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Abstract

The urban heat island (UHI) effect is one of the most studied manifestations of urban climate in cities. Understanding the
dynamics of UHIs and identifying their relationship with changes in urban landscape and infrastructure is necessary to
address tailored adaptation and mitigation policies. This paper aims to explore the effects of urban infrastructures (Ul) on
land surface temperature (LST) and the energy balance. The land surface temperature is retrieved via the split-windows
method. To calculate the urban infrastructure relationships with land surface temperature, the impact of urban infra-
structures and urbanization on LST is analyzed using Getis Ord Gi* statistics and Band Collection Statistics (BCS). Fuzzy
Path analysis is used to evaluate the coefficient values of each urban infrastructure (green-blue-gray-red) with LST in the
case study of Mashhad. Results indicate that (a) urban gray infrastructure (UGRI), urban red infrastructure (URI), and urban
blue infrastructure (UBI) have a direct impact on LST, (b) the urban green infrastructure (UGI) can have a diverse impact
on LST, (c) among the urban infrastructures, the urban gray infrastructure has the highest and urban red infrastructure
has lowest impact on LST. Findings highlight the vital need for contextual policies for UHI mitigation strategies tailored
to the urban grey infrastructure. The methodology used in this paper can be evaluated in other cities worldwide.
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Abbreviations
LST  Land surface temperature
Ul Urban infrastructure

UHI  Urban heatisland

UGl  Urban green infrastructures
UGRI  Urban gray infrastructures
UBI Urban blue infrastructures
URI Urban red infrastructures
LUC Land-use cover

AT Air temperature

BCS  Band collection statistics
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SVF  Sky view factor
BCR  Building coverage ratio

1 Introduction

With the global population projected to rise to 9.7 billion by 2050 [1], rapid urban expansion has become inevitable.
This population surge places substantial demands on urban infrastructure and critical ecosystem services within cities.
However, urban expansion often leads to a degradation in ecosystem services [2], resulting in environmental challenges
that affect urban life quality and sustainability. For instance, cities across East Asia have experienced large-scale infra-
structure growth, leading to the Urban Heat Island (UHI) effect, which is linked to elevated surface and air temperatures
in urban areas compared to surrounding rural environments [3]. The UHI effect exacerbates energy demand in cities,
where increased cooling needs drive up energy consumption. This increased demand not only affects indoor thermal
comfort but also adds to outdoor heat stress [4-7], generating higher levels of pollutants such as sulfur dioxide, carbon
monoxide, nitrogen oxides, and particulate matter from power generation sources reliant on fossil fuels [8].

The impact of UHI can be studied through Land Surface Temperature (LST), a critical metric for assessing surface heat
distribution and the energy exchange dynamics on urban surfaces[9, 10]. LST plays a significant role in determining
urban air quality[11], thermal comfort [12], human health [13], energy consumption [14, 15], and even water quality [16].
Equation 1 outlines the relationship between UHI intensity and the urban land surface energy budget[17],, showing that
surface characteristics, like albedo, can influence how much solar radiation is absorbed or reflected by urban surfaces.
Consequently, surfaces with higher albedo reduce solar radiation retention, mitigating the UHI effect to some extent.

(A —a)_(1) +/_(LW |) — e6TS* — Hs — HI — Hg = 0 M)

where g, € and Ts are the surface albedo, emissivity and temperature, ll is the downward surface insolation, ILW,l is the
downward long-wave radiation, ¢ is the Stefan Boltzmann constant, HS and HI are the sensible and latent heat fluxes
and Hg is the ground heat flux.

Given these connections, understanding how various types of urban infrastructure (Ul) contribute to LST is critical. Ul
encompasses a range of elements fundamental to urban functionality, which can be broadly categorized into human-
centered aspects and physical components. Human-centered Ul includes structures supporting a city’s economic, social,
and political systems [18-21], whereas physical Ul comprises the built environment, such as buildings, transportation
systems, and green spaces [22, 23]. Different infrastructure types influence LST and contribute to UHI in unique ways.

Urban green infrastructure (UGI), for example, has been recognized as an effective means of mitigating climate change
impacts within cities. By enhancing urban sustainability and resilience, UGI helps counteract the UHI effect through
shading, evapotranspiration, and improved air quality [24-35]. Similarly, urban blue infrastructure (UBI)—which includes
natural and artificial water bodies—plays a significant role in moderating UHI intensity by emitting longwave radiation to
cool urban surfaces, particularly during high-temperature periods [36-41]. Urban gray infrastructure (UGRI), consisting
of the engineered structures that shape city form and function, also affects LST, but its impacts are often less straight-
forward to categorize due to overlapping elements like mixed-use spaces [28, 42-45]

Recent studies have explored the interactions between Land Surface Temperature (LST) and Urban Infrastructures
(Ul). This research builds on previous works examining Ul and LST and their effects on urban energy balance, using Mash-
had as a case study. However, the influence of Urban Red Infrastructures (URI) on LST has been overlooked. URI is the
human infrastructure that creates an environment providing functions for the social, economic, and political systems
[46] (Table S1). The overall view of the Ul in a city with examples, is shown in the Table 1. Since previous studies have not
identified the specific factors of UR, this research aims to determine these factors through interviews and questionnaires
with urban experts to identify the URI components affecting LST in Mashhad.

Moreover, although a few related studies have particularly explored LST in Mashhad [47, 48], there are still several
challenges to be further improved including the impact of Ul on LST. The increase in air temperatures, not only affects
urban energy usage intensity, but also leads to significant growth of heat related diseases and mortality in summer
[49]. This paper aims to answer two key research questions: (A) What are the specific effects of urban infrastructure (Ul)
on land surface temperature (LST) and energy balance? and (B) How do interactions among green, blue, grey, and red
infrastructures influence LST? The study presents a structured methodology to evaluate how different Ul components
interact with LST. Additionally, it introduces a novel approach for quantifying the significance of these interactions within
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Examples UGRI Roads, streets, bridges, transportation
systems, sewage systems

UGl Parks, urban forests, gardens

UBI Rivers, lakes, canals, reservoirs

URI People and families per residential Unit

the current urban framework and their potential impact on future urban developments. Given that urban planning
regulations are consistent across Iranian cities, this methodology can be broadly applied to identify Ul parameters that
affect LST and energy balance in other urban settings as well. This is because cities in Iran follow similar planning frame-
works, infrastructure types, zoning practices, and building standards are largely consistent nationwide. This regulatory
uniformity ensures that the interactions between various Ul and LST observed in one city are likely to be applicable to
others with similar urban forms and densities.

