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A B S T R A C T   

The phenomenon of the Urban Heat Island (UHI) is a common feature in city climates, impacting habitat quality 
and public health. The UHI refers to the temperature difference between metropolitan and countryside areas. 
This article introduces a new methodology for determining UHI using a high-resolution temperature map created 
by fusing Interferometric Synthetic Aperture Radar (InSAR) and Global Navigation Satellite Systems (GNSS) 
measurements. The validity of this method has been assessed by comparing the UHI results with the outputs of 
the Weather Research and Forecasting (WRF) model. Using the new approach, temperature determination fo
cuses on the moist segment of the tropospheric delay. The wet tropospheric delay is divided into turbulent and 
non-turbulent components, with the first segment calculated using InSAR and the second using GNSS observa
tions. After generating high-resolution temperature maps to compute the temperature difference between urban 
and non-urban regions and defining the UHI index, the research area was categorized into various classes based 
on land cover using the Local Climate Zone Classification (LCZ) approach. Finally, after calculating the UHI in 
different regions, the results were evaluated against the WRF model outputs. According to the statistical eval
uations, the Root Mean Square Error (RMSE) of the UHI index obtained from the novel method and the WRF 
model outputs ranges from 0.7 to 0.4 Kelvin. The determination coefficient (R2) also varies from 0.85 to 0.9 in 
different months. These statistical markers illustrate the significant effectiveness of the suggested technique in 
computing the UHI phenomenon.   

1. Introduction 

The UHI phenomenon stems from factors such as sunlight absorption 
by dark surfaces, air pollution trapping heat, obstructed heat loss by 
buildings, anthropogenic heat release, increased heat storage in cities, 
reduced evaporation, and slower heat dispersion due to lower wind 
speeds (Kleerekoper et al., 2012). While these factors contribute to the 
surface UHI, it’s essential to note that the UHI phenomenon encom
passes various types, including atmospheric and canopy UHI, which are 
not the focus of this paper. In metropolitan zones, it is noticeable that 
temperatures exceed those in neighboring areas, including rural locales. 
The UHI phenomenon can affect environmental parameters, including 
precipitation and the ozone layer (Memon et al., 2009). Research on 
climate over the past three decades has indicated that extensive urban 

regions also influence clouds and precipitation (Changnon et al., 1977). 
As the population grows and cities become more densely built up, the 
strength of the UHI effect increases (Golden et al., 2007). This leads to 
higher levels of smog and increased emissions of pollutants from power 
plants. Additionally, the UHI effect can negatively impact living stan
dards and public health in metropolitan regions. Drawing from prior 
research, it can be stated that the most important reasons for the UHI 
phenomenon include the excessive construction of tall buildings, the 
tremendous heat released by factories and other vehicles that are 
absorbed by buildings, and population growth in different parts of a city 
(Liu et al., 2020; Susca & Pomponi, 2020; Kondo et al., 2021). According 
to this information, measuring and monitoring the UHI is necessary to 
prevent human life from being affected by this phenomenon. 

In modern times, various techniques and instruments, including 
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weather station networks, remote sensing data, numerical weather 
models, and GNSS data, are employed to measure and monitor UHI 
(Deilami et al., 2018; Rodríguez et al., 2020; Mendez-Astudillo et al., 
2021; Pathak et al., 2021). While weather stations are notably precise 
instruments for gauging UHI, they are often limited in quantity, result
ing in reduced spatial resolution in the final temperature map (Savannah 
et al., 2011). In contrast, remote sensing satellite data offers high spatial 
resolution but is sensitive to weather conditions and may not provide 
accurate data at all times and locations (Mirzaei, 2015). Some re
searchers have employed a combination of tri-temporal medium-reso
lution remote sensing imagery, an extended low-resolution surface 
temperature time series, and high-definition drone imagery to estimate 
the UHI effect (Cho et al., 2021; Arshad et al., 2022). Airborne in
struments have the capability to measure temperature and compute UHI 
with suitable spatial resolution and high accuracy; however, these in
struments are associated with high costs (Sobrino et al., 2012). Nu
merical weather models offer reasonable accuracy at various spatial 
resolutions, but they often require significant time for preparation 
(Giannaros et al., 2013). In previous research, a dynamical downscaling 
method using a regional climate model was employed to evaluate the 
UHI effect (Doan et al., 2019). GNSS is another instrument that has 
gained prominence in recent years for measuring the UHI phenomenon 
and estimating atmospheric parameters with high temporal resolution 
and proper accuracy (He et al., 2020; Mendez-Astudillo et al., 2021; Xia 
et al., 2024). Mendez-Astudillo et al. (2021) introduced a three-step 
algorithm for monitoring the UHI effect using GNSS data. It addresses 
the limitations of traditional methods like satellite imagery and airborne 
sensors. Tested in Los Angeles, the algorithm achieved 1.71 ◦C accuracy 
compared to weather station data (Mendez-Astudillo et al., 2021). In the 
most recent study, researchers proposed an approach by integrating 
GNSS, space-based GNSS radio occultation, and radiosonde data. The 
method involves defining grid tops based on historical observations, 
fitting wet refractivities, estimating temperature and water vapor pres
sure using GNSS tomography, and evaluating UHI intensity by 
comparing urban and rural temperatures. Tested in Hong Kong, the 
approach achieved a 1.2 K accuracy at a 95 % confidence level (Xia 
et al., 2024). Recent studies show that, due to the limitations of existing 
instruments and approaches, there is a growing need for a method to 
prepare temperature maps with both high spatial resolution and accu
racy for UHI detection. 

