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Spatial prediction of the urban inter-annual land surface temperature variability: 

An integrated modeling approach in a rapidly urbanizing semi-arid region 

Abstract 

The inter-annual land surface temperature (LST) is a meteorological indicator ofurban environments, affecting energy 

consumption and quality of life. In this study, the annual LST variability (ALSTV) of a rapidly urbanizing region in 

Iran including Karaj, Shahriar and Mohammad-Shahr cities and their surrounding suburbs was estimated using 

Landsat-8 images. Pixel-based image classification and object-based segmentation techniques were employed to 

extract built-up patches and spectrally homogeneous regions. Using the multiple regression analysis, the ALSTV of 

built-up patches was modeled as a function of their structure and the spatial characteristics of other land-use patches 

located in their respective segments (as neighborhood factors). A Cellular Automata model was utilized to simulate 

the expansion of built-up area up to 5% and, therefore, estimate their future ALSTV. The mean ALSTV was highest 

in urban areas (33.25± 7.41 °C), while the lowest mean value of24. I 2± 3.24 °C was in green covers. The ALSTV of 

built-up patches were positively associated with their area and the percentage and size of neighborhood built-up 

patches, while negatively with the percentage of neighborhood green patches. To create a thermally comfortable 

landscape, additional green patch allocation and preventing excessive urban patch growth are required in all large 

built-up segments. 

Keywords: Cellular Automata; Landscape metrics; Spatial pattern; Urban landscape planning; Karaj. 

Introduction 

Since the first decade of the 21st century, a progressive study in thermal remote sensing has 

brought out new research subjects associated with the thermal behavior of various land use/ land 

cover (LULC) classes from a single patch (Wang, Zhan, & Ouyang, 2017) to complex human­

altered landscapes (Gao, Zhan, Yang, & Liu, 2020; Y. Liu, Peng, & Wang, 2018). These 

characteristics are all retrieved from various satellite images such as Landsat 8- thennal infrared 

sensor (TIRS) and Moderate Resolution Imaging Spectroradiometer (MODIS) thermal infrared 

data, which are known as Land Surface Temperature (LST) (Avdan & Jovanovska, 2016). With 

the growing availability of LST data in various spatio-temporal scales, LST has been recognized 

as a key variable in environmental studies ranging from crop water-stress detection (Gerhards et 
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al. 2019), water resources management (Kumar 2015), and geothermal activity of volcanoes 

(Muravyev 2018) to urban thermal comfort (Feng et al. 2020) and urban growth management (Rao 

et al. 2021; Lakra and Sharma 2019; Achmad et al. 2022). In human-altered landscapes, significant 

associations were also found between thermal characteristics of different LULC classes and other 

environmental processes such as Urban Heat Island (UHI) (Ren et al. 2021). 

Nowadays, a large body of research has been done regarding the influence of LULC spatial 

patterns on LST (Azhdari, et al., 2018; Tang et al. 2018; H. Zhao et al. 2020). However, 

geographical conditions such as climate and topography were found to be important factors in 

determining the relationship between LST and LULC patterns. Moreover, patch interior 

characteristics and the cooling potential of LULCs such as vegetation (green) covers also 

determine how different LULC patterns affect LST at different times of the year (Sun et al. 2020; 

Allen et al. 2021 ). These varying conditions and factors highlight the necessity of forming 

innovative methodological frameworks to develop urban planning and management insights into 

the effect of different spatio-temporal LULC patterns on LST attributes in warm and cold periods. 

Besides the increasing technical performance of LULC classification and LST retrieval 

(Sekertekin and Bonafoni 2020), the utility of landscape metrics and spatial LULC change 

simulation models have been extensively employed as useful means to investigate the relationships 

between LULC patterns and LST variability. In the realm of LST studies, landscape metrics have 

been applied in numerous research in delineating the relationships between LULC patterns and 

LST (Tang et al. 2018; H. Zhao et al. 2020; Effati 2022). 
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in urban areas (Qiu & Jia, 2020). The edge effect as a neighboring characteristic provided a 

theoretical framework to investigate the ecological consequences of urban landscape modification 
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and fragmentation (Peng et al. 2022). Studies adopting this concept assume the spatial pattern of 

LULC, particularly urban patches, affects the neighboring areas at a certain distance or the entire 

landscape (Asgarian et al. 2015). Therefore, these findings demonstrate that the neighboring 

variables affects local LST. To explore the neighborhood effects on LST, in literature, several 

