرلأا ءاطغلا طئارخ لیلحتو مسر مت ثحبلا اذھ يف :صخلملا
 هایملا تارشؤم جارختسلا ناسین رھشل هلاعأ ةروكذملا تاونسلل 8 تاسدنلا تانایب تمدختسا .يخانملا ریغتلا دصرل 2023و
 حطس ةرارح ةجرد جارختسا مث نمو )ءادرجلا ةبرتلاو ةیرضحلا ةقطنملا( ةیلاعلا ةیساكعنلاا تاذ حطسلااو يتابنلا ءاطغلاو
 نأ امك .%1.8 2023 ماع نم %1.3 يلاوحب 2013 ماعل هایملا رشؤم يف ةدایز كانھ نأ جئاتنلا ترھظأ .دادغب يف ضرلأا
 دقو .2023 ماع يف % 35.6 ىلإ ضفخناو دقو 2013 ماع يف % 42 لداعی ام لجس ثیح ةیبلس ھجئاتن يتابنلا ءاطغلا رشؤم
 تاذ ءاطغلل ةیحاسملا ةیطغتلا ةبسن نا ثیح ،يضرلأا ءاطغلا ىلع ةیلاعلا ةیساكعنلاا تاذ حطسلاا تارشؤم ةحاسم تداز
 ضرلأا حطس ةرارح ةجرد طئارخ ترھظا .2023 ماع يف %62.5 ىلإ 2013 ماع يف %56.6 نم تعفترا ةیلاعلا ةیساكعنلاا
 تناك 2023 ماع يفو ةیوئم ةجرد 21.35 تناك ىرغصلا ةیوئم ةجرد 32.87 ناك 2013 ماعل ىمظعلا ةرارحلا ةجرد نا
 تانایب عم ضرلأا حطس ةرارح ةجرد ةنراقم .ةیوئم ةجرد 22.88 ىرغصلاو ةیوئم ةجرد 31.15 ىمظعلا ةرارحلا ةجرد
 ةیوئم ةجرد 37.03 ىمظعلا ضرلاا حطس ةرارح ةجرد تلجس ،2013 ناسین رھشل ضرلأا حطس ةرارح ةجردل اسان ةلاكو
 ةجرد 12.32 ىرغصلاو ةیوئم ةجرد 36.12 ىمظعلا تلجس ثیح 2022 ناسین رھش تانایبو ،ةیوئم ةجرد 9.96 ىرغصلاو
 .ةیوئم
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1. Introduction 
Land Surface Temperature (LST) is a critical factor for studying the impact of Climate 

Change (CC) on the Earth's physical and chemical factors. It contains the effects of atmosphere 
and ground to interact between the surface and the atmosphere. The most crucial issue facing the 
globe, especially in urban areas, is the increase in surface temperature caused by transforming 
vegetated areas into impermeable areas, as well as the conversion of wetlands and vegetated 
areas into agricultural land or barren wastelands. These changes affect the amount of solar 
radiation absorbed, surface temperature, heat transfer to the soil, and the near surface atmosphere 
(Mallick et al., 2008). It also impacts on energy and water balance and effect on environmental 
processes (Oke & Cleugh, 1987; Pal & Ziaul, 2017). 
The swift expansion of urban areas leads to a significant loss of vegetation cover, increasing LST 
in these cities (Yang et al., 2017).Indeed, the growth in population and increasing number of 
cities have a significant impact on the environment. Thus, urbanization is directly linked to many 
environmental issues and is one of the primary factors contributing to CC. As the population 
grows and demands various facilities such as housing, industries, roads, and other infrastructure, 
it leads to significant changes in LC within a specific region  (Sun et al., 2017). Over the last 20 
years, there have been notable changes in Land Cover (LC) patterns due to ongoing urbanization 
(Khandelwal et al., 2018). These changes have led to increases in LST in cities, where the 
average temperature is 2-5°C higher than in nearby villages or districts. These thermal islands 
have negative impacts on urban hydrology and the environment. Detecting changes in LC, 
spatial mapping is one of the key tools for identifying spatial and temporal changes in an area 
(Ullah et al., 2019; Khandelwal et al., 2018). 
According to estimates by the United Nations, LST will rise with other types of pollution, 
putting 69% of the world's population at risk of exposure by 2050. The global human population 
reached about 8.0 billion in 2022 and is likely to increase about  2 billion people in the next 30 
years, which it is currently 8 billion  and expected to be 9.7 billion in 2050. It could rich at nearly 
10.4 billion in the mid of 2080s. (United Nations, 2024). The change on environmental and 
associated impacts, driven by Land Cover Changes (LCC) are increasingly becoming global 
problems. (K. Li et al., 2020a; Qin & Karnieli, 1999; Rasul et al., 2018). 
In recent decades, multispectral imagery, various remote sensing data, and GIS techniques have 
become widely available as sources for a better understanding of the various elements of the 
Earth's environment, mapping LC and calculating LST (Hart & Sailor, 2009; Zha et al., 2003; Al 
Rakib et al., n.d.; Zhang et al., 2017; Avdan & Jovanovska, 2016). The main goal of this study is 
to detect the impact of the environmental change on LST and LC in Baghdad. This article 
examines the temperature characteristics throughout selected periods (2013 and 2023) in various 
types of LC, including vegetation, water, and impervious surface area. 