2 Materials and methods
2.1 Study area

This study is conducted in Mashhad, the capital city of Khorasan-e-Razavi province, located in the northeast of Iran
(36°37'-36°58'N, 59°26'-59°44'E) with a population of 3,057,679 according to the Statistical Centre of Iran in 2016 (Fig. 1a).
Mashhad is the second most populous city of this country, with 13 municipal districts. According to the Koppen clas-
sification system, this city has an arid climate with hot summers and cool winters. It experienced a mean temperature
of 26.74 °Ciin June, and 28.81 °Ciin July during 2007-2017. According to the Mashhad meteorological weather website,
Mashhad has high air temperature exceeding 40 °C in summer, dropping to the average minimum temperature of — 4.8 °C

(a) (b)

[ mashhad

Razavikhorasan § ¥ %

9 59 59 59 59

Fig. 1 a Location of Mashhad in northeast of Iran and map of the study area, the image is a Landsat 8 image with band 5, 4, and 3 in RGB on
July 22,2022. b Meteorological stations
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in winter. A study of wind direction determines that the dominant wind direction is eastern while the gulf wind blows
from the south. Spring has high precipitation (248.92 mm on average), while summer is quite dry. Meteorological data
during the decade from 2007 to 2017 for Mashhad shows that the relative humidity of the city has been decreasing,
while between 2016 and 2017 this movement is fluctuating. During these years, the air temperature trend has shown
an upward trend. June, July and August are the warmest months, with a mean temperature of 28.41 °C, while January,
February and December are the coldest months with a mean temperature of 6.5 °C. A study of the development of Mash-
had over the past thirty years shows that along with the population growth (including refugees and undocumented
immigrants), the rate of development of the city has been significant; and has increased nearly sevenfold during only
one decade. An important part of this increase is related to the 80's rapid urbanization and uncontrolled immigration,
which included both internaly displaced people and Afghan asylum seekers. Since 1980, the population of Mashhad has
more than doubled [50]. In Mashhad, the LST increased over the period of approximately 30 years [47].

2.2 Land-use classification

In this research, the legal boundary of Mashhad, which was approved by Mashhad Municipality in 2015, has been used
alongside the latest Mashhad GIS database, published in 2021(Fig. 2). Since in this climate (BSk), the effects of climate
change in summer are much more severe on human health, the study is focused on summer. Figure 2a shows the area
(he) of the main land uses in Mashhad, which are classified in eleven categories. As depicted in Fig. 2b, residential areas
and agricultural lands have the highest percentage of land use (7715 he and 4521.09 he). Green spaces in Mashhad
include gardens, parks and grass lands.

2.3 Data analysis

The LST map of Mashhad was prepared using the split-window algorithm [51]. The time frame selected for this analysis
is the summer of 2022, which was analyzed using the Moran coefficient and the hotspot method, as well as the Band
Collection Statistics (BCS) method. As the lower grid size brings better model estimation [52] we used 30 m grid size.
Indicators of Ul that affect urbanization in Mashhad were identified from literature review and interviews, and with
questionnaire and snowball sampling (250 questionnaires) we evaluated those indicators which have an impact on
LST. Out of 85 relevant indicators (Table S1 in supplementary file-SF), 35 were removed due to lack of accessible data
in Mashhad. Additionally,15 further indicators that had low p were also removed. The selected indicators needed to be
actionable for urban planning purposes. We aimed to retain those that could provide valuable insights for policymakers
and urban planners, ensuring the study’s relevance to real-world applications.The remaining 32 combined indicators
were examined further (Table 2). The effect of these indicators on different categories of Ul and the intensity of LST are
further explored by regression analysis. By applying regression analysis, we aimed to quantify the strength and direc-
tion of the influence that Ul have on LST. This method allows us to identify which indicators significantly impact LST
changes. The results of the regression analysis are presented with corresponding coefficients, p-values, and R? values,
which indicate the predictive power and significance of the relationships identified. The coefficient of impact of each Ul
on LST was calculated through path analysis. Building on the results from the regression analysis, path analysis further
investigates the direct and indirect relationships among multiple variables. This method allows us to understand the
complex interactions between Ul and LST by creating a model that maps these relationships. Three data sources were
considered in this study including Landsat 8, SAGA-GIS [53] model and local GIS data, provided by municipality of Mash-
had. The selection of Landsat 8 and SAGA-GIS as data sources for analyzing Land Surface Temperature (LST) in Mashhad
is based on their specific capabilities and relevance to urban thermal analysis. Landsat 8 offers high-resolution thermal
imaging, which is essential for accurately capturing surface temperature variations across urban areas. Its thermal bands
are specifically designed to measure LST, providing reliable data that reflects the complex interactions within the urban
environment. Additionally, SAGA-GIS is utilized for its robust spatial analysis tools, allowing for efficient processing of the
Landsat data. The software’s ability to integrate various datasets enhances the analysis of LST in relation to different urban
infrastructure types. SAGA-GIS is recognized for its effectiveness in operating GIS, ensuring that the analytical approach.

