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Knowing the temporal and spatial changes of land use and the formation of heat 

islands over time is one of the most important issues in metropolitan planning and 

policy making. Thus, in this study heat islands and temperature changes and its 

relationship with land use changes have been monitored over a period of 35 years 

in two study areas, i.e. the cities of Mashhad and Sari, using the Google Earth 

Engine platform. For this purpose, the LST was computed and the land use maps 

of the studied periods were extracted during 8 time steps of 5 years from 1985 to 

2020. The aim of this study is to investigate the spatial autocorrelation of heat 

islands and its relationship with land use in two studied regions with different 

climatic conditions. The results of temperature monitoring showed an increase in 

temperature between 1 to 2 °C in all types of land uses during 35 years. This 

increasing trend of temperature is proportional to the type of land use changes, so 

that the temperature increase in built-up lands was estimated to be 2 and 1.75 

degrees Celsius in the cities of Sari and Mashhad, respectively. The average 

temperature of the three months of summer in Mashhad city in built-up areas has 

increased from 34.5°C to 36.25°C and in Sari city from 29.51°C to 31.51°C. 

while the minimum increase in temperature has occurred in the lands with forest 

coverage, which is 1.02 °C and 1.19 °C, respectively in the cities of Sari and 

Mashhad. Conclusively, in both climatic regions, the areas where the changes are 

in the direction of reducing or removing vegetation and creating residential areas, 

the temperature increase is the maximum, and the areas where the changes are in 

the direction of increasing forests and agricultural lands, the temperature increase 

is the minimum. 
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1. Introduction 

Considering that during the past half century, the surface of the earth has undergone many 

changes due to human activities through deforestation and the development of cities, knowing 

the ratio of land uses and how it changes over time is one of the most important things in 

planning and it is urban policies (Asghari and Emami, 2018). Given that the LST (Land Surface 

Temperature) is significantly affected by the type of land use and land cover, therefore it can 

be considered correctedan import ant factor in global warming studies and as a proxy for climate 

change. The change in LST is also an intuitive regional climate response to global climate 

change and is of great importance in agriculture, hydrology, ecology, environment, climate and 

biogeochemistry and directly causes changes in the properties that becomes the surface of the 

earth (Tan et al., 2020). For this reason, the rapid changes in land use have become a major 

environmental concern and also the cause of many problems, including the reduction of green 

space and the development of heat islands (Amiri et al., 2009). Moreover, it has had several 

impacts on the surface temperature on a local to global scale (Hamzeh et al., 2018, Xiao, et al., 

2022). It is also mentioned as one of the most urgent problems among scientists around the 

world, that experts warn about it and even mention it as an incomprehensible torment of 

mankind (Alavipanah et al., 2022). The urban heat islands and surface emissivity are important 

indicators in the study of energy balance models on the earth's surface and the investigation of 

earth surface interactions on a regional and global scale (Zandi et al., 2023). During the past 

half a century, the land surface has undergone many changes due to human activities through 

deforestation and urban development (Owen et al., 1998). Therefore, examining the 

relationship between land use and surface temperature with an accurate method and taking into 

account the influencing variables can provide truthful results to assist urban planning managers, 

who have so far conducted many studies to investigate this issue inside and outside the country. 

Thus far, the basis of various factors has been studied, as well (Estoque et al. 2017; Shi et al. 

2017; Kazemi et al., 2018; and Zandi et al., 2014). 

Stock et al. (2017) in the big cities of Bangkok (Thailand), Jakarta (Indonesia) and Manila 

(Philippines) investigated the relationship between surface temperature and the 

frequency/pattern of impervious surface space and green space. The results demonstrate a 

strong significant relationship between the mean LST and the density of impervious surface 

(positive relationship) and green space (negative relationship) along the urban-rural slope of 

three cities. Furthermore, the relationship between impervious surface density and average LST 

showed an increasing trend in larger networks, while the relationship between green space 

density and average LST showed a tendency to increase in smaller networks which shows the 

strong influence of impervious surface and green space on the variation of LST in larger and 

smaller areas, respectively. 

Shi et al. (2017) modeled the effects of the spatial-temporal pattern of urban heat islands 

using the land use regression approach. The findings of this research showed that the spatial 

pattern of urban heat islands is highly determined by land use and land cover maps and urban 

geomorphology metrics, and the resulting models are used to enrich current urban design 

agendas and help to deal with urban heat islands. Tran et al. (2017) investigated the relationship 

between LST and land cover change using Landsat images. Their results showed that the LST 

has a non-linear relationship with the types of earth's surface cover, and the analysis of the 

Getis–Ord Gi index (GI) allows the analysis of the change of surface temperature pattern over 

time. Wang et al. (2018) investigated land use changes and their impact on LST changes in 

Yangon, Myanmar. The results of this study established that the alterations in land use have 

complex and direct effects on changes of the LST, so that urban areas show the highest surface 

temperature. Feng et al. (2019) investigated the relationship between changes in LST with three 
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factors: normalized difference vegetation index (NDVI), normalized difference built-up index 

(NDBI) and normalized difference water index (NDWI) and reported that the LST surface is 

strongly influenced by the mentioned three factors. 