 
2. Related research  
Since the 1960s, researchers have been using remotely sensed data and GIS techniques to 

analyze CCCC's impact on LST and LC. The research on LST dynamics has significantly 
improved computing methods using remote sensing data and multiple sensors.Nichol & To 
(2012) examined the LST and stress in Hong Kong. Neteler (2010) calculated the LST of the 
alpine environment in the Alps mountains. Ogashawara et al. (2012) Studied the correlation 
between urban growth, water bodies, vegetation density, and LST in Brazilian cities. Lee et al. 
(2012) used Landsat and Aster data to measure the LST intensity of Phoenix and Arizona. Gallo 
& Tarpley (1996) Link between LST and Normalized Difference Vegetation Index (NDVI). 
Vegetation areas can reduce LST or have a cooling influence on the ambient temperature. Chen 
et al. (2006) A The normalized difference bareness index (NDBI) was developed to differentiate 
between bare land and other land use classes using Landsat data. However, it was found that 
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built-up areas showed higher NDBI values than bare land, making this index unsuitable for use 
in urban areas in semiarid environments. H. Li et al. (2017) NDBI and unsupervised 
classification was used to map bare soil area by using Landsat images. Z. Zhang et al. (2008) 
NDBI are often used with high accuracy in humid regions, but there is a need for improved 
indices for bare soil in dry areas.. Xu (2010) Proposed a Normalized Difference Impervious 
Surface Index (NDISI) for estimating impervious surfaces, and it was demonstrated that NDISI 
can efficiently extract impervious surfaces. Xu (2010) proposed NDISI for estimating 
impervious surfaces by applying Landsat imageries on Fuzhou City and the Aster imageries on 
Xiamen City in China. Powell et al. (2008) extracted the impervious surfaces in the Snohomish 
area of Washington by using spectral and spatial resolution data based on classifying impervious 
surfaces and bare soil. Streutker (2002) Studied the characteristics of LST in terms of magnitude 
and spatial extent without using in situ measurements to determine if there is a correlation 
between heat island magnitude and rural temperature. Voogt & Oke (2003) Thermal remote 
sensing has been used over urban areas to assess the LST, to perform LC classifications, and as 
input for models of the climate of urban areas. K. Li et al. (2020b) reported an effect on the 
global environment, climate change, and environmental development. Edan et al. (2021)  
analyzed the predicted land use LCC and their effects on the seasonal variations in LST in Al 
Kut, Iraq during the summer and winter seasons. they were utilizing Landsat TM/OLI images 
from the years 2000, 2010, and 2020 to assess the historical LC and LST status using remote 
sensing techniques. Al-Hameedi et al. (2022) had chosen a range of natural and human induced 
factors as risk parameters. Specifically, changes in LC and land LST are considered important 
factors that have led to large scale change of environment.  
 