In this study, ArcGIS was employed and the models, algorithms and images of Landsat 8 (OLI) satellite [58] were used
for summer 2022 (Fig. 2b and Table 3). The image was chosen for the hottest day with the help of nearest meteorology
station, in Mashhad airport. The satellite image was considered with minimal cloud coverage. The Landsat data was
obtained at https://earthexplorer.usgs.gov that is provided by NASA and data is recorded at 100m and resampled to 30m.
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(a)
LAND-USE
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B cinical Official
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Education - Transportation
- Green Space Residential
- Industrial Road network 0 175 35 7 Kilometers
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(b)

Land-use classification

852.28
765.97

120209 0116
623.47 437.6 306
= Agriculture = Clinical = Commercial Education
= Industrial = Official = Tourism = Transportation

= Barren land = Green spaces = Residential

Fig.2 a Spatial distribution of land uses in the Mashhad, b the land-use area (he)

2.4 Land surface temperature retrieval

Table S2. In supplementary section shows all parameters that were used to estimate the LST of Mashhad using Landsat
8 images in 2022. Atmosphere has always been an influential factor in remote sensing and because of its function, the
numerical value of each pixel in remote sensing images is not a true record of the radiance of surface phenomena. This
is because the signals are attenuated by absorption or changed by scattering. Atmospheric corrections are applied
according to time and geographical location before calculating LST [48]. The Chavez method was used for atmospheric
correction to correct atmospheric errors. This method works in such a way that the minimum numerical value of one pixel
for the blue zones in each band must be zero, otherwise this value is based on atmospheric error (Eq. 2 and Eq. 3)[59].

L = Gain x DN + offset

(2)
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where L is Spectral Band Radiation, DN- Digital pixel value (0 to 255), Gain and Offset sensor calibration coefficients.
= (nL,l)/(ESUNM))Cosed,) (3)

p’: Reflectivity of each band between 0 and 1,ESUN_()): Average solar radiation for each band,8: the angle of the solar
radiation,d_r: Inverse square ratio of the distance of the earth to the sun. LST map was produced in ArcGis10.3 for the
year 2022 (Fig. 3, Table S2 in Supplementary File- SP).

2.5 Hot spot analysis using Getis Ord Gi* statistics
Moran’s | is a measure of spatial autocorrelation [60], that is characterized by a correlation in a signal among nearby

locations in space. Spatial autocorrelation is more complex than one-dimensional autocorrelation because it is multi-
dimensional (i.e., 2 or 3 dimensions of space) and multi-directional. Moran’s | is defined as:

Pre Step

Extracting 85 urban infrastructure indicators from literature
review and Interviews

<

| Scoring indicators with Questionnaire |

<

| 32 combined urban infrastructure indicators |
- Urban
LST C variables Infrastructure
M 1 |

I Step 1 I *
Landsat 8/ OLI

multispectral SN . _— . .

images ——— S

T N N | S
Thermal J IR e S — N
bands SR -

=
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l ] h
Prightness Temperature H T=K2/Ln (KI /L3.+1)-272.15 ]
]
Final calculation of temperature LST= TB!*+CY(TB'°-TB")+C*(TB!’-
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whereNis the number of spatial units indexed by iiand jj; x x is is the variable of interest; (x )) is the mean ofx; x; w_ijis
a matrix of spatial weights with zeroes on the diagonal (i.e., w_ii = 0)=0); and W is the sum of all w_ij.

Getis-Ord Gi statistical hotspot analysis tool in the ArcGIS software has been used to study the spatial cluster of high
and low value features. A high-value complication may not be a statistically significant hotspot. A complication is statisti-
cally significant for a statistically significant hotspot surrounded by other high-value complications. The sum of the issues
for one complication and its neighbors can be compared to all complications; when the positional sum is very different
from the expected total sum, and when the discrepency is too large for the result to be random. The z-score results are
statistically significant. Getis-Ord calculations are statistically derived from the following equation [61]:

(6] = (Zo':n)n[W(fJ)X"XZ(f:Unw(’J)]/(S\/Z(([nzjﬂ") [w("'/) B <20=1>”> [w("/)z]](n - ”) )

where x_i is the characteristic value of complication j, w_(i, j) is the spatial weight between complication i and j. n is equal
to the total number of complications.

0=y lxl/n

And

s=4/ ((Zu=1>”x2)>/n—<(xz))

The Moran coefficient provides insights into spatial autocorrelation, revealing how LST values cluster geographically
in relation to Ul. A high Moran coefficient indicates that similar LST values are concentrated in specific areas, which may
suggest an influence from nearby urban features. The hotspot method identifies regions of significantly elevated or
reduced LST, allowing for the detection of critical areas that may require attention in urban planning. For example, areas
lacking sufficient UGI are likely to emerge as hotspots of high temperature, highlighting opportunities for intervention.

The output of the Gi* statistic returned for each feature in the dataset is a z-score. Higher positive z-score shows more
intense clustering of high values (hot spot) and a smaller negative z-score represents more intense clusters of low values
(cold spot). The z-score represents the statistical significance of clustering for a specified distance (90% significant: > 1.65
or<—1.65; 95% significant: > 1.96 or < — 1.96; 99% significant: > 2.58 or < — 2.58; 99.9% significant:>3.29 or<— 3.29). At a
significance level of 0.05 (95%), a z-score would have to be less than — 1.96 or greater than 1.96 to be statistically signifi-
cant. From the statistical results, the LST pattern was divided into seven categories: very hot spot, hot spot, warm spot,
not statistically significant, cool spot, cold spot, and very cold spot. In the final statistics of the hot spots and cold spots
in our paper, values at 95% or higher confidence level were included. To assess the impact of Ul on the LST, the hotspot
pattern change was linked to Ul layer. This method gives a better demonstration of the LST, rather than focusing only on
the high or low LST absolute values separately.

2.6 Deriving relationships between factors and LST

In this part of the analysis, according to the theoretical framework and conceptual model of research depicted in Fig. 3
and collection of indicators and available information, four sections of green, blue, gray and red infrastructure have been
identified as the main dimensions of indicators affecting the thermal energy of urban surfaces. In the analysis process,
target indicators of the mentioned dimensions, raster and spatial maps were produced. The basis of production of these
layers of analysis, which has different scales according to the information source, is the degree of correlation. Then, by
measuring the spatial correlation using BCS technique, surface thermal energy is estimated in the city." In this technique,
the amount and type of association of each of the indicators were determined.