In this paper, the authors propose utilizing high spatial resolution 
radar images and the capabilities of the InSAR technique to measure 
tropospheric parameters. The proposed approach involves the fusion of 

InSAR and GNSS data to detect the presence of the UHI phenomenon at a 
lower cost, independent of weather conditions. The following sections 
will begin by examining the fundamental principles of the methods 
employed in this study. Subsequently, the study area and dataset will be 
introduced. Finally, the subsequent sections will present and evaluate 
the results. 

2. Background and methodology 

This section describes the UHI content and formula, the fusion of 
InSAR and GNSS data to produce a high-resolution temperature map for 
measuring the UHI, and the validation approaches. 

2.1. UHI content 

The Urban Heat Island (UHI) is determined by calculating the tem
perature disparity between rural and urban locations, as defined by 
Eq.1: 

UHI = TUrban − TRural (1) 

Where, TUrban and TRural represent the urban and rural temperatures, 
respectively. To compute the UHI using the fusion of InSAR and GNSS 
data, the following flowchart in Fig. 1 has been used. The flowchart 
outlines the steps involved in processing and analyzing the data to 
produce a high-resolution temperature map for measuring UHI. 

2.2. InSAR algorithm 

InSAR is a well-known and powerful technique across various fields 
of study, and numerous efforts have been made to utilize and enhance 
this technique (Miele et al., 2023; Khalili et al., 2023a; Bausilio et al., 
2024). The traditional mode of this approach involves analyzing a time 
series of SAR images obtained from the region to study the changes in 
deformation over time in each pixel of the satellite image. In the late 
1990 s, it was found that some complications displayed constant phase 
changes over time, leading to the development of the Persistent Scat
terer Interferometry (PSI) technique in InSAR processing (Ferretti et al., 
2001). This method involves identifying and utilizing Persistent Scat
terer (PS) points that exhibit a suitable level of coherency compared to a 
priori deformation field over time to obtain deformation signals. The 
process involves using a set of interferograms with multiple SAR images 
captured over time. The PSI method has been used in many deformation 
studies and is known for its high accuracy (Ferretti et al., 2001; Hanssen, 
2001). Additional details regarding the PSI method are available for 
those who wish to explore further (Ferretti et al., 2001; Hooper, 2005; 
Khalili et al., 2023b). 

2.3. Extracting absolute turbulent tropospheric wet delay from InSAR 

InSAR observations originate from the differential phase between a 
pair of master and slave images. At each PS point, these observations 
encompass various phase components, which can be conceptualized as 
follows (Hanssen, 2001): 

Φp
obs = Φp

Master − Φp
Slave = ΔΦp

def +ΔΦp
top +ΔΦp

atm +ΔΦp
orb +ΔΦp

flat +ΔΦp
noise

(2)  

Where, p is the PS point number, ΔΦp
def is the phase change related to the 

ground displacement along the Line Of Sight (LOS) direction,ΔΦp
top, 

ΔΦp
atm, ΔΦp

orb and ΔΦp
noise are related to the topographic, atmospheric, 

orbital, and noise phase, respectively. ΔΦp
flat relates to uncertainties 

associated with the Earth’s ellipsoidal reference surface. After decom
posing the atmospheric effect, the relationship can be written as follows: 

Fig. 1. Flowchart related to the processes of this study.  
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Φp
obs = ΔΦp

def +ΔΦp
top +ΔΦp

dry +ΔΦp
wet +ΔΦp

ion +ΔΦp
orb +ΔΦp

flat +ΔΦp
noise

(3)  