3. Materials and Methods 

3.1 Study Site 

Baghdad is the capital of the Republic of Iraq, covering a total area of 5170 square 
kilometers and comprising 32 administrative units. It is situated in the central part of Iraq, located 
between longitude 44° 24′ and 44° 40′ E and latitude 33° 19′ and 33° 32′ N. Baghdad is bordered 
by the Diyala province to the East, Wasit, and Babil provinces to the South, Anbar province to the 
West, and Salah al-Din province to the North see Figure 1. The estimated total population of 
Baghdad is 8,126,755. The city has a dry and warm climate, with intense summer temperatures 
sometimes exceeding fifty degrees Celsius and dry atmospheric conditions. Baghdad is also prone 
to severe dust storms, which scientists attribute to global warming and Iraq's desert climate 
(Central Bureau of Statistics Iraq, 2018). 
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Figure 1. Baghdad’s Location of Iraq. 

 
3.2 Data 

The spectral reflectance arc illustrates the connection between the electromagnetic 
spectrum and the percentage of reflectance for a particular material. LC and LST were assessed 
across the study area for 10 years, from 2013 to 2023. This analysis utilized data sets from 
Landsat-8 LC and LST, which were acquired from the United States Geological Survey (USGS) 
Satellite datasets were taken on (2/4/2013 at 07:38:37 and 17/4/2023 at 07:33:09) 
(EarthExplorer, 2024). Datasets that used were projected to the Universal Transverse Mercator 
(UTM), with map projection system zone 38N, and datum of World Geodetic System 84 
(WGS84). The study utilized thermal observations from Landsat 8. Thermal Infrared Sensors 
(TIRs) from Landsat 8(band 10) were initially captured at 100 m spatial resolution and later 
resampled to 30 m, refer to Table 1 for specific details. To maintain consistency, only cloud-free 
data sets obtained during the Winter season (April) for each year were considered due to the 
strong seasonality of the study area. 
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Bands’ Number Wavelength 
(micrometers) 

Resolution 
(meters) 

Band 1 - Coastal aerosol  0.43 - 0.45 30m 
Band 2 – Blue  0.45 - 0.51 30m 
Band 3 - Green 0.53 - 0.59 30m 
Band 4 - Red 0.64 - 0.67 30m 
Band 5 - Near Infrared (NIR) 0.85 - 0.88 30m 
Band 6 - Shortwave Infrared (SWIR) 1 1.57 - 1.65 30m 
Band 7 - Shortwave Infrared (SWIR) 2 2.11 - 2.29 30m 
Band 8 – Panchromatic 0.50 – 0.68 15m 
Band 9 - Cirrus 1.36 - 1.38 30m 
Band 10 - Thermal Infrared (TIRS) 1 10.6 - 11.19 100m (resampled to 30) 
Band 11 - Thermal Infrared (TIRS) 2 11.50 - 12.51 100m (resampled to 30) 

 
Table. 1 Landsat 8 Bands Operational Land Imager and Thermal Infrared Sensor. 

3 .3 Method 

In this research study, the relationship between LST and LC was examined within 
Baghdad to understand the environmental consequences of climate change. LC was classified 
into three classes: vegetation, water, and improvised surface, using indices methods. Then, we 
estimated LST for the city for two periods of time (2013-2023) to examine the relationship 
between the changes in LC and LST. 
 
3.3.1 Indices  
 
a. Normalized Difference Vegetation Index (NDVI) is the most widely used vegetation 
index for observing greenery worldwide. Healthy vegetation effectively absorbs the 
electromagnetic spectrum in the visible range. Chlorophyll is found in plants absorbs the Blue 
(0.4  -  0.5 μm) and Red (0.6  - 0.7 μm) spectrum and reflects the Green (0.5 –  0.6 μm) 
spectrum. Healthy plants also exhibit high reflectance in the Near Infrared (NIR) range between 
0.7 to 1.3 μm, primarily due to the internal structure of plant leaves. The high reflectance in NIR 
and high absorption in the red spectrum are used to calculate NDVI. The NDVI formula uses 
these reflectance values to calculate the index. 
NDVI=(NIR–Red) / (NIR+Red) ……………………….…Eq (1) 
NDVI= (Band5- Band4) / (Band5+Band4) 