The BCS tool provides statistics for the multivariate analysis of a set of raster bands. When using the compute covari-
ance and the correlation matrices option is enabled, the covariance and correlation matrices are produced as well as the
basic statistical parameters, such as the values of minimum, maximum, mean, and standard deviation for each layer. The

T www. pro.arcgis.com.
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remaining entries within the covariance matrix are the covariances between all pairs of input rasters. The following Eq. 6
is used to determine the covariance between layers i and j:

[Covly = (i, [(Zi = 1) @ = )] /N = 1) (©)

Z—Value of a cell, i, j—are layers of a stack, u—is the mean of a layer, N—is the number of cells, k—denotes a particular
cell [61]

BCS quantifies the relationship between Ul and LST, determining the strength and direction of their association. Strong
correlations revealed through BCS can inform policy decisions and strategies aimed at enhancing urban sustainability
and mitigating urban heat effects.

2.7 Variables fuzzification

For decision making with environmental uncertain variables [62] we used fuzzy logic [63, 64] in order to prepare the
indicators for further analysis. Fuzzy logic is a multivalued logic that allows intermediate values to be defined between
conventional binary evaluations like true/false, yes/no, high/low, etc. [65]. The GIS layer of Ul indicators was mathemati-
cally analysed in fuzzy logic in ArcGIS with various fuzzy membership functions such as Small, Gaussian, Large, and Linear.

Since we have assumed in our suitability analysis that the highest membership is to be found in our features, we have
used the sigmoidal function “fuzzy linear” with the minimum and maximum values given by the user. Everything below
the minimum is scored 0 (definitely not a member) and everything above the maximum is scored 1 (definitely a member).
A minimum greater than the maximum demonstrates a negative linear relationship (a negative slope). The fuzzy linear
function is represented by the following equation:

1 (At K)) < J]
e K = 25 1 <, (A, Ky < 09
0 (At K)) > 9
where J? and J11 are the values of the objective function J; (A(t, K)) whose degree of membership function are 0 and 1,
correspondingly. As one of the possible ways to help the decision maker determine J? and J11, to calculate the individual
minimum.

Jin = A(t,K)sA(t,K)minJ 1A, K)),

I = seenar) 1 (AL K)),

Then, considering the caculated individual minimum and maximum of each objective function, the decision maker
is asked to assess JO and J!in the closed interval [J],J]],1 = 1,2[66] (Fig. 4).

2.8 Statistical modeling methodology
Path coefficient analysis, a partial least squares (PLS)-based structural equation modeling (SEM) approach, is applied to
observed variables to quantify the cause-effect relationship between variables and the mediated relationship of one

or more variables for the other contributing variables by systematically inter-connected linear regressions [67]. Accord-
ing to Stage et al. [75], Path analysis is used to calculate estimates of the scale and significance of hypothesized causal
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influences among sets of variables, using path diagrams. The issue in implementing the linear regression analysis method
is that we can analyze the relationship between one independent variable and dependent variable and only predict
the direct impact of each independent variables on the dependent variable and it is not possible to identify the indirect
effects. This method has been used in psychology [68], social sciences [69], business [70], environmental science [71],
computer science [72], and medical sciences [73]. In this study, path analysis was used in order to express the effects of
the Ul parameters on LST. This method is an extension of the regression model that can be used to test the correlation
matrix [74] with a fundamental model that can be tested [75]. SPSS software was used to provide path analysis.

2.9 SVF calculation

The SVF was calculated in the SAGA-GIS software [76], which is also available as a QGIS plug-in. SAGA-GIS is often used
by the urban climate community, for instance, in the framework of the World Urban Data Base and Access Portal Tools
(WUDAPT?). The algorithm is based on raster input data, where the information on building and terrain vertical elevation
is stored in every pixel of the raster, and calculations are performed using two input parameters: the number of directions
and the distance of search. The resolution of the raster is also a critical parameter both regarding accuracy and compu-
tational duration. It is a major limitation of the algorithm: since a building’s footprint is vector-based data, it has to be
rasterized in order to be used in SAGA-GIS, thus inducing a loss of information proportional to the raster resolution. [57]

2.10 Comparison of thermal behavior of LST

To validate the calculated LST, the AT observations were taken at 19 meteorological stations in Mashhad (Fig. 1b).
To reduce the geolocation error of the satellite data, the 3 x3 homogenous pixels in the sites were selected. The
AT observed pattern is similar to LST and the amount of relationship gave validation to LST retrieval which further
validates our results. A regression is applied to the relationship between AT and LST and the linear algorithms gave
a more validated result with a high R?’=0.82 (p-value <0.001) as shown in Fig. 5. The mean difference (LST-AT) is 5.53
C° and it confirms that LST is higher than AT. The results show that there is a significant correlation between AT and
LST in urban areas. For comparison, Dai et al. [77] report a correlation of R?=0.83 with 18 meteorological stations and
LST in Beijing [78]. Sun et al. [78] report a correlation of R?=0.93 for 13 cities in China. These findings suggest that
the correlation observed in Mashhad (R*=0.82) is comparable to those in other urban areas, demonstrating that the
relationship between AT and LST in Mashhad is consistent and reliable.

2 http://www.wudapt.org
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3 Results
3.1 Spatial distribution of LST

Landsat 8 data is used to estimate the Fraction of Vegetation Cover (FVC) as an indicator of climate change on the
environment which includes a combination of bare soil and green vegetation. The spectral properties of these two
parameters are usually estimated in different ways, including field measurements, estimates from additional data
sources including soil databases and land cover maps, or extracted directly from satellite images.