14 techniques have been adopted. For instance, Meng et al. (2022) employed the moving window 
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method to explore the effect of neighboring characteristics on LST in Beijing, China. However, 

there is still no precise definition of what factors represent the neighborhood and how much LULC 

patches are affected by the neighbors due to the complexity of LULC relationships and interaction 

24 processes as well as the effect of climate at landscape levels. 
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Moreover, in the realm of LULC-LST relationship studies, there has been established a new 

paradigm concerning possible changes in future LULC classes on urban LST and thermal 

environments. In this case, Khan et al. (2022) predicted future LULC and LST changes in the 

Swabi District of Pakistan using an integrated weighted cellular automata (CA) model, finding that 

appropriate allocation of LULC classes might alleviate the creation of UHis associated with 

urbanization and built-up areas. Rehman et al. (2022) analyzed a time-series LULC and its 

41 associated LST changes using a combination of remote sensing, statistical methods, and the spatial 
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CA model. They found that urban area expansion is the primary cause of increased LST in urban 

areas. Bozorgi et al. (2018) developed a scenario-based approach to determine how different 

LULC changes affect future LST. A regional-scale study by Afrakhteh et al. (2016) revealed that 

the area of urban patches is a crucial factor that determines urban LST. They also built significant 

statistical urban area-LST relationships to model future urban LST in a rapidly growing region. 

Previous studies provided abundant evidence related to the inter-annual variability of LST in urban 

areas for a better understanding of the driving mechanisms of the urban thermal environment. For 
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instance, Xiang et al. (2021) showed that landscape composition, biophysical parameters, and 

climate conditions during seasons lead to an inter-seasonal variation of LST in an urban 

agglomeration, China. However, the effect of urbanization on urban inter-annual (temporal) LST 

variability (ALSTV) is still unclear and poorly understood due to the multitude of influential 

factors such as the spatial pattern of the urban landscape. ALSTV, in this research, is defined as 

the difference between the annual minimum and maximum temperature that can be achieved using 

LST. Many studies in this area have shown that urban expansion influences seasonal and annual 

LST but this effect may vary depending on the geographical, topographical, and spatial pattern 

characteristics of the study region, which requires region-specific studies in the field of urban 

expansion and LST variability (Zhou et al. 2016; Li et al 2022). 

In this research, we focused on urban inter-annual temperature to investigate how urban growth 

results in increased ALSTV in a rapidly urbanizing and semi-arid region in the Karaj urban area, 

north of Iran. The study area of this research, experienced an unplanned and accelerated urban 

expansion in the past decades (Taleshi and Ghobadi, 2012), replacing vegetation cover with built­

up areas that lead to creating UHis (Mokhtari et al, 2022). Considering the above background, in 

this research, to investigate the effect of urban expansion on the Karaj UHi and its thermal 

consequences, a hierarchical LULC classification approach was adopted. At first, Sentinel-2 image 

segmentation was performed to identify homogeneous areas having the same interior LULC 

patterns. Then, patch-based built-up (residential) areas were extracted using a pixel-based 

classification procedure and applied for the calculation of their spatial patterns. Relying on the 

ability of the Google Earth Engine, ALSTV was estimated using two temporally-median-filtered 

Landsat-8 TIRS images. The multiple linear regression model was applied to investigate how the 

ALSTV of built-up patches can be explained by their spatial patterns and those of surrounding 
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patches situated within the same spectral segment. Ultimately, the current urban area was modeled 

to grow up to 5% of the study region using a spatially-informed CA model that can identify the 

urban patches that will experience an increased ALSTV in the future. 

Material and methods 

Study area 

The study area of this research includes Karaj (capital of Alborz Province), Shahriar and 

Mohammad-Shahr cities and their surrounding suburbs. The area of the region is about 30818 ha, 

of which 7000 ha is administered by municipal authorities. The population of the Karaj region 

increased exponentially more than seventy times in the last five decades (1967-2017). Due to its 

proximity to the capital and favorable weather, after Tehran, Karaj is the largest immigrant­

friendly city in Iran (https://karaj.ir). With over 2.2 million inhabitants, it is the fourth-most 

populous urban district in the country (https://www.amar.org.ir). Topographically, the area is 1300 

m above sea level and has plain land, sloping gently (less than 3%) from northeast to southwest. 