He et al. (2019) studied the effects of terrestrial factors on LST using Landsat 8 images in 

mountainous regions of China. The results showed that there is an inverse relationship between 

the altitude and the angle of the sun's radiation with the surface temperature. Moreover, in the 

southern directions, the surface temperature changes were more than in other directions, and 

vegetation was the key factor affecting the surface temperature changes. Wang et al. (2019) 

also investigated land use changes and LST in the Pearl River Delta in China over time in 

another study. Their results showed that the growth of the city in this area and the surface 

temperature patterns have increased with the destruction of some land uses. Tan et al. (2020) 

investigated the spatial relationship between land use/land cover changes and LST in the 

Dongying Lake region of China using Landsat 7 satellite images. They stated that the results of 

correlation analysis indicate that vegetation cover, air humidity and distance from water bodies 

can regulate surface temperature significantly. They also investigated the relationship between 

LST and other factors (i.e. NDVI, Normalized Difference Moisture Index (NDMI), DEM and 

proximity to water bodies). In terms of the correlation between the average LST and those 

factors, NDMI has the greatest effect on the changes of LST, followed by the proximity to water 

bodies, NDVI and DEM. Furthermore, the winter LST in the study area increased by 

approximately 3.5°C, which may be related to the decrease in the acreage of Dongying Lake. 

Alavipanah et al. (2022) in a study investigated the side effects of global warming as well as 

the main cause of global warming. They proved that global warming itself causes additional 

global warming. In a study, Zandi et al. (2023) measured the spatial autocorrelation of LST 

with land use in Isfahan city, Iran. They analyzed the urban heat island effect using data from 

the OLI (Operational Land Imager) of the Landsat satellite. According to results, there was a 

clustering in the LST with a 99% confidence level, thus they examined the hot and cold spots. 

Their results showed that thermal islands have a direct and incremental relationship with built-

up and barren land uses and an inverse relationship with water bodies and vegetative uses. 

Tajbakhsh et al. (2017) analyzed and modeled urban expansion and land use changes in 

Mashhad city from 1967 to 2015 and finally simulated the upcoming changes for 2025 in a 

study using Cellular Automata- Markov model. The results showed that with the physical 

expansion of continuous urban patches, pasture lands and agricultural lands mainly turned into 

discontinuous urban patches and eventually joined the continuous urban fabric. They stated that 

this process of changes and transformations in urbanization spots will lead to the loss of 

agricultural lands and rangeland of Mashhad in 2025. Moreover, the analysis of the predicted 

land use map indicated that in the coming years, the development of the city in the northern 

front, especially in the northwest region, will take place at a higher speed than in other regions. 

The results of a research conducted by Alavipanah et al. (2014) in order to analyze the spatio-

temporal changes of thermal islands of Mashhad city with regard to the expansion of the city 

and changes in land use and land cover showed that about 2500 hectares of agricultural lands 

and green spaces converted to built-up areas that will lead to the hot spots of temperature. This 

shows that the reduction of vegetation has been the most important factor in the expansion of 

thermal islands in Mashhad. Likewise, in a similar study, Abdi et al. (2021) investigated the 

role of urban green space coverage on the temperature changes in the city of Sari using the 

Landsat 7 and 8 satellite images of 2009, 2013 and 2017. Their results indicate that the central 

area of the city, which is less suitable in terms of the coverage and distribution of green space 

than other areas of the city is warmer. They also announced that the LST during the statistical 

period had an upward trend in the minimum and maximum conditions that was less seen in the 
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areas of the city which had more green spaces. Based on the outcomes, in the future years, these 

regions can play a moderating role in the surface temperature of the city. 

Therefore, this study was aimed to monitor and compare the degree of spatial autocorrelation 

of the LST, and its relationship with land use in two regions with different climatic conditions, 

and different density/type of vegetation cover which are very heterogeneous and distinct from 

each other in terms of land use and land cover characteristics. This work was carried out over 

a period of 35 years in order to compare the difference between the changes in the studied 

regions with different climates and discussed the trends of these alterations in the transformed 

land uses. For this purpose, first by classifying satellite images, the land use map has been 

extracted in each period for both regions. Then, by preparing a map of the LST, the pattern 

governing the LST and the monitoring of the spatial autocorrelation of the temperature of the 

surface of the earth with land use and the changes made during the period of 35 years have been 

investigated. 

 

2. Materials and methods 

2.1. Study area 

In this study, two regions with different climatic conditions and vegetation density, namely the 

cities of Mashhad and Sari and their surrounding areas, have been used to compare the 

environmental conditions. Both studied areas include urban and suburban areas, which are very 

heterogeneous and distinct from each other in terms of land use and land cover characteristics. 