Where, ΔΦp
dry and ΔΦp

wet are the hydrostatic and wet parts of the time- 
related fluctuation of the tropospheric delay elements, respectively. 
These parameters limit the accuracy of InSAR deformation fields and 
should be accurately eliminated during different InSAR-based defor
mation estimation, including earthquakes (Haji-Aghajany et al., 2020) 
or subsidence (Khalili et al., 2023b). The ΔΦp

ion is the ionospheric phase 
related to the electron content changes in the ionosphere layer. The 
deformation phase (ΔΦp

def ) can be safely disregarded when working with 
short-temporal baseline interferograms, as long as no significant defor
mation events transpire during the SAR acquisitions. The topographic 
phase can be accurately defined by incorporating an external Digital 
Elevation Model (DEM) into the analysis (Massonnet & Feigl, 1998). 
Errors in the DEM, ranging from 10 to 20 m, can introduce biases of 0.5 
to 1 mm in the final product for C-band. Therefore, the effects of DEM 
inaccuracies are not significant. The use of Sentinel-1′s precision orbit 
files is employed, providing high-quality satellite trajectory data for the 
correction of orbital errors. 

The ionosphere predominantly exerts its influence on radar signals 
with long wavelengths, and its impact on the X-band or C-band in
terferograms remains relatively constrained (Meyer and Nicoll, 2008). 
Moreover, the ionospheric effect is anticipated to introduce a long- 
wavelength trend that cannot be distinguished from other phase 
ramps, and as a result, these effects are typically removed during InSAR 
processing (Zebker et al., 1997). ΔΦp

dry depends on the time-dependent 
fluctuation of partial pressure of dry gases and ΔΦp

wet is associated 
with the time-variant changes in atmospheric water vapor content, 
which have been the main focus of many of previous studies (Haji- 
Aghajany & Amerian, 2020a,b; Maddahi et al., 2023). The hydrostatic 
delay demonstrates minimal temporal shifts due to slight variations in 
temperature, and the remaining signal, post-interferogram creation, 
shows linear, long-wavelength spatial fluctuations. As a result, this 
component is eliminated during the modeling and correction of orbital 
ramps (Zebker et al., 1997). ΔΦp

noise is the decorrelation noise part that 
emerges due to the spatio-temporal variability in scattering at a pixel. 
Decorrelation noise (ΔΦp

noise) can be mitigated using spatial filtering 
methods (Goldstein & Werner, 1998), and its impact on interferograms 
with short temporal baselines is minimal. Consequently, the component 
extracted from InSAR interferograms predominantly represents the 
differential wet delay. To validate InSAR-derived wet delay maps, it is 
essential to determine which delay components are present in the 
interferogram and which are not. The wet delay is composed of three 
parts: 

Wet delayTotal = Wet delayelevation− dependent + Wet delaylong− wavelength
⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟

Non− turbulent component

+ Wet delayshort− scale
⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟

Turbulent component

(4)  

A component dependent on elevation, a long-wavelength element, and a 
turbulent, short-scale mixed component are involved in InSAR obser
vations. Depending on the surface topography of the study area, the 
elevation-dependent component may be partially retained or removed 
in interferograms or during the reduction of the topographic phase (Li 
et al., 2006; Alshawaf et al., 2014; Haji-Aghajany & Amerian, 2020b). 
Areas with diverse topography tend to exhibit an elevation-dependent 
wet delay signal in the interferogram. The long-wavelength compo
nent can be challenging to distinguish from orbital ramps, leading to its 
removal from the interferograms. Conversely, the short-wavelength wet 
delay component lacks temporal correlation, facilitating its extraction 
from the interferograms. Consequently, InSAR-derived wet delays 
encompass short-scale fluctuations, with elevation-dependent and long- 

wavelength signals excluded. As discussed in the next section, GNSS 
data will be used to estimate the non-turbulent components. InSAR 
outcomes represent the difference in wet delays at two distinct times. 
Therefore, at this stage, estimating the absolute turbulent tropospheric 
wet delay for each PS point, based on Eq.5, becomes imperative. Eq.1 
represents an underdetermined inverse problem, requiring the applica
tion of constraints to solve the equation system. 

Δd1
1,master = d1

master − d1
1

.

Δd1
n− 1,master = d1

master − d1
n− 1

Δd2
1,master = d2

master − d2
1

.

Δd2
n− 1,master = d2

master − d2
n− 1

Δdk
1,master = dk

master − dk
1

.

Δdk
n− 1,master = dk

master − dk
n− 1

(5)  

To confine the inverse problem, it is assumed that the differential delay 
adheres to a zero-average Gaussian process for each PS point, as 
depicted in Eq.6 (Alshawaf, 2013). After adding these constraints to the 
equation, a well-defined inverse problem can be constructed, as detailed 
in Eq.7 and Eq.8. 

∑n

i=1

1
n
d1

i = 0

.

.