The climate of the study area is a four-season arid and semi-arid according to De Martonne's 

climatic classification scheme (https://www.amar.org.ir). The vegetation cover of the Karaj urban 

region includes public parks, planted tree-cover areas, fragmented croplands, and sparse rangeland 

(Mokhtari et al. 2021). The mean annual precipitation and temperature of the region are 247 mm 

and 14.4 °C. The hot season lasts from June to September. The hottest month of the year in Karaj 

is July with a mean temperature of 34.6 °C. The cold season lasts from November the March and 

the coldest month 1s February with a mean temperature of 9.2 °C 

(https://alborz.mporg.ir). Notably, over the past decades, this area has experienced warmer 

summers and a high rate of heat-related mortality (Ghobadi et al, 2018). Fig. 1 shows the study 

area of the present research. 
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LST and LULC generation 

Fig. 1. Location of the study area 

To retrieve the ALSTV layer, we used the Landsat 8- Thermal Infrared Sensor (TIRS) images 

taken in 2021, except for those images that were covered by clouds and other atmospheric 

disturbances. Moreover, images taken three days after heavy rains were excluded as they might 

not represent an actual estimate of the region's LST. Excluding these dates, all of the 2021 Landsat 

8-TIRS band 10 images were selected from the open-source Google Earth Engine platform

(Mutanga and Kumar 2019). Then, two combined band 10 images were created by applying the 

maximum and minimum filters. LST retrieval from band IO has higher accuracy than band 11 
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because of TIRS calibration issues (Yu et al., 2014). The maximum-radiated band 10 was created 

using the pixels of eight images taken on hot summer days while the minimum-radiated band 10 

was created using seven images of cold winter days. Both images were processed using the 

Radiative Transfer Equation-based method to retrieve LST values (Ezimand et al. 2021 ). At first, 

the sensor-specific gain and offset coefficients were used to convert the image raw values (Digital 

Numbers- DN) to spectral radiance using Eq. 1, followed by conversion to at-satellite brightness 

temperature (7) using Eq. 2 where kl and k2 are band-specific thermal conversion constants, 

which are 774.89 and 1321.08, respectively (Cristobal et al. 2018). The land surface emissivity 

was calculated using the Landsat-8 band 10 based on the NDVI proposed by Sobrino et al. (2008). 

LST were calculated using Eq. 3, where A represents emitted wavelength, a is Boltzman constant 

(1.38*10-23 k/J), h is Plank constant (6.626xl0-34 J/s); c is the light velocity (2.998xl08 m/s), 

and £ is the emissivity of the land surface. 

L(A) = gain (DN) + offset 

T = K2/ Inc��
)

+ 1 )- 272.15 

LST=T/[l+(AXT/(h xc/a)lnE 

Eq. 1

Eq. 2

Eq.3

The LULC layer of the region was created using a median-filtered image produced from the 

Sentinel-2 taken over the year 2021 into three classes built-up, green cover, and bare land. In doing 

so, the maximum likelihood classifier was trained using 70% of reference data collected through 

random visual inspection of aerial photographs. Using the remaining 30% (total of 500 reference 

points), the error matrix was constructed to assess the validity of image classification, assuming 

that user and producer accuracies (Comber, 2013) of more than 80% indicate an acceptable 

classification performance. User accuracy is calculated for each class to assess that how much a 

class belong to that class on the ground. Producer accuracy calculation for each class indicates 
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Drawing from the literature review and experts' opinions with the exception of significantly 

correlated variables, a set of structural and neighborhood factors were measured to construct an 
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(SI), and core area (CORE) of built-up patches calculated at the patch level using the FRAGSTATS 

landscape pattern analysis program (McGarigal, 2006). SI refers to the complexity of a patch shape 

while CORE refers to the interior patch area (Table 1) (McGarigal, 1995). In this research, 

neighborhood-independent variables were measured within a spectral segment generated from the 

Sentinel-2 image. The segments were generated using the multi-resolution segmentation method 

(Li et al., 2021). This method requires the setting of four major parameters including scale, band 

weight, compactness, and shape. As suggested by H. Tong, Maxwell, Zhang, and Dey (2012), the 

values of these parameters were set through trial and error until achieving a satisfactory 

segmentation with scale, compactness, and shape values of 50, 0.3, and 0.5 and equal band weights 

of 1. Mean patch size (MPS), percentage of built-up and green land cover (B-PLAND and G-