The city of Sari, located in the foothills of the Alborz mountain range, involves two 

mountainous and plain parts, which are located in the geographical range of 53º0ʹ44ʺ to 

53º07ʹ47ʺ east and 36º30ʹ7ʺ to 36º35ʹ50ʺ north, with a mean altitude of 54 meters above sea 

level. The climate of Sari is moderate Caspian which is mild and humid in summers and 

relatively cold and humid in winters. The southern mountainous parts of this city have long and 

very cold winters, as well. During the last few years, the coldest temperature of this city has 

been recorded by -12 °C in winter and +40 °C in summer. The city of Mashhad is located in the 

basin of the Kashfroud river and in the Mashhad plain between the mountains of Hezar Masjid 

and Binaloud in the geographical range of 59º26ʹ5ʺ to 53º43ʹ36ʺ east and 36º10ʹ42ʺ to 36º24ʹ12ʺ 

north. The maximum altitude of Mashhad city is 1150 meters and the minimum is 950 meters. 

The city of Mashhad has a variable climate, but it is moderate and tends to be cold and dry with 

hot/dry summers and cold/wet winters. Its maximum temperature in summer is 43°C and the 

minimum temperature in winter is -23°C. 

 

2.2. Data and Methodology 

In this study, the Google Earth Engine system as a cloud platform was employed to process the 

time series of satellite data, with the necessary pre-processing and microscaling, as well as the 

classification of satellite images, preparation of land use maps, validity measurement, required 

post-processing by applying necessary filters, and the preparation of LST maps. This system is 

a web-based remote sensing platform with the ability to perform spatial and temporal 

calculations on more than one set of satellite images and enables users to perform their 

computations on a large amount of data without the need for a system (Kumar and Mutanga, 

2018; Sidhu et al., 2018). With the availability of Google Earth Engine, the daily, monthly, 

seasonal and long-term monitoring of phenomena with high spatial resolution on a wide scale 

has been possible (Monanga and Kumar, 2019) and many limitations of loading, storage and 

processing data that occurs when working with large land cover data is resolved (Ravanelli et 

al., 2018; Gorelick et al., 2017; Nascetti et al., 2017). This system supports all types of 

commonly used satellite images, such as Landsat, Sentinel, Aster, Modis, etc. In this study, the 
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series of Landsat satellite images have been employed due to having appropriate spectral, 

spatial and temporal resolution, and a complete archive of these imageries in the studied period 

by the United States Geological Survey. In this work, in order to avoid the effects of seasonal 

changes, the average imageries of May, June and July with less than 5% cloud cover were 

selected to extract land use/cover maps (Table 1). 

 

Fig. 1. OLI sensor images of Landsat 8 satellite, with band combination 5, 4, 3  

of the studied areas, dated 2020 

 

Table 1. Images used in this study. 

  SENSOR SATELLITE  

1985-1990 

1990-1995 

1995-2000 

2000-2005 

2005-2010 

2010-2015 

2015-2020 

1985, 1990, 1995 TM Landsat 5 

Land Use 

& 

LST 

2000, 2005, 2010 ETM+ Landsat 7 

2015, 2020 OLI Landsat 8 

 

 Land use classification  

In order to prepare the land use map, the object-oriented classification approach was used, which 

has a much higher accuracy than the common pixel based methods (Memarian et al, 2013; Li et 

al., 2016; Zaretkar et al., 2019) by using the Support Vector Machine (SVM) algorithm, with 

defining 6 classes of built up areas, water body, agriculture, forest and green space, rangelands 

and barren. In the object-oriented method, image classification is based on texture, dimensions, 

and specific patterns, and instead of sampling a single pixel, the shape and structure of the 

complication pattern is sampled. In this method, the pixels of a region with the same spectral and 

spatial characteristics form a separate unit is called a segment. In general, this method consists of 

two processes of segmentation and classification (Yan, 2003). In the process of segmentation, 
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objects on the image level are divided based on the spatial and spectral separation of images by a 

group of pixels according to the spectral and geometric characteristics determined by the observer 

(Agarwal et al., 2013). Then the classification is done based on the determined algorithms, i.e. 

the support vector machine algorithm in this work, and the produced parts are classified into 

classes with the same characteristics. In the support vector machine algorithm, after selecting the 

segmentation levels and based on the selected ground samples, the classification is accomplished 

based on the assumptions in the support vector machine algorithm. This algorithm has received a 

lot of attention because it does not depend on a special statistical distribution and has high 

accuracy in classification, and it is considered a very powerful algorithm in the object-oriented 

method, especially in the areas where complications are heterogeneous (Gao et al., 2009; Mackie 

et al., 2013; Puissant et al., 2014; Petropoulos et al., 2014). 