∑n

i=1

1
n
dk

i = 0

(6)  

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

− 1 0 ... +1 0 ... 0

0 − 1 ⋯ +1 0 ... 0

⋮ ⋮ ⋯ ⋮ ⋮ ... ⋮

0 0 ⋯ +1 0 ... − 1
1
n

... ...
1
n

... ...
1
n

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞
A

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

dk
1

⋮
dk

master

⋮
dk

n

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

⏞̅̅̅̅̅̅ ⏟⏟̅̅̅̅̅̅ ⏞
X

=

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

Δdk
1,master

⋮
⋮

Δd1
n− 1,master

0

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

⏞̅̅̅̅̅̅̅̅̅̅̅ ⏟⏟̅̅̅̅̅̅̅̅̅̅̅ ⏞
L

(7)  

Xn×k = (AT
n×nAn×n)

− 1AT
n×nLn×k (8)  

Where k, n, and dk
n− 1 are the number of PS points, the number of radar 

images and the partial wet delay at the location of kth PS in the n-1th 
image, respectively. A represents the design matrix, L is the matrix 
comprising turbulent differential tropospheric wet delay, and X em
bodies the matrix of turbulent absolute tropospheric wet delay for each 
PS in every image. The resolution for Eq.7 is derived by utilizing the 
Least Squares (LSQ) inversion principle, based on Eq.8. It’s pertinent to 
mention that the InSAR wet delays are oriented along the LOS direction 
of the radar satellite, which deviates from the GNSS satellites’ direction. 
Consequently, it is imperative to project the InSAR outcome into the 
zenith direction. Past studies have validated that utilizing an incidence 
angle for each PS point is adequate (Alshawaf et al., 2014). 

2.4. Extracting absolute non-turbulent tropospheric wet delay from GNSS 

The tropospheric delay is generally known as an intruder effect on 
GNSS positioning, and a lot of effort has been made to reduce this impact 
using different methods like ray-tracing techniques (Haji-Aghajany & 
Amerian, 2018) and troposphere tomography (Haji-Aghajany, 2021; 
Haji-Aghajany et al., 2021). From a different perspective, this intruder 
effect in positioning proves valuable in some other fields. GNSS 
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tropospheric products are widely used in various fields of study, 
including troposphere tomography (Haji-Aghajany, 2021; Izanlou et al., 
2024), machine learning-based land subsidence prediction (Tasan et al., 
2023), and machine learning-based groundwater level prediction (Haji- 
Aghajany et al., 2023). As previously noted, in this paper, GNSS data is 
utilized to calculate the non-turbulent segments of the tropospheric wet 
delay. Fig. 2 shows the procedure of estimating absolute wet delay using 
fusion of InSAR and GNSS measurements. The overall tropospheric 
delay along the zenith direction is initially derived from GNSS pro
cessing to calculate the absolute wet delay from GNSS data (Haji- 
Aghajany et al., 2021, 2022). Then, the dry part is subtracted from the 
total delay using a precise empirical model called the Saastamoinen 
model (Saastamoinen, 1973). In order to model the elevation-dependent 
component an exponential function is used (Onn & Zebker, 2006): 

delayelevation− dependent = ae(− bH) + abHe(− bH) + c (9)  

Where H refers to the altitude and a, b, and c are the model parameters 
that will be calculated utilizing GNSS station measurements. To measure 
the goodness of fitting, the reduced chi-squared statistic is used (Onn & 
Zebker, 2006). After fitting the model and computing the final residual, 
the other non-turbulent component of wet delay related to the long- 
wavelength effect can be estimated. For this purpose, the elevation- 
dependent component will be deducted from the total wet delay esti
mated from GNSS measurements. Then, a linear model will be fitted to 
the residual to estimate the long-wavelength component: 

delaylong− wavelength = pφ+ qλ+ r (10)  

Where φ and λ are referring to the geographical coordinates of the GNSS 
station (latitude and longitude), and p, q, and r are the model compo
nents. The non-turbulent element of the wet delay can be determined by 
adding the long-wavelength and elevation-dependent components. As 
illustrated in Fig. 2, the comprehensive tropospheric wet delay can be 
calculated by combining the InSAR turbulent component from InSAR 
with the non-turbulent component derived from GNSS measurements. It 
should be mentioned that the Kriging interpolation technique is used to 
interpolate GNSS outputs on PS coordinates. 