PLAND, respectively), number of built-up patches (NP) and their mean distance from each other 

(Euclidian Near Neighbor- ENN), and Shannon Evenness index (SHEI) of LULC classes were 

calculated within each segment as neighborhood variables affecting the segment overall ALSTV 

and their built-up patches. A brief description of the spatial metrics used to measure neighborhood 

variables is given in Table l (McGarigal, 1995). 
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Table I. The equation, variable description, and range of spatial metrics used to predict built-up ALSTV 

Metric 

NP 

PLAND 

MPS 

CORE 

SI 

ENN 

SI-IEI 

Formula 

- L�1 (p, - lnp;)
SHEi= -----­

lnm 

Variable description 

n is the total number of patches 

a,
j 

is an area (m2)

of patch ij 
A is total landscape area (m2) 

n is the total number of patches 
aij is an area (m2)

of patch ij 

af
j 

is the area within a patch that is farther than a 
distance from the patch edge 

aij is an area (m2) 

of patch ij 
Pij is perimeter (m) 

of patch ij 

Distance (m) from patch ij to nearest neighboring 
patch 

n is the total number of patches 

p, is the proportion of the landscape occupied by 
patch type i 

m is the number of patch types 

Range (unit) 

NPc::l 

0 < PLAND :5 I 00 

MPS c:: 0 (ha) 

CORE c:: 0 (ha) 

SI c:: I 

ENN > (m) 

0 :5 SHEI :5 I 

The multiple linear regression model (Hu et al., 2019) between ALSTV layer as the dependent 

variable and a set of structural and neighborhood variables was used to construct a predictive 
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independent variables, the collinearity among them was expected to be minimal; however, the 

Variance Inflation Factor (VIF) (Vorosmarty & Dobos, 2020) was used for collinearity diagnosis, 

considering that a model with a VIF value of more than 3 is subject to collinearity. The non-normal 

distribution of independent variables was normalized using the Box-Cox transformation technique 

(Begum & Dohi, 2018). Finally, the best-fit regression model was chosen based on the highest 

coefficient of determination (R2). 

Future urban growth scenario 

In~ a; · 
PLAND = J-l 1 (100) 

A 
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To suggest a practical implementation of the model, we applied an informed urban growth 

procedure to simulate future urban expansion at a time t when built-up areas would grow up to 5 

% of the region's area. To do so, we used a Cellular Automata (CA) (X. Tong & Feng, 2020) 

model for 5% allocation of the area to new urban pixels. The allocation process was guided using 

an urban suitability map produced by the multi-criteria evaluation (MCE) method (Meena, Mishra, 

& Tavakkoli Piralilou, 2019). Nine factor layers including slope, land use, and distance from the 

highway, rail transport, primary and secondary roads, urban centers commercial facilities, and 

recreational attractions were chosen and fuzzified using different membership functions as given 

in Table 2. Constraint boolean-derived layers indicating zero potential for conversion to built-up 

area consisted of built-up mapped in 2020, transportation network, urban parks, and river and 

stream network. The relative importance of factor layers was determined using the analytic 

31 hierarchy process (ARP) (Teknomo, 2006) and judgments of local experts' opinions. The 
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fuzzified and relatively weighted factor layers together with constraints were integrated linearly 

using the weighted linear combination (WLC) (Eq. 4) where Wi is the relative weight of factor i 

(Xi) and C is constraints. 

Eq. 4 

The regression model was finally used to predict the ALSTV of every single built-up patch at time 

t using their area, MPS, ENN, and B-PLAND of their corresponding segment assuming that green 

cover areas (including agricultural and planted tree-cover areas) would not change to bare land. In 

other words, the spatial characteristics of every single built-up patch were calculated and 

implemented in the best-fit regression model to estimate their ALSTV. The steps undertaken in 

5 7 this research are represented in Fig. 2. 
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Fig. 2. Research flowchart

Results 

The Landsat 8-based inter-annual variability of LST was created for 2021 (Fig. 3). The lowest 

43 ALSTV was found to be 19.05 °C. The mean ALSTV was highest in urban areas (33.25± 7.41 
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0C), while the lowest mean value of 24.12± 3.24 was observed in green covers (Table 3). Spatially, 