 Land surface temperature (LST) extraction 

The LST is a function of net energy on the land surface, which depends on the amount of energy 

reaching the land surface, surface emissivity, humidity and air flow of the atmosphere, 

topography, climatic conditions of the region, which also changes with the change of each of 

the above parameters (Rott, 2000; Sobrino et al., 1991). In recent years, with the development 

of remote sensing technology, the LST can be calculated for a large area with high accuracy. 

The application of thermal infrared radiation and physical model is considered as a suitable tool 

for calculating the temperature of a wide land surface (Sobrino et al., 2016; Kotchi et al., 2016). 

Nowadays, the issue of determining the land surface temperature and its suitable methods are 

of interest to many science researchers. Although different methods have been presented so far, 

especially for thermal data related to different gauges, the issue of the accuracy of the results is 

still being evaluated and discussed (Alavipanah et al., 2018). In this study, in order to extract 

and retrieve the LST, the mono window algorithm was used, and the LST was extracted during 

the study period in order to check the relationship between LST and land use. In order to 

calculate the LST using the mono-window algorithm, in addition to the brightness temperature 

and the emission index and Planck's equation, it is necessary to compute the average air 

temperature. The application of the mean atmospheric temperature in this equation gives better 

results for LST (Rongali et al., 2018; Wang et al., 2019-b). The following steps are used to 

extract the surface temperature and convert it to Celsius based on the mono window method: 

The conversion of a digital number to spectral radiation is based on the reference values of 

spectral radiation provided in the Landsat Guide (Landsat project Science Office, 2002) that 

can be represented by the following relationship (Abdul Athick et al., 2019): 

𝐿𝜆 =  
(𝐿𝑀𝐴𝑋− 𝐿𝑀𝐼𝑁)

((𝑄𝐶𝐴𝐿𝑀𝐴𝑋− 𝑄𝐶𝐴𝐿𝑀𝐼𝑁))
 ×  (𝐷𝑁 −  𝑄𝐶𝐴𝐿𝑀𝐼𝑁) +  𝐿𝑀𝐼𝑁 (1) 

In this equation, DN is the digital number of each pixel, LMAX and LMIN are the calibration 

constants, or in other words, the minimum and maximum radiance values of the thermal band 

of the sensor, QCALMAX and QCALMIN are the largest and smallest digital numbers for band 6 

of TM and ETM+ (equal to 255 and 1, respectively), and for band 10 OLI sensor (equal to 

65535 and 1, respectively). All of these values are provided in the metadata of the image file. 

Conversion of spectral radiance to blackbody temperature: TM, ETM+ and OLI thermal band 

data are converted from spectral radiance to blackbody temperature (TB) using the Planck's 

relation, assuming a radiant power of one (maximum radiant power) (Abdul Athick et al., 

2019): 
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𝑇𝐵 =  
𝑘2

𝑙𝑛(
𝑘1
𝐿𝜆

+1)
 (2) 

Where, TB is equal to the effective temperature in the satellite in Kelvin (K), k1 is the first 

calibration constant, k2 is the second calibration constant, and Lλ is the spectral radiance of the 

desired pixel (Table 2). 

Table 2. Values of K1, K2, QCALMAX, QCALMIN based on the metadata file of the images used 

 K1 K2 QCALMAX QCALMIN 

TM 607.76 1260.56 1 255 

ETM+ 666.09 1282.71 1 255 

OLI/TIRS 774.8853 1321.0789 1 65535 

 Emissivity correction 

Diffusion coefficient is the nature of radiative heat transfer, absorption and emission of 

electromagnetic radiation. One of the parameters that has a great effect on heat transfer by 

radiation is the emissivity (ϵ) of the radiating body to the receiving body. The diffusion 

coefficient changes between zero and one. For an object that has no radiation, this coefficient 

is zero, and for an object that has maximum radiation and actually has the radiation power of a 

black body, it is one (Alavipanah, 2015). One of the operational and practical options for 

obtaining radiant power is the vegetation index threshold method, which is defined based on 

NDVI values and as Table No. 3 (Becker & Li, 1990; Sorbino et al., 2004). 

Table 3. Calculation of the radiant power based on determining the vegetation cover index threshold 

NDVI<0.2 The pixel is considered as bare soil 𝜺𝒔𝒐𝒊𝒍 = 𝟎. 𝟗𝟕 

NDVI>0.5 
Pixels are considered as fully vegetated, and then a 

constant value for the emissivity is assumed. 
𝜀𝑣𝑒𝑔 = 0.99 

0.2≤NDVI≤0.5 
the pixel is composed by a mixture of bare soil and 

vegetation 
𝜀 = 𝜀𝑣𝑒𝑔𝑝𝑉 +  𝜀𝑠𝑜𝑖𝑙(1 − 𝑝𝑉) 

 

In the following equation, Pv is equivalent to vegetation ratio (Sobrino et al., 2004; Carlson 

& Ripley, 1997): 

𝑃𝑉 = (
𝑁𝐷𝑉𝐼− 𝑁𝐷𝑉𝐼𝑀𝐼𝑁

𝑁𝐷𝑉𝐼𝑀𝐴𝑋−𝑁𝐷𝑉𝐼𝑀𝐼𝑁
)