2.5. High-resolution temperature map 

Based on previous studies and the physical aspects of signal trans
mission through the troposphere, the Zenith Tropospheric Delay (ZTD) 

and its two components, Zenith Hydrostatic Delay (ZHD) and Zenith Wet 
Delay (ZWD), can be expressed as follows (Nilsson et al., 2013): 

ZTD = ZHD+ZWD = 10− 6
∫ hTroposphere

hStation

N ds

= 10− 6
∫ hTroposphere

hStation

(Nhyd + Nwet)ds (11)  

N = k1
R

Md
ρ

⏟̅̅̅ ⏞⏞̅̅̅ ⏟
Nhyd

+ kʹ
2
e
T

Z− 1
w + k3

e
T2Z− 1

w
⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟

Nwet

(12)  

ZWD = 10− 6
∫ hTroposphere

hStation

(kʹ
2
e
T

Z− 1
w + k3

e
T2Z− 1

w ) ds (13)  

Where N, Nh and Nw are total hydrostatic and wet refractivity, respec
tively. The ds is the distance between the receiver and the top of the 
troposphere,k1, k2́ and k3 are the frequency-dependent empirical co
efficients, ρ is the density of dry air, Md is the molar mass for dry air, R is 
the universal gas constant, Zw is the compressibility factors for water 
vapor, e is the water vapor pressure and T is temperature. Due to the fact 
that the meteorological data is distributed at different and discrete 
pressure levels, in operational mode, the integral is discretized as 
follows: 

ZWD = 10− 6
∑Np− 1

i=1
(kʹ

2
ei

m
Ti

m
Z− 1

w + k3
ei

m

(Ti
m)

2Z− 1
w )(hi+1 − hi) (14)  

ei
m =

ei + ei+1

2
, Ti

m =
Ti + Ti+1

2
(15)  

Where Np is the number of pressure levels regarding the numerical 
weather models and ei

m and Ti
m are water vapor and temperature be

tween two consecutive pressure levels. It is notable that e1 and T1 

represent the water vapor pressure and temperature near the surface, 
respectively. The water vapor pressure at various heights can be calcu
lated utilizing Antoine’s model, which is grounded in the Clausius- 
Clapeyron relation for gases (Tolman, 2008): 

ei =
10A− B

C+Ti

0.75
(16)  

Where A, B and C are Antoine’s constants (A = 8.071, B = 1730.63 and 
C = 233.43). This model is valid for temperatures between 0 ◦C and 
100 ◦C. It is assumed that temperatures in the big city are in this range. 
When temperatures fall below 0 ◦C, water vapor pressure drops to zero 
because water molecules freeze and do not evaporate. On the other 
hand, the temperature in different vertical layers can be estimated using 
an empirical formula (Mendes and Langley, 1998): 

Ti+1 = Ti − β(hi+1 − hi) (17)  

Where β is a coefficient that is computed using radiosonde measure
ments in the study area. Upon implementing Eq.15, Eq.16, and Eq.17 
into Eq.14, the sole unidentified parameter becomes the surface tem
perature. Consequently, a high-resolution temperature map will be 
redeveloped. 

2.6. Classification of the study area 

As discussed in the preceding section, the UHI represents the tem
perature disparity between rural and urban regions. Therefore, one of 
the crucial steps in estimating UHI is differentiating between various 
segments of the study area. The use of the LCZ classification becomes 
essential for segregating urban and rural zones based on their adjacent 
land cover (Stewart & Oke, 2012; Stewart et al., 2014). While the 
traditional LCZ classification method relies on ground-based 

Fig. 2. Flowchart to compute wet delay using the fusion of InSAR and 
GNSS data. 
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observations, satellite imagery can also be employed to categorize LCZ 
types across extensive areas. This approach offers a cost-effective means 
to analyze the spatial distribution of urbanization and its impact on the 
local climate. Satellite images provide high-resolution spatial data on 
the land cover surrounding a region of interest, such as a city or a larger 
area. This information can be used to classify the area into different LCZ 
categories, which describe the physical properties of the land cover and 
their influence on the local climate (Demuzere et al., 2021; Demuzere 
et al., 2022). Satellite-based LCZ classification is particularly useful for 
monitoring urbanization trends and their environmental effects over 
time. One advantage of this approach is its ability to classify areas that 
are difficult or impossible to access on the ground, such as remote re
gions or areas with restricted access. 

2.7. Validation methods 

Generally, statistical parameters, including the RMSE, Nash-Sutcliffe 
Efficiency (NSE), R2, and Mean Absolute Error (MAE), are utilized to 
assess the acquired UHI. These parameters are calculated as follows 
(Moriasi et al., 2007): 

RMSE = [
1
n
∑n

i=1
(Si − Oi)

2
]
1
2 (18)  

NSE = 1 −

∑n
i=1(Oi − Si)

2

∑n
i=1(Oi − O)

2 (19)  

R2 =

⎡

⎢
⎢
⎢
⎣

1
n
∑n

i=1(Si − S)(Oi − O)

σs × σo

⎤

⎥
⎥
⎥
⎦

2

(20)  

MAE =

∑n
i=1|Si − Oi|

n
(21)  

where Si and Oi are the modeled and observed data, S and O are the 
average of the modeled and observed data, and σS and σO are the stan
dard deviation of the modeled and observed data, respectively. RMSE is 

a measure of the difference between modeled and observed values. NSE 
quantifies the model’s proficiency in mirroring the observed data. It’s 
calculated by squaring the deviation between the modeled and observed 
values, then dividing by the square of the variance between the observed 
and mean values. NSE spans a range from negative infinity to 1, with a 
score of 1 denoting a perfect match between modeled and observed 
values. R2 signifies the percentage of variance in the observed data that 
is accounted for by the model, ranging from 0 to 1, where 1 implies the 
model comprehensively explains the data’s variability. Meanwhile, MAE 
provides a measure of the average absolute divergence between the 
modeled and observed values. 