Figure 6. shows the LST distribution in summer 2022 with calm weather. The maximum LST observed was 63.17 °C
and the minimum 31.93 °C. The lowest LSTs are found where trees are abundant. The pattern of LST in Mashhad
(Fig. 6) indicates that the hotspots were distributed in the Western, Southern, and Northern areas with the LST more
than 40 °C It shows that gray Ul has a higher temperature than green-blue infrastructures including parks and urban
green spaces. Also, the barren land cover with bare soil in the West and South, airport and railway stations in the
South-east, and agricultural lands in North experience high LSTs. This observation pattern was similar to the results
of [79] in Bangkok.

LST

Value
_ High : 63.17 °C

B, 505°C

Scale: 1:140000

Fig. 6 Spatial distribution of Land Surface Temperature (LST) in Mashhad on July 22, 2022
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3.2 Uland LST

In this section, we analyze the impact of various Ul layers on LST. The focus is on how different Ul layouts and interactive
components in the city of Mashhad may influence LST values, contributing to a better understanding of the relationship
between urban environments and LST.

3.2.1 UGl and LST

To better understand the relationship between UGl and LST in summer, we extracted data on NDVI, NDMI, and green
space area. Each indicator shows varying capacities for reducing LST in Mashhad. The NDVI values in this study range
from — 0.585 to 0.849, with the highest values located in the city center and northwest areas, where abundant trees and
vegetation correlate with lower LST. In contrast, the southern and western areas of the city, characterized by mountain-
ous and barren land, show lower NDVI values. This spatial pattern is evident in the inverse relationship between NDVI
and LST, with an R? value of 0.79 (see Table 4). The NDMI values range from 0.447 to — 0.376. The NDMI map shows high
moisture levels in the central areas, which contain significant green space with ample tree cover, whereas the south and

Table 4 Ul coefficient of determination with LST in Mashhad

Ul variables Mean STD R? Relationship
Urban green infrastructure NDVI 0.170 0.120 0.79 Inverse
NDMI 0.027 0.063 0.73 Inverse
Green spaces 0.293 0.298 0.69 Inverse
Urban blue infrastructure Water well 0.311 0.190 0.64 Inverse
NDWI 0.143 0.071 0.54 Inverse
Water channel 0.131 0.174 0.63 Inverse
Water distribution system 0.036 0.067 0.58 Direct
Urban red infrastructure Population 0.280 0.186 0.56 Direct
Families 0.199 0.187 0.44 Direct
People in residential units 0.253 0.223 0.60 Direct
Urban gray infrastructure (Land-use) Agriculture 0.028 0.077 0.40 Direct
Clinical 0.481 0.223 0.61 Inverse
Commercial 0.128 0.749 0.42 Direct
Education 0.072 0.162 0.31 Direct
Industrial 0.220 0.259 0.46 Direct
Official 0.129 0.206 0.68 Direct
Tourism 0.050 0.125 0.34 Direct
Transportation 0.043 0.151 0.44 Direct
Barren land 0.177 0.274 0.42 Direct
Residential 0.083 0.131 0.39 Direct
Road networks 0.117 0.178 0.53 Direct
Electricity distribution system 0.026 0.236 0.81 Direct
Urban gray infrastructure (urban physical) NDBI 0.021 0.056 0.61 Direct
SVF 0.031 0.372 0.51 Inverse
Building heights 0.095 0.166 0.69 Inverse
BCR 0.518 0.198 0.53 Inverse
Wood and adobe 0.070 0.164 0.57 Inverse
All wood 0.023 0.082 0.39 Direct
All brick or brick and stone 0.044 0.098 0.49 Direct
Cinder block 0.063 0.156 0.25 Direct
Wood and brick or Wood and stone 0.304 0.121 0.27 0.75 Inverse
Steel and brick or steel and stone 0.280 0.279 0.68 Direct
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west exhibit low NDMI due to barren land and the absence of vegetation. Like NDVI, NDMl is inversely correlated with
LST, with an R? of 0.73. Additionally, areas with higher green space density—particularly in the northeast and north-
west—experience noticeably lower temperatures. This inverse correlation between green space area and LST, with an
R? of 0.69, highlights the significant cooling effect of vegetation density on summer temperatures in Mashhad.

3.2.2 UBland LST

NDWI is proposed for open surface water bodies, which will decrease in the periods of water stress. The calculated NDWI
in Mashhad ranges from 0.55 to — 0.29. As expected, the water bodies and waterways present high values of NDWI, com-
pared to other areas. Our results show that the LST has an inverse relationship with NDWI. Mashhad has an arid climate
during summer and like other arid cities, to provide water for inhabitants, groundwater reserviours are reached through
wells. In Mashhad the water wells are located mainly in the East and North West of the city and also in the center, where
the two expansive gardens with water features are located. The relationship between water wells and LST shows that
there is an inverse correlation with value of R?=0.64. The history of Mashhad shows that there are periods of floods in
this city, so there are several channels in Mashhad, both natural and artificial [80], which direct runoff to periurban areas.
Although due to climate change the flow of water in these channels is becoming less in terms of volume and frequency,
but it still has an inverse effect on LST, equal to R?=0.63. Water distribution systems have a direct effect on temperature
as man-made infrastructure. This network is an artificial feature and mostly made of concrete and PVC, therefore, the
relationship is positive with relationship of R?=0.58 with LST.

3.2.3 URI relationship with LST

In order to analyze the pattern of population in Mashhad, it is necessary to study the model of zoning system and deter-
mine whether the number and extent of settlements in Mashhad city have a uniform and balanced distribution or there
is no uniform distribution. If this pattern is clustered, it can also affect the pattern of population accumulation, dispersion
and urban growth. This issue has been investigated using the method of the nearest distance, Nearest Neighbor. Case
analysis of Y and X and taking into account the coordinates, the results of this analytical tool indicate that the zoning
system of Mashhad follows a cluster pattern (Fig S1 in supplementary file-SF). This method of recognizing the spatial
patterns of population clustering enables targeted strategies that can address LST. The neighbor number less than 1
indicates that the population is distributed in clusters. The standard score calculated in this case is 54.81, which accord-
ing to the p-value, we conclude that this clustering is statistically significant. If the mean ratio of the nearest neighbor is
less than one, the studied data have a cluster pattern; if it is larger, they have a scattered spatial distribution pattern. The
population pattern of Mashhad is clustered and the URI map shows that wherever the population density was higher,
the impact on LST was also greater. The coefficient of population, number of households, and households in a residential
unit with LST are 0.56, 0.44, and 0.6. Therefore, The URI values and LST have a direct correlation. In other words as the
population and the number of households increase in a residential unit the LST value intensifies and increases.