2

 (3) 

Where, NDVIMAX and NDVIMIN are the maximum and minimum NDVI values of the study 

area, respectively. Based on the heat radiation transfer equation, the mono window algorithm 

has been developed to prepare the land surface temperature image from the Landsat thermal 

band data. This algorithm needs three parameters, i.e. emissivity, atmospheric transport and 

average effective atmospheric temperature. The mono window is calculated as follows (Qin et 

al., 2001; Sobrino et al., 2004): 

𝑇 =
1

𝐶[𝑎(1−𝐶−𝐷)+(𝑏(1−𝐶−𝐷)+𝐶+𝐷)𝑇𝑠−𝐷𝑇𝑎]
 (4) 

Where, Ts is the effective temperature of the satellite and Ta is the average atmospheric 

temperature, which can be obtained with a simple relationship with the temperature near the earth 

(To). The coefficients a and b have the constant values of -67.355351 and 0.458606 respectively. 
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The variables C and D are obtained from the following equations (Sobrino et al., 2004). 

𝐶 = 𝑡𝜀 (5) 

𝐷 = (1 − 𝑡)[1 + (1 − 𝜀)𝑡] (6) 

Where, t is the atmospheric transfer, which can be estimated using land surface temperature 

and water vapor data, as well as regional meteorological observations. According to the 

findings, there is always a linear relationship between t and water vapor (Zhang et al., 2007). 

Finally, T is the LST resulting from the mono-window algorithm using the thermal data of the 

Landsat satellite, which is used in this study to monitor the LST. 

 Spatial statistical analysis of LST 

Spatial data in environmental studies refers to the observations that are highly impacted by 

the location of these observations in the studied space. The spatial correlation between these 

data is an obstacle to the usual statistical methods. For this reason, spatial statistics is used as a 

suitable method to analyze these data. Spatial analysis can monitor temporal and spatial changes 

of spatial data well in an area (Khosravi et al., 2016). 

It is very important to know the pattern governing the spatial data, thus before any analysis 

and preparation of the map, spatial autocorrelation analysis should be done in order to check 

the distribution of data in space (Chen et al., 2009). In this study, spatial autocorrelation analysis 

(global and local Moran's model) and hot spots or Getis-Ord-Gi index (GI) were used to 

investigate the spatial pattern governing the LST in the study areas from 1985 to 2020. The 

global Moran's spatial autocorrelation analysis only determines the type of pattern, thus, the 

local Moran was used to show the spatial distribution of the surface temperature pattern in the 

studied cities. Cluster and non-cluster analysis, which is known as the Anselin Local Moran's I 

statistic, is an optimal model for representing the statistical distribution of phenomena in space 

(Waagepetersen & Schweder, 2006). For this purpose, to cluster and non-cluster analysis and 

in each feature in the information layer, the Z-score and P-Value, which express the significance 

of the calculated index, were calculated based on the following relationship (Anselin, 1995; 

Zhang et al., 2008; Anselin et al., 2009): 

𝐼𝑖 =
𝑥𝑖−𝑥

𝑆𝑥
2  ∑ 𝜔𝑖𝑗 (𝑥𝑖 − 𝑥)𝑛

𝑖=1 𝑗≠𝑖  (7) 

Where, xi is the feature of the ith complication and 𝑥 is the average of the relevant 

characteristic, ω (ij) is the spatial weight of the i and j complications, and the value of si is 

calculated using the following equation (Anselin, 1995; Anselin et al., 2009) 

𝑆𝑖 =  [
𝑛2 ∑ ∑ 𝑊𝑖𝑗

2+3(∑ ∑ 𝑊𝑖𝑗
𝑛
𝑗=1

𝑛
𝑖=1 )

2
−𝑛 ∑ (∑ 𝑊𝑖𝑗

𝑛
𝑗=1 )

2
𝑛
𝑖=1

𝑛
𝑗=1

𝑛
𝑖=1

(𝑛2−1)×(∑ ∑ 𝑊𝑖𝑗
𝑛
𝑗=1

𝑛
𝑖=1 )

2 ]

0.5

 (8) 

Where, n is the total number of complications in the layer, Wij is the spatial weight between 

complications i and j, which is the reciprocal of the distance between two complications. Also, 

the standard Z score is obtained from the following equation (Anselin, 1995; Anselin et al., 2009): 

𝑍𝐼𝑖 =  
𝐼𝑖

√𝑉[𝐼𝑖]
 (9) 
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𝑉[𝐼𝑖] = 𝐸[𝐼𝑖
2] − 𝐸[𝐼𝑖]

2 (10) 

Where, if the value of I is positive, it means that the desired complication is surrounded by 

similar complications. Therefore, the desired complication is a part of that cluster, and if the 

value of I is negative, it means that the desired complication is surrounded by dissimilar 

complications (Dadashi and Fallah, 2014). 