3. Study area and data sets 

Mashhad, Iran’s second-largest city, is situated in the country’s 
northeastern region. As of the most recent 2021 data, its population is 
approximately 3.5 million. Climate-wise, Mashhad endures a semi-arid 
environment with hot summers and chill winters. There is a note
worthy diurnal temperature variation, with winter temperatures 
(December through February) often plummeting below freezing and 
averaging between 0 ◦C and 15 ◦C. The summer, spanning June to 
August, brings hot, dry conditions, with mean temperatures oscillating 
between 20 ◦C and 35 ◦C. Positioned 985 m above sea level, Mashhad 
spans 431 square kilometers. In 2019, the city welcomed about 2.5 
million international tourists, according to the Statistical Center of Iran 
(2018). A 2021 report from Iran’s Environmental Protection Agency 
indicated that Mashhad’s air pollution, notably for fine particles and 
sulfur dioxide, surpassed national benchmarks (Tehran Times, 2023). 
Fig. 3 illustrates the geographic locale of the study area. It’s vital to note 
that the region has not recorded any tectonic activity during the inves
tigative period. 

For the research, several Sentinel-1A radar captures from the study 
area were utilized to apply the InSAR technique. Radar acquisition 
specifications are detailed in Table 1. To estimate the non-turbulent 
component of the tropospheric wet delay, ten GNSS stations were 
employed. Additionally, readings from a radiosonde station in the study 
zone were used to determine the coefficient of Eq.16. The layout of 
GNSS stations and the radiosonde station’s location are visualized in 
Fig. 3. 

In this study, the outcomes are validated using the WRF model, a 
numerical weather prediction system known for its ability to simulate 
surface temperatures with high spatial and temporal precision. It can 
generate hourly surface temperature outputs at kilometer-scale spatial 
resolution (Michalakes et al., 2004). Meteorological forecasts required 
for running the WRF model are obtained from Global Forecast System 
analysis (GFS) data. 

Fig. 3. The geographic location and a sample of the radar scene of the study area.  

Table 1 
Specifications of Sentinel-1A radar acquisitions.  

Mission Product Track Flight 
Direction 

Beam 
Mode 

Time period 

Sentinel- 
1A 

S1A-IW- 
SLC 

93 DESCENDING IW Jan 2022 to 
Dec 2022  
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4. Processing results and analysis 

This section will describe the processes used in the study and present 
the obtained results, which will be evaluated accordingly. Firstly, the 
results of the area classification will be presented, followed by the results 
related to temperature maps. Finally, the heat island phenomenon will 
be evaluated and discussed. 

4.1. Temperature map 

As mentioned in the theoretical part of the paper, the first step is to 
extract the turbulent part of the tropospheric delay using InSAR obser
vations. Interferograms with spatial baselines of up to fifty days were 
obtained to achieve this aim. The selection of the master acquisition was 
based on having the minimum level of incoherence, meaning that the 
chosen image should exhibit the least amount of vertical, temporal, and 
Doppler baseline differences compared to the others (Hooper, 2005). 
Due to the absence of deformation in the area and correction of other 
effects in the interferograms as described in previous sections, the ob
tained interferograms only contain the turbulent differential tropo
spheric delays. A sample of the findings is visible in Fig. 4. The southern 
regions of the area exhibit a more pronounced discrepancy in the tur
bulent portion, escalating up to 5 cm, while the disparity in the northern 
parts is comparatively subdued. 

The equations of the obtained observations were solved based on 
added constraints to obtain the turbulent absolute tropospheric delays 
for each acquisition time. The obtained results have been projected in 
the zenith direction to combine them with GNSS measurements. Once all 

the necessary outputs from InSAR were obtained, the missing parts of 
the tropospheric wet delay were calculated using GNSS observations and 
added to the previous values. The Bernese 5.2 software was utilized for 
GNSS data processing, employing the Precise Point Positioning (PPP) 
method to derive the zenith direction tropospheric delay. This was 
achieved with a temporal resolution of one hour for each day radar data 
was acquired (Dach et al., 2015). 