ALSTV was highest in northern parts of the region where urban areas are relatively compact with 

homogeneous built-up surfaces (higher B-PLAND and B-MPS and lower B-ENN) (Fig. 3). The

accuracy of Sentinel-2 image classification was found to be satisfactory such that both user and 

55 producer accuracies were above 80% (Table 3). Particularly, the user and producer accuracies of 
56 
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urban areas were 87.05 and 95.75 %, respectively, indicating that approximately 20.7 % (6396.31 

ha) of the region is covered by built-up areas. The results of multi-resolution segmentation are 
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shown in Fig. 3. In total, 865 segments were created. The smallest segment with an area of 1.25 

ha was related to a dense tree cover while the largest segment of 387.43 ha belonged to a 

homogenous bare land in the southwest of the region (Table 4). On average, segments had an area 

of 35.62 ha with a high standard deviation (36.74), which demonstrates high heterogeneity of 

14 landscape characteristics in the study area. 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

Table 3. Annual LST variability, area, and accuracy results of L ULC classes 

LULC 
Statistics 

Urban area Green cover Bare land 

Mean 33.25 24.12 26.18 
ALSTV 

Stdev. 7.41 3.24 4.87 

# of reference points 330 178 13 I 

User accuracy 87.05 97.26 80.76 

Producer accuracy 95.75 79.77 80.15 

Area (ha) 6396.31 5942.0 I 18480.23 
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Fig. 3. Layers of annual LST variability, built-up areas, and spectral segments derived from Landsat-8 

and Sentinel-2 images 

The area of built-up patches ranged from 0.01 (equal to Sentinel-2 pixel size) to 29.56 ha "vith a 

mean of 3.84± 6.43 ha (Table 4). The mean SI of built-up patches was 1.51± 0.49. Small built-up 

Annual LST variability 

37.14 °C c:J Built-up area 

19.05 °C c:J Spectral segments 
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patches, particularly single-pixel ones had no core area, whereas the largest built-up patch of the 

study area had a core of 18.85 ha. The mean core size of built-up patches was 9 .34± 7.43 ha (Table 

4). The number of within-segment built-up patches ranged from 0 (in 21 segments) to over 430 

(mean of 54.16± 94.34). In compact segments, B-ENN values were 22 m. However, in the center 

and southwest of the area where the sprawl growth pattern is dominant, the class-level B-ENN 

values increased to more than 500 m (Table 4). The mean size of built-up patches within the 

spectral segments was found to be 16.57± 20.67 ha in a range of 46.42 ha. The most built-up 

dominated segment had a B-PLAND of more than 94. Moreover, less than 20% of the segments' 

area was occupied by green structures. The SHEI index ranged between 0.01 and 0.69 with a mean 

value of 0.34± 0.17 (Table 4). 

Table 4. Statistics of spectral segments, urban patch structure, and neighborhood variables 

Statistics 
Variable 

Min. Max. Mean Stdev. 

Segment Area 1.25 387.43 35.62 36.74 

Area 0.01 29.56 3.84 6.43 

Built-up patch structure Core 0.00 18.85 9.34 7.43 

SI 1.13 1.22 1.5 I 0.49 

B-NP 0 433 54.16 94.34 

B-PLAND 0.00 94.18 48.53 33.76 

G-PLAND 0.00 83.24 19.54 16.43 
Neighborhood 

B-MPS 0.00 46.42 16.57 20.67 

B-ENN 22.24 539.22 135.61 I 09.43 

SHEi 0.01 0.69 0.34 0.17 

51 Although there was no significant correlation (p> 0.01) between the selected variables, they all 
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had non-nom1al distributions either due to excessive skewness or kurtosis. The Box-Cox 

transformation was used to convert independent variables to normal distributions with p-values 

between 0.157 and 0.200. The best-fit ALSTV regression model was built with R2 = 0.637 (p = 
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0.000) using four independent variables of built-up patch area (t = 1.615, p = 0.000) (Eq. 5), B-

MPS (t= 2.773, p = 0.002), B-PLAND (t = 1.269, p = 0.004) and G-PLAND (t = -2.108, p = 0.043) 

(Table 5). Due to the participation of non-correlated independent variables, all VIF values showed 

an acceptable range of 1.223 (Area) to 2.625 (G-PLAND), resulting in an interpretable regression 

model. Except for G-PLAND, other variables had a positive contribution to ALSTV, indicating 

that increasing ALSTV of a built-up patch is a function of its area and the percentage and size of 

those built-up patches creating a spectral segment. Moreover, increasing percentag of green cover 

within a segment would alleviate ALSTV. 