Where the red band is (0.64 – 0.67 μm) reflectance and the near-infrared band is (0.85–0.88 μm) 
reflectance (Table 1). (Crippen, 1990) 

b.  Normalized Difference Water Index (NDWI) is used to identify and extract water 
bodies. It is effective because water reflects light differently from land in the visible portion of 
the electromagnetic spectrum. Liquid water typically reflects more light in the blue spectrum (0.4 
- 0.5 μm) than in the green (0.5 - 0.6 μm) and red (0.6 – 0.7 μm) spectra. Clearwater reflects the 
lightest in the blue region. Additionally, water does not reflect light in the near-infrared (NIR) 
and beyond. NDWI is calculated using near-infrared (NIR) and short-wave infrared (SWIR) 
bands, and can be calculated using the following formula: 
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NDWI=(NIR– SWIR) / (NIR+ SWIR) ……………………..Eq (2) 
NDWI = (Band 5 – Band 6) / (Band 5 + Band 6)   
Where the near-infrared NIR band is (0.85–0.88 μm) reflectance and the Short-Wave infrared 
(SWIR) is (1.566 – 1.651μm) reflectance (Table 1). (Alyasiri Elaf Amer, 2021; Gao, 1996). 
 
c. Normalized Difference Impervious Surface Index (NDISI) is refers to human-made 

features that prevent water from penetrating the ground, such as building roofs, asphalt/cement 
roads, parking lots, sidewalks, and transportation infrastructure. IS serves as an indicator of 
urbanization and is also crucial for monitoring environmental issues in developed areas, such as 
the urban heat island effect. Detecting IS in urban areas is vital for understanding their impact. 
Differentiating between IS and other LC-like instructed material, sand, and bare soil in dry 
weather areas is challenging due to similar spectral signature values. Built-up areas, bare soil, 
and sand exhibit spectral response features like IS, causing noise in previous studies. Impervious 
materials have high emittance in the thermal band (TIR), low reflectance in the near-infrared 
(NIR) band, and stronger reflectance in the middle infrared. 
NDISI = (SWIR -NIR) / (SWIR - NIR) …………………..…… Eq (3) 
NDWI = (Band 6 – Band 5) / (Band 6 + Band 5)   
Where Short-Wave infrared (SWIR) is (1.566 – 1.651μm) reflectance and near-infrared NIR 
band is (0.85–0.88 μm) reflectance (Table 1).  

3.3.2. Land Surface Temperature  

LST is a dynamic quantity that is depend on wavelength. It represents the thermodynamic 
temperature of the layer that touch the surface of the ground. For ground-based, airborne, and 
bare soil, LST is the aggregated radiometric surface temperature based on a measure of 
radiance (Norman & Becker, 1995a). Using data acquired from the thermal infrared sensor 
(TIRS), Band 11 has significant uncertainty. It is recommended to use TIRS Band 10 data as a 
single spectral band for LST estimation  (Rongali et al., 2018). The following steps were 
followed to generate LST from thermal bands: 

Step 1: conversion of the digital number (DN) of the thermal band to Top of the Atmosphere 
(TOA) radiance (L𝜆). For Landsat 8, band 10 is considered to extract Spectral Radiance (SR) 
Satellite sensors measure reflectance from the earth's surface as digital numbers (DN) 
representing every pixel of the image (Yeneneh et al., 2022). 

𝐿𝜆 = ML* QCAL + AL – Oi …………………………………………………Eq (4) 

Were is 
L𝜆 = Spectral Radiance of Top the atmosphere (TOA)  
ML= the band specific multiplicative rescal factor Radiance multiplicative (Watts/m2*sr* μm) 
which is (0.0003342) (Table 2)  
QCAL = Digital number (DN) of band 10 
AL = the band-specific additive rescaling factor (0.1) (Table 2)  
Oi = Correction value for band 10 is 0.29. (Table 2) 
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Rescaling Factor Degree Data Source 

band)ti (Radiance mul LM 0.0003342 Metadata 

(Radiance add band) LA  0.1 Metadata 

K1 (Thermal constant) 774.8853 Metadata 

K2 (Thermal constant) 1321.078 Metadata 

Oi (Correction value) 0.29 Metadata 

Table. 2 Rascal Factors for Landsat 8 (band 10). 