Upon calculating the total tropospheric delay, the wet delay was 
determined by employing the Saastamoinen model to exclude the dry 
component. The delay values were then interpolated on the PS points 
using the Kriging method. Leveraging the aforementioned relations, the 
elevation-dependent and long-wavelength segments of the wet delay 
were evaluated, resulting in the reconstruction of high-resolution ab
solute tropospheric wet delay maps. Once the tropospheric wet delay 
was calculated at the PS points, the surface temperature was determined 
using the method described in Section 2.5. The temperature variable was 
calculated by converting Eq.14 into a single-variable equation. Fig. 5 
shows examples of temperature maps calculated using InSAR data and 
GNSS observations, displaying the calculated temperature for one day of 
each month in 2022. The maps indicate that the temperature initially 
increased and then decreased towards the end of the year. It should be 
noted that in Fig. 5, colorbars with different ranges have been used 
because the temperature range varies at different dates. If the same 
colorbar were used for all subfigures, the temperature difference in 
different parts of the area would not be visible on some dates. 

The highest temperature in the area was observed in June, reaching 
320 degrees Kelvin, and in July, the southeast of the study area also 
showed high temperatures. The months of November and December 

Fig. 4. Sample of obtained turbulent differential wet delay maps from InSAR. The date 04,032,022 has been considered as the master date.  
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Fig. 5. Sample of obtained temperature map from the fusion of InSAR and GNSS data. The dashed lines show the considered profiles to better express the tem
perature difference. The labels “a” to “l” correspond to the different months from January to December in the year 2022. 
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exhibited the lowest average temperatures. The maps further reveal that 
the central region, an urban zone, consistently exhibited higher tem
peratures than its surroundings across all months. In both October and 
August, the temperature disparity among different portions of the region 
was less pronounced compared to other months, with the peak tem
perature variance approximating 4 degrees Kelvin. The highest tem
perature differences in various PS points in the study area occurred in 
June, July, November, and December, with differences reaching up to 
13 degrees Kelvin. Two profiles on the maps were considered to assess 
spatial temperature variations, which will be analyzed in the following 
sections. The integration of InSAR and GNSS data resulted in high- 
resolution temperature maps. However, the obtained results require 
validation using credible external data. 

4.2. Classification of the area 

The LCZ Generator, devised by Demuzere et al. (2021), was utilized 
to classify LCZs, adhering to the standard procedure of the World Urban 
Database and Access Portal Tools. This was executed by utilizing 
Landsat data and amalgamating Sentinel-1, Sentinel-2, DEM, global 
forest canopy height, and additional earth observation data via the 
random forest algorithm. The LCZ Generator facilitates easy quality 
control by enabling the user to generate classification results (Demuzere 
et al., 2021; Demuzere et al., 2022). Utilizing this instrument, the study 
area can be categorized into 17 distinct classes, anchored in vegetation 
types and building coverage. The objective of this research is to calculate 

the temperature discrepancy between urban and rural segments. 
Therefore, in this study, the area has been classified into three different 
classes: buildings, comprising various densities and heights; agriculture 
and green space, encompassing different types of vegetation cover such 
as forests, parks, and agricultural fields; and open land and village areas, 
including sparsely built areas, bare rock or paved surfaces, bare soil or 
sand, and water bodies. The classified area derived from the information 
in 2022 is visible in Fig. 6, where the urban zone is situated at the center 
of the map. The agricultural area, together with green space, is situated 
around the city, while the open land and village class can be seen around 
the edges of the map. By using this classification method, it is possible to 
separate the PS points into different classes and measure the UHI 
phenomenon. 

4.3. UHI results and discussion 

After reconstructing the high-resolution temperature map and clas
sifying the study area, it is now essential to explore and assess the UHI 
effect within the research area. To achieve this, two profiles, as seen in 
Fig. 5 and Fig. 6, have been selected on the obtained maps. Along these 
profiles, all three types of land cover, including building, agriculture and 
green space, and open land and village, have been considered. There
fore, the UHI can be studied based on the temperature changes along 
these profiles. The temperature variations are visible in Fig. 7. It is worth 
noting that these graphs have been drawn based on the obtained tem
perature maps shown in Fig. 5. In every chart, the UHI effect is evident 

Fig. 6. Classification of the study area and considered profiles.  
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owing to the significant temperature discrepancy between the urban 
zones and other regions. In other words, the peak point of the graphs is 
seen in the urban area, and before and after that, the graph shows a 
descending trend. In the graphs related to January, which are shown 
with label a, the urban heat island phenomenon is more apparent along 
profile P1 than P2. This value reaches about 3 degrees Kelvin. In the 
February graphs, denoted with label b, temperature variations maintain 
consistency across both profiles, with the temperature differential be
tween urban and non-urban zones reaching up to 5 degrees Kelvin. 