Annual LST variability = 12.552 + 2.286 (Area) + 1.4 75(8 - MPS)+ 1.007 (B - PLANO) - 0.349 (G -

PLANO) + £ Eq. 5 

Table 5. Statistics of the best-fit multiple linear regression model and results of collinearity diagnostics 

Unstandardized Coefficients 
Standardized 

Collinearity 
Model Coefficients Sig. 

B Std. Error Beta Tolerance VIF 

(Constant) 12.552 7.976 4.690 0.010 

Area 2.286 l.416 0.297 l.615 0.000 0.818 1.223 

B-MPS 1.475 0. 532 0.301 2.773 0.002 0.764 1.308 

B-PLAND 1.007 0.793 1.336 1.269 0.004 0.463 2.160 

G-PLAND -0.349 0.165 -0.183 -2.108 0.043 0.381 2.625 

The urban growth suitability map of the region was driven by multi criteria evaluation (MCE), 

which is illustrated in Fig. 4 A. The highest urban growth suitability was found to be within dense 

urban patches in urban centers and near commercial and recreational hotspots. The effect of the 

52 road network was more important in central and southwestern parts of the region, where scattered 
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urban growth is more prominent. The CA-resulting 5% future urban growth is shown in Fig. 4. 

Approximately, all of the future urban growth, accounting for 1588.64 ha, was projected to occur 

in edge-growth and in-fill patterns such that larger patches became bigger, while small urban 
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patches experienced a relatively low area growth due to the low suitability of land in areas with 

sprawling development pattern. As shown in Fig. 4 B, some parts of the region are likely to 

experience in-fill growth patterns, which may face increased ALSTV or increased segment 

ALSTV. Using Eq. 5, the ALSTV of every built-up patch and segment was calculated. The 

projected ALSTV of simulated built-up patches is represented in Fig. 4 C. Patches that will 

experience ALSTV of more than 40 °C are colored in dark blue, accounting for an area of around 

1475.47 ha. As shown in this figure, patches with high ALSTV values were distributed dispersedly 

across the region in areas expected to experience notable future urban growth. 

A: Spatial distribution ofurban growth suitability; B: Future 5% growth simulation; C: ALSTV of the 
simulated built-up patches. 

Discussion 

The results of the research showed that built-up class faced the most extreme temperature changes 

in urban areas (33.25± 7.41 °C), while the lowest mean value of24.12± 3.24 was observed in green 

covers. Moreover, the ALSTV of built-up patches showed a positive relationship with their area 

Urban growth suitability 
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and the percentage and size of neighborhood built-up patches while negatively related with the 

percentage of neighborhood green patches. Drawing from the results, the ALSTV range is 

positively associated with the area of built-up patches (compositional characteristics) irrespective 

of their spatial structure and landscape configuration. 

Methodologically, in this research, to construct a better ALSTV predictive model, neighborhood 

(spatial) factors were taken into account. A wide source of evidence indicates that the thermal 

characteristics of LULC patches not only are a function of their spatial pattern but also are affected 

by neighborhood factors. Hence, some urban planning strategies took advantage of green covers' 

cooling capacity to mitigate built-up LSTs in neighboring areas (Asgarian, Amiri, & Sakieh, 2015; 

Rouhi, Chamani, Jafamezhad, & Asgarian, 2018). In studies focusing on the spatial effects of 

adjacent factors, neighborhood variables are usually measured within a series of buffer rings 

around the predicting variable of interest (Connors, Galletti, & Chow, 2013; Gage & Cooper, 2017; 

Rouhi et al., 2018). Putting them together, to explore neighborhood effects, different procedures 

have been adopted in the literature: using radius distances (F. Liu, Jia, Li, Du, & Wang, 2020; 

White-Newsome et al., 2013), edge boundaries (Chen, Zhou, Man, & Liu, 2021; Chun & 