Step 2: After the Digital Numbers (DN) would be converted to reflection, the TIRS band would  
be converted  as well from spectral radiance to brightness temperature (BT) by using the thermal 
constants provided in the metadata file, which is calculated  by using the following equation 
(Avdan & Jovanovska, 2016): 

Kelvin (K) to Fahrenheit (oF) Degrees BT = K2/ In (K1/Lλ+1) − 255.372 ……..…….…Eq (5) 
For obtaining the results in Celsius, the radiant temperature is revised by adding the absolute 
zero (approx. −255.372°F) 
Where  
BT = is Top of atmosphere brightness temperature (C) 
L𝜆 = is TOA spectral radiance (W/ (m2∗sr∗𝜇m). 
K1 = is constant Band (1321.08) (Table 2) 
K2 = is constant Band (777.89) (Table 2) 
𝜆 = spectral radiance in watts per meter squared steradian micron (W/ (m2∗sr∗𝜇m). 
 
Step 3: NDVI: which is calculated by using the following equation: 
NDVI = (NIR−RED)/(NIR + RED).……..……………………….. Eq (6) 
NDVI= (Band5- Band4)/(Band5+band4) 
 
Where  
RED = is DN values of the Red band. 
NIR = is DN values of the Near-Infrared band. 
 
Step 4: Proportion of Vegetation (PV) is the vegetation cover and spatial variation of the 
temperature of the land surface. PV is calculated by following the equation (Sobrino et al., 2004) 
PV= ((NDVI-NDVI min)/(NDVI max – NDVI min))2   ……………….Eq (7) 
 
Where  
PV = Proportion of Vegetation 
NDIV= is DN values of NDVI 
NDVI min=  is minimum DN values of NDVI images 
NDVI max= is maximum DN values of NDVI images.  

Step 5: Land Surface Emissivity (E) must be known to estimate (LST), it is acquired by taking 
the ratio of two different emitted radiances which are the actual emitted radiance and radiance 
from  absolutely emitting surface under the same temperature order  (Norman & Becker, 1995b) 
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agricultural areas. (Climate Adaption Key to Iraq’s Stability and Economic Development | United 
States Institute of Peace, n.d.) 

Desertification and lack of water are caused by river flow fluctuations rendering Iraq vulnerable 
to the adverse effects of climate change (Sheik Mujabar, 2019;.Avdan & Jovanovska, 2016) 

Land Surface Emissivity (E) = 0.004∗PV + 0.986 

Where 
E= is land surface emissivity 
PV= is Proportion of Vegetation 
0.986 = is corresponds to a correction value of the equation.  

Step 6: Estimating LST using the following equation proposed by (Artis & Carnahan, 1982; 
Yeneneh et al., 2022). 

LST= BT/(1+ (L𝜆 *BT/ C2) * In(E)) ……………………..…..…. Eq (8) 
 
where, 
LST = is land Surface Temperature; 
BT =  is Top of the atmosphere at brightness temperature (oC) 
L𝜆 = is wavelength of emitted radiance in meters  
E =  is land Surface Emissivity. 
C2 = is h ∗ c/s = 1.4388 ∗ 10-2 Mk) = 14388 km 
h =  is Planck’s Constant = 6.626*10 -34 JS 
S = is Boltzmann constant = 1.38*10 -23 JK 
C = is Velocity of Light, and 2.998 *108 m/s   
 
 

4. Results 
In the presented research, the spatial relationship between LCC and LST will be examined to 

map the impact of climate change in Baghdad. Different index methods were used as 
environmental change indicators. Figure 2 is an index of water bodies in Baghdad for the years 
2013 and 2023, which maps the main river (Tigris) and some other water bodies. Table 3 shows 
the area of the classified LCC for the two selected years (2013, 2023). The NDWI LC in 2013 
covered about 1.3% of the area and had increased to 1.8% in 2023.  

 
 

Year 2013 2023 
Area Km2 Percentage Km2 Percentage 

NDWI 64 1.3 93 1.8 
NDVI 2176 42 1843 35.6 
NDISI 2930 56.6 3234 62.5 
Sum 5170  5170  

 
Table 3 Indices Area of Baghdad for the Years 2013 and 2023. 
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Figure .2 Normalized Difference Water Index of Baghdad for the years 2013 and 2023. 
 
Figure 3 presents the vegetation index for the region around Baghdad for the years 2013 and 2023. 
As shown in Table 3, the NDVI covered approximately 42% of the study area in 2013. However, 
by 2023, this coverage had decreased to 35.6%. This decline in vegetation indicates the impact of 
climate change and urban sprawl. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure .3 Normalized Difference Vegetation Index of Baghdad for the years 2013 and 2023. 
 