Based on the available graphs, the existence of the UHI phenomenon 
in the area is apparent. In March (c), similar changes in both profiles are 
visible, and the UHI has had a significant increase compared to the 

Fig. 7. Temperature variations were analyzed along two selected profiles on different dates, as shown in Fig. 6. The red rectangle indicates the urban area, while 
labels “a” to “l” correspond to the different months from January to December in the year 2022. Additionally, labels “P1″ and ”P2″ denote profile 1 and profile 2, 
respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 2 
The physics schemes used in the WRF configuration.  

Category Scheme Reference 

Shortwave 
radiation 

Rapid Radiative Transfer Model 
forGlobal climate models (RTMG) 

(Iacono et al., 
2008) 

Longwave 
radiation 

RTMG (Iacono et al., 
2008) 

Planetary 
boundary layer 

Mellor-Yamada and Nakanishi-Niino Nakanishi and 
Niino (2006) 

Land surface Noah-MP (multi-physics) (Niu et al., 2011) 
microphysics Thompson Thompson et al. 

(2008)  

Fig. 8. Considered parts for statistical comparison. “U” and “R” refer to urban 
and rural areas, respectively. 
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previous two months, reaching 8 degrees Kelvin. Also, in April (d), May 
(e), June (f), and July (g), the value of this phenomenon is variable 
between 5 and 7 degrees Kelvin. It is worth mentioning that in graph g, 
following the traverse through the urban area, the decline in tempera
ture is less pronounced compared to other instances. Generally, it can be 
said that the behavior of the profiles after passing through the urban 
area is different from their behavior before reaching this area. The 
phenomenon also decreases as the winter season approaches and the 
average temperature decreases in the area. 

In summary, the minimal intensity of the UHI is discernible during 
the colder months. To validate the accuracy of the outcomes derived 
from merging InSAR and GNSS data—utilizing a novel methodology for 
acquiring high-resolution temperature maps—it is imperative to assess 
the results against trustworthy output data. 

The surface temperature derived from the WRF model was employed 
to validate the results. However, it should be noted that the radiosonde 
measurements were not utilized for the evaluation of the obtained 
temperature as they were only applied to determine a coefficient in 
Eq.17. The WRF model was executed with two nested domains situated 
within a primary domain, and Table 2 showcases the array of physics 
schemes employed in the model. To compare the results with the WRF 
outputs, four different areas, including urban and rural regions, were 
considered. As shown in Fig. 8, these parts are represented as circles 
with a radius of 10 km. The WRF outputs were estimated at a spatial 
resolution of 1 km. The temperature values used in the comparison were 
obtained from the temperature average within each circle. Fig. 9 and 
Table 3 indicate the statistical analysis of obtained temperature. It is 
evident that the UHI values garnered from the innovative method have 
been compared with the outputs derived from the WRF model across 
diverse segments of the area. The maximum RMSE value is 0.7 Kelvin, 
while the minimum value is around 0.4 Kelvin. 

Additionally, the maximum value of MAE is 0.6 Kelvin, indicating a 
high consistency between the obtained results and the outputs of the 
WRF model. The peak value for the NSE coefficient is approximately 
0.89, while the lowest figure hovers around 0.85. The R2 also shows 
values between 0.85 and 0.89. The proximity of these values to 1 in
dicates the consistency of the results with the WRF model outputs. 

5. Conclusions 

This paper proposed a novel approach for calculating the UHI effect 
by utilizing a high-resolution temperature map generated by integrating 
InSAR data with GNSS measurements, which is independent of weather 
conditions. The temperature of the region was deduced by considering 
the wet part of the tropospheric delay, which is segmented into turbu
lent and non-turbulent portions. The turbulent part was calculated using 
InSAR, while the non-turbulent part was calculated using GNSS obser
vations. The proposed method provides a suitable approach to recon
structing high-resolution temperature maps and calculating the UHI 
phenomena. After generating high-resolution temperature maps, The 
UHI index was ascertained by computing the temperature discrepancy 
between urban and non-urban zones. The study area was then classified 
into different land coverage classes using the LCZ method, which en
ables an understanding of the spatial distribution of the UHI. The ob
tained UHI results were evaluated by comparing them with the outputs 
of the WRF model, and statistical assessments revealed that the sug
gested technique exhibits commendable efficacy. The RMSE of the UHI 
index obtained from the novel method and WRF model was between 0.7- 
and 0.4-degrees Kelvin, while the MAE parameter was between 0.41 and 
0.61. Furthermore, the NSE varied from 0.85 to 0.9 in different months 
of the year, with the R2 index ranging from 0.85 to 0.89. Utilizing InSAR 
and GNSS measurements allows a more accurate assessment of the UHI 
effect in urban areas. Furthermore, utilizing the LCZ method to cate
gorize the research area into varied land cover classes also yields sig
nificant insight into the UHI’s spatial distribution. 
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