Based on the local Moran index, the regions with positive spatial autocorrelation (maximum 

clusters) and the regions with negative spatial autocorrelation (minimum clusters) are 

identified. In addition to the results obtained from the local Moran's index, hot spot analysis can 

be used to validate the areas with high and low value clusters. In the analysis of hot spots, the 

Getis-Ord-Gi index is also used for all features in the data (Reynolds et al., 2016). The 

calculated Z-score shows the regions in which the data are clustered with low or high values. 

The conceptual framework of this model works in such a way that a hot spot feature is 

considered when the feature itself and the features surrounding it are statistically significant. 

The Z score will be obtained when the local sum of the feature and its neighbors is relatively 

compared with the total sum of the features (Xunqiang et al., 2011). This index is obtained from 

the following equation (Getis and Ord, 1992; Ord and Getis, 1995): 

𝐺𝑖
∗ =  

∑ 𝑊𝑖𝑗 
2𝑛

𝑗=1 − 𝑥 ∑ 𝑊𝐼𝐽
𝑛
𝐼=1

𝑆×
√[𝑛 ∑ 𝑊𝑖𝑗

2𝑛
𝑗=1 −(∑ 𝑊𝑖𝑗

𝑛
𝑗=1 )

2
]

𝑛−1

 (11) 

Also, the following equation is used to calculate S (Getis and Ord, 1992; Ord and Getis, 1995): 

𝑆 = √
∑ 𝑥𝑗

2𝑛
𝑖=1

𝑛
−  (𝑥)2 (12) 

The Gi* is considered as a kind of Z score, therefore Z index is not calculated. The positive 

values of this index that are statistically significant, the higher they are, indicate proper 

clustering and the creation of hot spots (heat islands). The smaller the negative score of this 

statistically significant index means the clustering of low values and they form cold spots 

(Askari, 2019). 

 

3. Results 

Land use/ land cover maps extracted from satellite images provide basic information for 

managing and monitoring environmental systems (Kazemi et al., 2018). Figure 2 shows the 

land use maps of Mashhad and Sari city related to specific time periods. The results of the 

validation of land use maps for each time period are also given in Table 4, and the acreage of 

each land use is shown in Figure 3. 

After extracting land use maps, land use changes were also calculated using the LCM model 

in TerrSet2020 software, which are shown in Figure 4.  

 LST monitoring 

After extracting land use changes, extracting the LST in the desired time period was carried 

using the mono window algorithm within the Google Earth Engine platform. The LST maps of 

the two study areas are illustrated in Figure 5. Based on the obtained results, an average 

temperature increase between 1 to 2 °C was seen in the cities of Mashhad and Sari during the 

years 1985 to 2020. 
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Fig. 2. Land use maps of Mashhad and Sari during the 8 studied periods 

 

Table 4. Classification accuracy of land use maps of Mashhad and Sari  

cities during the 8 studied periods 

 

SARI MASHHAD  

Kappa Overall accuracy Kappa Overall accuracy 

0.871 0.901 0.896 0.927 1985 

0.884 0.913 0.851 0.894 1990 

0.898 0.922 0.883 0.912 1995 

0.902 0.926 0.877 0.912 2000 

0.90 0.924 0.892 9.919 2005 

0.935 0.953 0.89 0.91 2010 

0.967 0.968 0.951 0.969 2015 

0.963 0.966 0.924 0.942 2020 
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 Spatial statistical analysis of LST  

Moran's and local Moran's indices were used to show the spatial distribution of the pattern 

governing the surface temperature of the studied areas (Figure 6). The results of the local 

Moran’s index are shown in Figure 7. Figure 8 shows the average results obtained from the the 

local Moran index (spatial autocorrelation) during 8 periods in all types of land uses.  

  
Fig. 3. Land use acreage for Mashhad and Sari cities during the 8 studied periods 

 

 

  

  

  

Mashhad   

Fig. 4. The increase and decrease of land use areas in Mashhad and Sari during the 8 studied periods 

(in hectares) 
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Sari  

Fig. 4. Continued 

 

In order to validate the results of the local Moran's index and the identified areas with high 

and low value clusters, the Getis-Ord-Gi index was used to analyze the hot spots. In this index, 

a Z-score is calculated in which the regions of data are clustered with a high or low value. 

(Figure 9).  

Figure 10 shows the results obtained from the average distribution of the pattern of hot and 

cold spots in all types of uses. Also, in Figure 11 shows the average increase in temperature in 

the cities of Mashhad and Sari in different land use. 

The results of increase of average temperature for different types of land use changes 

formed in Mashhad in the studied areas are shown in Figure 12. 
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Fig. 5. LST map of Mashhad and Sari during the 8 studied periods 

 

 

 
Fig. 6. Autocorrelation analysis results of the LST obtained from the Moran's index 
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Fig. 7. The results of the local Moran model (spatial autocorrelation)  

of Mashhad and Sari city during the 8 studied periods 
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Fig. 8. The average results of the local Moran index (spatial autocorrelation) during 8 periods. 