3.2.4 UGRIand LST

NDBI is used to show built-up features. There is a strong and positive relationship between NDBI and LST in Mashhad with
R?=0.61.This direct relationship indicates that built-up areas generate more surface temperature and lead to LST inten-
sity in the city. Built-up areas in Mashhad are divided into two categories including urban land-use and urban physical
structures. Urban land-use has a direct effect on LST while the urban physical structures demonstrate an inverse effect.

3.2.4.1 Urban land use relationship with LST The dominant land-use is classified into 11 classes based on Mashhad LBCS
categories (Fig. 2b). Few other land-use classes can be generated but their proportion is too small and does not reflect the
variation of LST clearly. The spatial analysis of the city shows that residential land use occupies the large part of the city
(7715he), and after that the agriculture (4521.089 he), transportation (437.6 he), education (765.97 he), tourism (396 he),
official (120.299 he), clinical (714.151 he), commercial (852.28 he), and public (0.304 he) occupied the lowest area in Mash-
had (Mashhad ArcMap layers, 2015). Most of the barren lands in Mashhad area are located in the development zone in the
northwest of the city with a total area of 623.47 he. These barren lands mainly are managed with no specific regulation, and
are covered with soil and rocks. The results show that land uses in Mashhad have a direct effect on LST except for the clinical
land-use. Clinical land use in Mashhad is located in green spaces with abundant trees therefore, the clinical section has an
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inverse effect on LST with the R°=0.61 in this particular city. The relationship between various land use and LST is shown in
Fig. 7. Among land uses, the transportation (airport, railways, and bus terminal) and official land use have a strong correlation
with LST with R?=0.74 and R?=0.59 respectively. Among urban land uses, electricity distribution systems have the greatest
impact on LST. This may be due to the fact that most materials used in electricity distribution system are man-made and the
relationship with LST is R2=0.81.

3.2.4.2 Urban physical relationship with LST The height of the buildings in the city varies from 0 (barren lands) to 81m (high
rise buildings). Spatial analysis shows that as the height of the buildings increase, the SVF decreases and the buildings
shadow leads to lower temperatures. Therefore, there is an inverse association between height of buildings and SVF on
LST in Mashhad. The relationship between height of buildings and SVF with LST are R?=0.69 and R?=0.51 respectively. Con-
struction materials have also demonstrated an effect on LST. Common construction materials in Mashhad are wood, brick,
cement, and iron.Among various building materials clay and brick have an inverse effect on LST with R?=0.57 and R*=0.49
respectively. Asphalt has a direct effect on LST with R?=0.63.

3.3 Spatial analysis of Ul and LST

The extracted GIS layers for each indicator were normalized using linear fuzzy for Fuzzy membership function for indicators
that construct UG, UBI, UGRI, and URI in Mashhad. Ul was calculated using Fuzzy- Path model for each Ul. In order to combine
raster layers to find the effect of Ul on LST, we used the linear membership. It is used for indefinite phenomena, where if the
number is 1 it is a member. Figure 8 shows the spatial analysis combination of green (Fig. 8a), blue (Fig. 8b), red (Fig. 8c) and
grey (urban physical, land-use) (Fig. 8d, e) Ul indices in the scale of square pixels in the shape of 1000 m* 1000 m considering
the area of neighborhood units for the whole metropolis of Mashhad. UGl in north and center of Mashhad decrease the LST
and make it worse in the south where barren lands and airport of Mashhad are located. UBI in center and the north west of the
city, mitigate the LST. However, there is a direct pattern with LST and it is clear that as the UBI increases, the LST also increases.

Equation 7. and Fig. 9. show that the slope of the regression is negative, therefore, the UGI values have an inverse relation-
ship with LST. In terms of absolute value of these coefficients, the highest coefficient belongs to the physical dimension and
the lowest coefficient to the URI.

LST (Mashhad) = 0.239 + (—0.494 UGI + 0.314 UBI + 0.394 urban physical + 0.248 Land — use + 0.225URl) (7)
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Fig. 7 Relationship between various land use and LST
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Fig. 9 Coeffiecient values of each Ul in Mashhad

3.4 Summary of the results

The result show that the maximum LST values typically correspond to areas with dense development, limited veg-
etation, and extensive impervious surfaces. These hotspots often indicate severe UHI effects, where urban areas
experience significantly higher temperatures than surrounding rural areas. This information is vital for urban planners
to target interventions in these critical zones. Areas with high LST values may correlate with increased health risks,
particularly heat-related illnesses. Urban planners can use this information to establish public health interventions,
such as increasing access to cooling centers and ensuring vulnerable populations are prioritized in heat response
plans. Minimum LST values often occur in areas with abundant vegetation, parks, and water bodies. These regions
serve as critical cooling oases within the urban environment. Planners can leverage this data to prioritize the pres-
ervation and enhancement of existing green spaces and integrate more greenery into urban design.

e The Landsat 8 data analysis revealed that LST distribution in Mashhad reaches up to 63.17 °C, with hotspots mainly
located in the western, southern, and northern regions, particularly where gray infrastructure and barren land
cover dominate. The presence of abundant trees in certain areas significantly lowered LST values.

e NDVI, NDMI, and green space area data show that higher vegetation density areas inversely correlate with LST
(R?values of 0.79, 0.73, and 0.69, respectively). In Mashhad, green spaces with high vegetation, particularly in the
center and north, consistently exhibit lower LST values, underscoring the cooling impact of UGL.
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e NDWI data indicates that water bodies and water features contribute to lower LST levels, with an inverse correlation of
R2=0.64. However, artificial water infrastructure (e.g., distribution systems) is positively correlated with LST (R2=0.58),
showing that natural UBI elements effectively mitigate heat while engineered water systems may elevate it.

e Population density and household numbers show a direct relationship with LST (R? values of 0.56 and 0.6, respec-
tively). The spatial analysis reveals that clustered population zones experience heightened LST levels, suggesting that
increased population concentration intensifies heat distribution.