The NDSI of the study area for the years 2013 and 2023 is shown in Table 4. It indicates that the 
percentage of IS increased from 56.6% in 2013 to 62.5% in 2023. This rise in IS cover over 
vegetation suggests urbanization growth and a reduction in green areas. 
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Figure .4 Normalized Difference Impervious Surface Index of Baghdad for the years 2013 and 
2023. 
 
Figure 5 presents an urban heat island by using LST for the two years which are 2013 and 2023 of 
Baghdad. As seen in Figure 4, the temperature of the study area for 2013 ranged between 91.18 oF  
32.87 oC as the highest and 70.43 oF 21.35 oC as the lowest and for 2023 the heights were 88.08 
oF 31.15 oC and the lowest 73.18 oF  22.88 oC. 
Comparing the LST temperature to  NASA power data and looking at skin surface temperature 
founding, for April 2013 the skin surface temperature was recorded as the highest  37.03 oC  and 
the lowest was 9.96 oC and the data for 2023 was not available, therefore the available data for 
April 2022 was used to compare the Baghdad land temperature and it was recorded as the highest 
36.12 oC and the lowest was recorded as 12.32 oC   (Nasa Power Ceres, 2024) 

 
 
 
 
 
 

Figure .5 Land Surfers Temperature of Baghdad in Fahrenheit for the years 2013 and 2023. 
 

5. Discussion 
The global climate change has been shifting rapidly and the impact of LCC has increased 

fourfold in the last four decades. Figure 6 shows that the LC in Baghdad has been changing 
quickly, with urbanized areas and bare soil replacing vegetation. This is contributing to the urban 
heat island effect and CC. According to the United States Institute of Peace, Iraq is expected to 
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be among the five countries most severely affected by climate change. Figure 5 and Table 3 
indicate that LC has increased from 1.3% to 1.8% between 2013 and 2023, as shown in the water 
index. However, this does not explain the reasons behind this increase. Iraq is already facing a 
declining water supply and increasing desertification, resulting in the loss of up to 60,000 acres 
of arable land each year, according to the Iraqi government and United Nations sources. 
Urbanization has been expanding, with developed surfaces encroaching on vegetation areas, as 
indicated in Table 3 This aligns with the findings of the report. The impact of CC is increasing 
each year, while the population of is Iraq is projected to reach 80 million by 2050, while the 
country's resources are diminishing and facing an issues . The temperatures in Iraq are rising 
approximately seven times faster than the global average, leading to decreased water levels due 
to evaporation. By the end of the century, water levels in Iraq are expected to decrease by 30 to 
70 percent. This will require long-term planning for resource management, especially in 
agricultural areas. Noticing in Figure 5 LST of urban areas has risen compared to other LCs. 
Expanding urbanized areas will intensify the effects of CC and increase concerns about urban 
heat. Therefore, planners and the government need to acknowledge and address these impacts. 

 Figure. 6 Land Cover Indices of Baghdad for the Years 2013 and 2023. 
 

6. Conclusion 
In conclusion, the study utilized a remote sensing application to examine the effects of climate 

change on Land Cover (LC) and Land Surface Temperature (LST) in Baghdad. Landsat 8 data 
from 2013 and 2023 were used to indicate the impact of climate change on mentioned city. Various 
indices were used such as water, vegetation, and impervious surfaces were employed to map LC, 
while LST to indicate the urban heat temperature in Baghdad. The results were then compared 
with NASA power data to confirm the outcome. The study shows an increase in WI, from 1.3% in 
2013 to 1.8% in 2023. Conversely, VI experienced a decline, dropping from around 42% in 2013 
to 35.6% in 2023. IS exhibited an upward trend, with impervious surface coverage rising from 
56.6% in 2013 to 62.5% in 2023. Additionally, urban heat was measured, revealing a peak LST of 
32.87°C in 2013 and a low of 21.35°C. The highest recorded temperature for 2023 was 31.15 oC, 
while the lowest was 22.88 oC based on the NASA power data skin surface temperature maps. In 
April 2013, the highest skin surface temperature was 37.03 oC, and the lowest was 9.96 oC. 
Unfortunately, data for 2023 was not available, so the April 2022 data was used instead to compare 
Baghdad's land temperatures. This showed the highest temperature as 36.12 oC and the lowest as 
12.32 oC . 
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