41 Guldmann, 2014), and moving window method (Meng et al, 2022). In this study, a new approach 
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to investigate neighborhood effects was introduced based on spectral characteristics. In such a way 

that neighborhood independent variables were measured within a network of spectral segments 

computed from the Sentinel-2 image applied for LULC classification. Although the segmentation 

process was performed on spectral bands, its validation was carried out by visual-spatial matching 

of the segments with the ALSTV layer. Moreover, we assumed that if the segments are a reliable 

measure of the neighborhood, some LULC characteristics of the segments could be incorporated 

into developing the best patch-level ALSTV predictive model. 
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The findings indicated that the ALSTV of urban patches is also affected by neighborhood built-up 

and green patches (Table 5). The ALSTV of patches is expected to be high in segments that are 

highly dominated by large-sized built-up patches (higher B-PLAND and B-MPS values). In other 

words, segments with higher ALSTV values might induce higher thermal variability in the newly-

14 developed urban patches. In line with our results, H. Liu and Weng (2008) and Zhang, Odeh, and 
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Ramadan (2013) also found that the mean size of urban patches in newly developed zones is high 

and exhibits relatively higher mean LST values. In this research, a meaningful negative 

relationship was found between the ALSTV of urban patches and the percentage of their respective 

segments covered by green areas. This is consistent with the results of numerous studies related to 

the cooling effect of urban green areas (Hamada & Ohta, 201 O; C. Wu et al., 2021; B. Zhang, Gao, 

& Yang, 2014; Das, Das, & Momin, 2022). 

The results of the best-fit regression model showed that the area of built-up patches is the most 

important explanatory variable of ALSTV such that larger urban patches might experience higher 

degrees of temperature in summer while lower degrees in winter. In some Iranian landscapes, the 

area of built-up patches was also identified as the single most important variable explaining spatio-

temporal variations in LST (Afrakhteh, Asgarian, Sakieh, & Soffianian, 2016). Based on the 

results, it seems that the ALSTV range is positively associated with the area of built-up patches 

irrespective of their spatial structure and landscape configuration. 

Related to the projected urban growth of the study area, the results of urban expansion modeling 

showed that the region has a high tendency to become more compact through filling inter-urban 

vacant areas, which are seen throughout the study area, thus adversely affecting the region's 

thermal environment. This is in agreement with previous findings (Fu & Weng, 2018; Harrison & 
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Winfree, 2015), which indicate that compact urban areas experienced high ALSTV (S. Zhao, Liu, 

& Zhou, 2016). 

This result has profound implications for urban landscape planning, indicating that segment-based 

urban greening may be more effective in areas suffering from high ALSTV. Similar to our 

findings, Wu, Yao, and Ren (2020) found that the spatial variation of LST can be statistically better 

explained, predicted, and exploited for management when the urban complex landscape is divided 

into functionally heterogeneous zones. 

In this study, we considered urban green patches, urban segments, and the effect of climate change 

as constant to predict the future ALSTV of urban patches. Due to adopting a segment-based 

approach, ALSTV was found to be more sensitive to the local growth of individual urban patches 

and their adjacent LULCs. This finding urges a shift in the focus of urban policies from high-

growth areas to all areas in order to form new urban clusters. According to our results, further 

allocation of green patches (such as urban parks) and preventing the excessive growth of urban 

patches are essential in all large built-up segments across the entire study area to create a thermally-

comfortable landscape. 

Conclusion 

This study developed an integrated modeling approach to estimate the future annual variability of 

the LST in Karaj urban area as a rapidly urbanizing and semi-arid in Iran. The results showed that 

the highest ALSTV was in built-up areas while the lowest value was observed in the green area. 

The ALSTV of built-up was positively associated with their area and the percentage and size of 

53 neighborhood built-up patches whereas neighborhood green patches decreased ALSTV. The 
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results also indicated that the size of built-up patches is the primary factor in the variability of 

urban LST. Moreover, the results highlighted the importance of both local and neighborhood 
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effects of LULC classes on ALSTV in semi-arid urban areas. The research findings indicate that 

the urban surface thermal sources can be identified, modeled, and predicted using the local 

(segment-based) LULC characteristics. Due to the importance of the LULC neighborhood factors, 

it is suggested to employ LULC change modeling techniques to investigate the spatial dynamics 

of all LULCs, especially green covers, and simulate the spatial dynamics of spectral segments 

using the predicted LULC maps. Overall, this study can provide new insight to optimize landscape 

planning for achieving sustainable development. 
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