 

 

 

Fig. 9. The results of Getis-Ord-Gi index of Mashhad and Sari city  
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Fig. 10. The average results of Getis-Ord-Gi index of the studied areas 

 

 

 
 

Fig. 11. The average increase in temperature in the cities of Mashhad and Sari in different land use  

 

4. Discussion 

In this research, in order to monitor and investigate the relationship between LST and land use, 

Landsat imageries dated 1985 to 2020 were used through the Google Earth Engine system. 

Land use/ land cover maps extracted from satellite images provide basic information for 

managing and monitoring environmental systems (Kazemi et al., 2018). For this purpose, the 

object-oriented method based on the SVM algorithm was employed for the two studied areas 

in 8 time steps. In order to classify images three processing stages, i.e. pre-processing including 

radiometric and atmospheric corrections and contrast enhancement in the Landsat level 1 data, 

choosing the correct classification method based on the quantitative assessment of classification 

accuracy and finally post-processing including the use of Majority/Minority filters, were 

accomplished. As it is clear from the figure 4, the largest area in 1985 for the study area of 

Mashhad belongs to agriculture and for the study area of Sari, it belongs to forests. However in 

2020, these land uses have been greatly reduced and the largest acreage belongs to built-up 

category. This increase in the land use acreage of built-up areas at the same time as the decrease 

in the land use acreage of agriculture and forests shows a clear direction of the sprawl of cities 

and their progress within these land uses. 

Land surface temperature is considered one of the most important effective parameters in 

global studies, which is an important factor in controlling the biological, chemical and physical 

processes of the earth (Alavipanah, 2016). One of the most basic environmental problems is the 

increase in LST and the creation of heat islands in the areas that have been transformed into 

cities or metropolises without management (Alavipanah et al., 2013). 
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Fig. 12. The increase of average temperature for different types of  

land use changes formed in Mashhad and Sari 

 

Since in environmental studies we often face observations that are not independent of each 

other and their dependence on each other is caused by the location of the observations in the 

studied space, recognizing patterns governing spatial data is very important (Singh et al., 2017). 

Moran's and local Moran's indices were used to show the spatial distribution of the pattern 

governing the surface temperature of the studied areas. The results of this analysis show that 

the distribution of features is in the scattered, random and clustered forms. The Moran's index 

closer to positive 1 means that the data have spatial autocorrelation and a cluster pattern, and 

the closer to negative 1 means the data have a scattered and discrete pattern. Cluster mapping 

tools are used to display the distribution pattern of spatial data on the map. The local Moran’s 

index and Getis-Ord-Gi index are among these tools. From the local Moran’s index, where the 

result is displayed spatially on the map, if the value of the I index is positive, the desired feature 

is surrounded by similar features, so it is a part of the cluster, and if it is negative, it is 

surrounded by dissimilar features. The index value is calculated by the standard score and the 

P-Value can be interpreted. In this index, High-High values indicate clusters of high values 

(Hot) or positive autocorrelation (with a 99% confidence level), and High-Low values indicate 

non-clustering, where a large value is surrounded by a small value; and vice versa in the Low-

High values, the low-value feature is surrounded by the high-value features, and finally the 

Low-Low values indicate clusters with negative spatial autocorrelation or low (Cold) values. 

The results of the local Moran's index showed that in both study areas the changes of the 

spatial correlation of the surface temperature are significant with a high level of confidence 
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(with cluster dispersion at the level of 99% and 95% confidence), which is consistent with the 

results of similar studies (Zandi et al., 2023; Shi et al., 2017). However, the formation process 

of hot spots in study areas with different climate conditions were different. In hot and dry areas, 

the formation of hot clusters with a confidence level of 99% has taken place in the Rangelands 

and barren lands, and as a result, heat islands have been located in these areas. The rangelands 

have a maximum temperature compared to built-up areas (based on LST maps); thus have more 

High-High clusters assigned to them compared to the cities. These results are consistent with 

similar research conducted on heat islands in hot and dry regions, which show a reverse trend 

of heat islands in these regions, such that the areas around the city have a higher surface 

temperature than the central areas of the city. This is due to the presence of barren soil around 

the city, which heats up quickly during the day, and on the contrary, surface cold islands are 

created in the city (Lazzarini et al., 2013; Rasool et al., 2015). And based on the obtained results 

and visual comparison of hot spots and their related land uses, it has been determined that in 

temperate and humid climate, hot clusters are also in built-up areas. However, in hot and dry 

climate, hot spots are located in Rangelands and cold spots are located in agricultural lands and 

water bodies. These findings are consistent with the results of the local Moran’s index. Also in 

Getis-Ord-Gi index index, each feature is considered in the framework of the features that are 

located in its neighborhood, and it is considered as a hot spot feature that both feature and its 

neighbors are statistically significant. For positive and statistically significant Z-scores, the 

larger the Z-score means that high values are clustered to a large extent and form hot spots, and 

for statistically significant negative Z-scores, the smaller the Z-score means that more severe 

clustering occurred at low values and formed cold spots 

Based on the results obtained from the average distribution of the pattern of hot and cold 

spots (Fig 15), it was revealed that the pattern of spots in areas with hot and dry climate is also 

different from the temperate and humid climate using the Getis-Ord-Gi index. The rangelands 

have more hot High-High clusters than built-up areas due to having maximum temperatures 

(based on LST maps). These results are also consistent with the studies of Hashemi et al. (2018). 