Built-up land and materials are positively correlated with LST (e.g., NDBI with R*=0.61), especially transportation and
electricity infrastructure (with high R? values of 0.74 and 0.81). Increasing the number and size of parks can significantly
reduce LST. Vegetation provides shade and cools the air through evapotranspiration, mitigating the Urban Heat Island
(UHI) effect. Clinical land uses, however, show an inverse relationship with LST due to green surroundings. Building height
inversely impacts LST due to shadow effects, demonstrating that physical structures contribute variably to urban heat.

e Urban Land Use: High LST in areas dedicated to transportation and official uses; an inverse effect was found in clinical
zones, emphasizing that greenery reduces LST (R>=0.61).

e Urban Physical Structures: Taller buildings reduce LST through shading, while materials like asphalt increase it (e.g.,
direct correlation R*=0.63 for asphalt).

4 Discussion

This study proceeded to analyze Ul effects on LST in Mashhad using Fuzzy-Path analysis on various GIS-based indicators.
Like other researches e.g. [24, 25, 29, 40, 81, 82], the results of this study showed that Ul have effects on LST. By examining
the relationship between LST and Ul we discovered that this relationship follows a nonlinear correlation and this finding
is consistent with Tran et al. [83] studies. The novelty of this work lies in the introduction of the comprehensive concept of
Ul into GIS modeling. The other aspect of novelty is showing the amount of coefficient of each Ul on LST and integration
coefficient on LST of Mashhad city. Comparison of LST studies with previous studies e.g. [47, 84] show LST has intensi-
fied in the past ten years. Therefore, the indicators of Ul affecting LST should be determined more precisely. Previous
studies [18] have shown that the normalized difference spectral indices using all combinations of the shortwave infrared
(SWIR) bands had stronger correlations with LST than the others in the whole study area. The influence of land-use on
LST could be quantified in terms of the percentages of various functions which could potentially be incorporated in
planning guidelines. The results show that almost all the Ul indicators were interlinked or correlated with LST, therefore,
any changes in the Ul results is LST variation.

4.1 Spatial pattern of LST and red Ul

Based on the results of interviews, Social and economic activities of people are the main factors which affect climate
change and heat stress. Therefore, significant spatial heterogeneity in the UI-LST association is observed in different types
of Ul due to the impact of socioeconomic activities and related physical parameters. Diverse socioeconomic activities
resulted in different anthropogenic heat patterns, which has an important impact on urban LST [85]. A city with high
density experiences more heat stress. Although, the URI coefficient is less than the other Uls, it nevertheless has an
impact on LST. The possible explanation is that, as we consider LST during daytime, most people activities occur outside
the residential houses, therefore, the amount of human functions consequences on heat production have greater effect
than the population density. Thus, we observe the UGRI (land use, urban climate and urban facilities) have higher coef-
ficient in Mashhad.

4.2 Spatial pattern of LST and UGI

To measure the effect of UGI on LST, the four spatial models (NDVI, NDWI, NDMI, and green spaces) were resampled at
30 m resolution. The green Ul has the strongest correlation with LST [52, 86]. NDVI has a strong positive correlations with
NDWI leaf water content, FVC [87] and NDMI. The green spaces covered with tree crowns, grass, and vegetation had a
negative correlation with LST. The correlation of green spaces area is weaker than other UGI. The possible explanation
is that green spaces in Mashhad have a rather low tree density. Although green spaces are not fully covered by trees
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and consist of soil, buildings, roads, and pavements, they still have the negative correlation (R?=0.36), yet very weak. To
effectively mitigate LST, it is crucial for Mashhad to enhance its tree canopy cover with a higher density of trees and a
medium to high Leaf Area Index (LAI). These results are consistent with the study by Bartesaghi-Koc et al. [88], showing
that UGI has a significant effect on LST [88].

4.3 Spatial pattern of LST and UBI

Previous studies showed the negative effect of water bodies on LST [40]. However, our results for Mashhad for water
network distribution and seasonal rivers are positive. This can be explained by the fact that Mashhad has an arid climate
in summer, when the seasonal rivers are dry and the soil is exposed. The water distribution network is an artificial feature,
mostly made of concrete and PVC, therefore, the relationship is positive. In spite of the low area of the water pits, the
correlation is negative with LST. One reason for this is the size of the water body, deeper and larger are more effective on
LST. However, the combination of the UBI layers coefficient still has lower effect on surface temperature.

4.4 Spatial pattern of LST and UGRI

Both land-use (2D building) [89] and urban physical structures (3D building morphology) [89] indicators can affect the
partitioning of the energy balance and can therefore modify the urban microclimate and thermal conditions [90]. The
results indicate UGRI plays an important role on LST in Mashhad.

Agricultural land covered more than 25% of the study area, and temperatures were comparable to built-up areas. The
soil and preparation of the fields lead to higher LST in this city. The heat generated in office and commercial buildings
during the day coincides with the cluster area with high LST, which shows that energy consumption in this building types
is generally an important source of urban warming. Since the study of residential buildings in this research is during
the day and the interactions with these buildings mostly happen at night [91], the effectiveness of residential buildings
during the day is less than commercial buildings. In our studies, it has been shown that road networks have a positive
relationship with LST, which could be due to the dark asphalt covering. Dark asphalt absorbs solar radiation, stores the
heat and increases the LST. On the other hand, the movement of vehicles and the heat produced by them are other
reasons [92]. There is also considerable LST differences between built-up and barren lands [93]. In our studies the barren
lands experience higher LST correlation. One possible reason is the barren land is covered with soil and rock that rise the
LST. Therefore, in the city of Mashhad, LST is reduced by using lands mixed with green space and abundant trees. These
results are consistent with the study by Moazzam et al. [94], showing that LST alteration is impacted by urban areas [94].