They demonstrated that the heat islands of urban surfaces have spatial, daily and seasonal 

fluctuations, which is one of the effective factors in the daily spatial changes of the LST, and 

also the difference in the reaction of different land covers to the equal sunlight reaching the 

surface. In hot and dry areas due to the presence of soil and barren lands around the cities, a 

negative heat island (urban Cold Island) is observed during the day. 

Therefore, based on the results obtained and matching the maps of the LST and the maps 

resulting from the identification of hot spots obtained from the of Getis-Ord-Gi and local 

Moran’s index using daily satellite imageries, in the areas with moderate conditions of Caspian 

climate, the highest temperature and hot spots are also formed in built-up areas. However, in 

hot and dry regions, rangeland areas outside the urban area have the highest temperature and 

hot spots. Thus, in order to investigate heat islands, it is suggested to use night images in these 

areas of the city, but the trend of temperature changes can be investigated by using daily 

imageries (Sadeghinia et al., 2013). 

Monitoring the LST (Fig 16) showed an increase in temperature between 1 to 2°C in all 

types of uses during 35 years. In general, the increasing trend of temperature in Sari 

metropolitan was more than in Mashhad metropolitan, so that Sari faced a temperature increase 

of 2°C during the studied period, while the maximum temperature increase in Mashhad city 

was 1.75°C. Moreover, by matching the average LST with the land use dynamics during the 

study periods, it was found that the increasing trend is different in different types of land uses. 

The increase in temperature in the built-up areas was estimated to be 2 and 1.75°C respectively 

in the cities of Sari and Mashhad. Accordingly, the average temperature of the three months of 
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summer in the city of Mashhad in the built-up areas enlarged from 34.5°C to 36.25°C and in 

the city of Sari has reached 31.51°C from 29.51°C. Furthermore, the increasing trend of 

temperature in rangelands of Sari and Mashhad is 1.91°C and 1.75°C, respectively. The 

minimum increase of temperature has occurred in lands with forest use, which is an increase of 

1.02°C and 1.19°C for Sari and Mashhad, respectively. In both climate zones, the areas that 

changes have been in the direction of reducing or eliminating vegetation (such as changing the 

land use from forests and agricultural lands to built-up areas and barren lands and rangelands), 

the increasing trend of temperature is maximum. Conversely, the areas where the changes have 

been in the direction of increasing forests and agricultural lands, the increasing trend of 

temperature has been minimized. 

 

5. Conclusion 

In this research, the changes in spatial autocorrelation pattern of LST and its relationship with 

land use have been monitored in two metropolitans of Mashhad and Sari, Iran. For this purpose, 

temperature and land use maps were extracted during a period of 35 years using Google Earth 

Engine system, and then spatial autocorrelation maps of LST were extracted from the local 

Moran’s and Getis-Ord-Gi indices. The results of consistency analysis obtained from the 

temperature maps and the indices employed in spatial statistics and also their spatial 

autocorrelation monitoring shows the appropriateness of using these indices in the spatial 

monitoring of LST. 

The results proved the increasing trend of temperature between 1°C to 2°C in all types of 

land use according to the type of changes in land use. This increasing trend works differently 

in different classes and changes formed, so that the temperature increase in built-up lands was 

estimated to be 2 and 1.75 degrees Celsius in the cities of Sari and Mashhad, respectively. The 

average temperature of the three months of summer in Mashhad city in built-up areas has 

increased from 34.5°C to 36.25°C and in Sari city from 29.51°C to 31.51°C. while the minimum 

increase in temperature has occurred in the lands with forest coverage, which is 1.02°C and 

1.19°C, respectively in the cities of Sari and Mashhad. Conclusively, in both climatic regions, 

the areas where the changes were in the direction of reducing or eliminating vegetation and 

creating residential areas, the temperature increase trend is the maximum, and the areas where 

the changes were in the direction of increasing forests and agricultural lands, the temperature 

increase trend is the minimum. Therefore, considering this important, and monitoring changes 

in the spatial autocorrelation pattern of the LST, can be used in planning and making the right 

policies for the formation of urban development process and paying attention to the creation of 

urban green spaces with proper distribution. Finally, it is suggested to combine the results to 

land use change modeling with different scenarios for the future years, and then by comparing 

the results in each region, take steps for proper management and sustainable development in 

urban areas. 
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