The variation in building height is among the most influential indicators to LST [95]. This indicator pattern is related
to SVF pattern and BCR and the results indicate a negative correlation with LST. The possible explanation might be,
although the 3D building morphology places more emphasis on building landscape, which changes the physical sur-
face properties such as specific heat capacity and evapotranspiration efficiency [96], a positive relationship with barren
lands indicates that the built-up areas bring cooler situation to the city, and the 3D building morphology can indicate
the building’s shadow, materials, and SVF and incident solar radiation. Therefore, the correlation between 2D building
morphology and LST was weaker than 3D buildings. Lower SVF in areas with taller buildings means more shading, which
can significantly reduce solar radiation access [97] and therefore reduce surface temperatures and enhance temperature
in dense urban settings. By planning for varying building heights in areas with high pedestrian traffic, urban designers
can naturally cool environments, reducing the intensity of urban heat islands (UHIs). This approach can be particularly
effective in cities with hot climates, where shaded streetscapes contribute to cooler, more comfortable public spaces.
A more comprehensive effort in Ul studies during the night and comparing day and night effects on LST is suggested
for future studies.

By understanding which Ul elements contribute most significantly to LST, urban planners can prioritize interventions
like increased green and blue infrastructure in heat-prone areas. For example, planners might use this data to design
zoning regulations that require green spaces in residential and commercial developments, particularly in densely popu-
lated and high-traffic areas. Additionally, planners can integrate water features and strategically plant trees in hotspots
to mitigate LST, especially around transportation hubs and barren land areas.

Vegetation and water bodies not only reduce LST but also improve air quality. Plants act as natural filters, absorbing
pollutants like carbon dioxide, nitrogen dioxide, and particulate matter. As temperature rises, pollutant dispersion
can worsen, so strategically placed green infrastructure helps mitigate these effects, improving overall air quality and
potentially reducing respiratory issues in densely populated areas. The distribution of green and blue spaces often
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correlates with social and economic factors within cities, influencing residents’ quality of life. An inverse relation-
ship between Ul and LST that considers social equity is crucial, as it encourages equitable access to cooler, healthier
environments across all urban areas. Ensuring that green infrastructure reaches underserved areas can help reduce
social disparities in health outcomes and overall urban experience.

5 Conclusion

This study shows a comprehensive Ul combination effect on LST with path analysis using fuzzy-path analysis methods,
hotspot analysis using Getis Ord Gi* statistics and band correction statistics to investigate the relationship between
Ul and LST intensity. Fuzzy-path analysis accommodates the complex, often nonlinear relationships between Ul fac-
tors and LST, capturing the uncertainty and variability inherent in urban environments more effectively than rigid,
traditional models. Getis Ord Gi* statistics precisely identify spatial “hot” and “cold” spots, allowing planners to pin-
point specific areas with elevated or reduced temperatures. This localized approach offers more actionable insights
than broader, averaged analyses. Results from this study provide an effective methodology for characterizing UHI
and have significant implications for policy makers and communities by providing an empirical basis for climate
change mitigation programs for urban planners and designers. By examining the relationship between LST and Ul
we discovered that this relationship follows a nonlinear correlation and this finding is consistent with Tran et al. [83]
studies. We found that hotspot analysis using Getis Ord Gi* statistics is an appropriate method to examine changes
in LST patterns through time. Identifying hot and cold spots in urban areas is crucial for understanding the dynamics
LST in relation to Ul. Hot spots—areas with significantly elevated temperatures—often correlate with urban features
such as dense development, limited vegetation, and impervious surfaces, which contribute to the Urban Heat Island
(UHI) effect. Conversely, cold spots—areas with lower temperatures—are frequently associated with green spaces,
water bodies, and urban design elements that promote cooling. The identification of hotspot or coldspot areas by
such method does not depend on whether the mean surface temperature is high or low. In our research, the coef-
ficient of determination (R?) is approximately 0.4 in some cases. While this value may initially appear modest, it is
crucial to consider the complex context of our study, which focuses on urban environments. Cities are dynamic
systems influenced by a myriad of interrelated factors and confounding variables, making it challenging to capture
the full extent of relationships with a single model. In the context of urban research, where numerous unpredictable
and interacting elements are at play, an R? of 0.4 provides meaningful insight and demonstrates a noteworthy level
of explanatory power. This result underscores the importance of our findings and highlights the relevance of our
model in understanding urban climate phenomena amidst the inherent complexity of city environments. This paper
completes the previous studies which do not consider Red Ul and interactive Ul effects on LST. Among Ul parameters,
UGRI (land-use, urban physical) has the most effective coefficient on LST in Mashhad. Therefore, as the land-uses
mixed with green space and abundant trees (like clinical land-use in Mashhad), the LST decreases. This situation
becomes better in locations with more shading from buildings and trees with various crowns. Moreover, attention
should be devoted to UGl in order to decrease the barren lands area and UGRI effects on LST. Findings highlight the
vital need for contextual policies for UHI mitigation strategies tailored to the urban grey infrastructure. The method-
ology used in this paper can be evaluated in other cities worldwide. Transferring the findings of this study to other
urban contexts involves careful consideration of several influencing factors, as each city’s unique characteristics and
climate conditions impact the relationship between urban infrastructure (Ul) and Land Surface Temperature (LST).
A further study is suggested to investigate the impact of Ul on UHI, considering a time series to assess whether the
thermal behaviour persists over time.
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