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Abstract 
Global warming and rapid urban growth, compounded by the urban heat 

island (UHI) effect, are posing substantial challenges for urban populations and 
ecological well-being due to increased heat stress risks. This study aimed to 
analyze the spatiotemporal patterns of land surface temperature (LST), UHI, and 
potential heat stress risk areas (PHSRA) in two distinct cities, an inland city, 
Nakhon Ratchasima, and a coastal city, Si Racha, during the summer. Geoinformatics 
techniques and Crichton’s Risk Triangle method were employed, using updated 
demographic data and Sentinel-3 data from 2017 to 2022. The findings indicate 
that the inland city daytime average LST values were higher than in the coastal 
city, while the opposite was true at nighttime. Additionally, high daytime UHI 
patterns in the inland city were observed on the outskirts, and nighttime UHI 
concentrated in the urban center. The coastal city exhibited a strong daytime and 
nighttime UHI compared to the inland city, with daytime UHI peaking in the 
inner area and nighttime UHI near the coastline. The PHSRA was categorized 
into five risk levels (very high: > 0.8, high: 0.8–0.6, moderate: 0.6–0.4, low: 0.4–0.2 
and very low: ≤ 0.2). During the daytime the highest risk areas, the high and very 
high levels of PHSRA in the inland city (23.84%) were greater than those in the 
coastal city (16.46%). Conversely, at nighttime, the coastal city (16.46%) exhibited 
higher levels than the inland city (5.26%). In nighttime conditions, all levels of 
PHSRA occurred more significantly than during the daytime in these cities. 
Understanding the spatiotemporal variations in PHSRA is vital for pinpointing 
places at risk of heat stress accidents in summer. This data is a goldmine for city 
planners and healthcare authorities, helping them plan interventions and effective 
measures for the future. 
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Introduction 
 The world’s population is rising dramatically, and 
while new cities are being developed, the current ones 
are becoming overcrowded [1]. Those changes in 
urbanization and urban land use will reach 1.2 million 
km2, nearly tripling the global urban area in 2030 [2]. 
Rapid urbanization brings about significant changes in 
urban morphology and surfaces, along with a surge in 
anthropogenic heat emissions [3]. Heat islands develop 

due to the combined effect of these changes and raise 
air temperatures in urban regions more than in rural 
areas [4]. It is called UHI effect. This phenomenon and 
significantly worsens the quality of the outside air, 
resulting in heat-related illnesses and fatalities in 
metropolitan areas [5–6]. Due to the heightened air 
temperatures brought on by the higher population 
density and the UHI effect relative to their rural 
surroundings, extreme weather conditions particularly 
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affect urban areas and can induce heat stress and other 
negative impacts [7–8]. High temperatures have also 
been identified as the primary contributor to weather-
related fatalities [9]. Heat stress occurs when the human 
body cannot effectively dissipate metabolic heat, and 
the inner body temperature increases [10]. Ongoing 
urbanization, the combined impacts of climate change, 
and changes in demographics all work together to enhance 
the likelihood that city dwellers may experience heat-
related stress [11–12]. Several research studies have 
highlighted the connection between UHI and increased 
mortality rates [13]. Nighttime UHI is generally more 
pronounced than daytime UHI. Nocturnal temperatures 
play a crucial role in human health, as elevated night-
time temperatures are associated with a heightened  
risk of heat-related mortality [14]. Commonly, when 
evaluating the risks associated with heat, the assessment 
encompasses not just heat-related hazards such as UHI 
or heatwaves, but also considers the vulnerability and 
exposure of the population [15]. 
 UHI intensity is determined by using air temperature 
data from a weather station or the satellite data. LST is 
the Earth's surface temperature measured by its thermal 
radiation. Recent remote sensing advancements, like 
LST measurements [16–17], aid in UHI study. LST helps 
to create UHI indicators, including urban-suburban 
temperature differences and temperature distribution 
[18]. Both methods offer their distinct benefits. Although 
data on air temperatures is a direct indicator of UHI, it 
is only for specific sites. Since 2005, UHI studies have 
surged due to increased interest and better remote 
sensing [19]. In recent research endeavors, the application 
of remote sensing techniques has significantly enhanced 
our ability to gauge the spatial extent of the UHI at a 
finer resolution than previously achievable. Numerous 
investigations have leveraged satellite data to specifically 
address heat health risk assessments [20]. 
 The UHI effect has reportedly been widely researched 
in cities and at locations throughout the globe, according 
to substantial literature for heat risk assessment. Different 
types of research have been conducted to investigate the 
link between LST and the composition and arrangement 
of man-made surfaces and green areas but they did not 
concentrate on social vulnerability [21–22]. Some heat 
risk studies pose a challenge in comprehending com-
posite indices that amalgamate various indicator such 
as demographic, socio-economic, topographic, education, 
racial and language [23]. For instance, incorporated 25 
indicators, while employed 9 variables to formulate a 
heat vulnerability index for Chicago and London [24–
25]. This approach, however, constrains decision-makers 
in grasping the specific issues pertinent to the study 
areas, failing to elucidate why an area is susceptible. 

Moreover, prior investigations have often failed to 
delineate a specific vulnerable group, opting instead to 
amalgamate different vulnerable groups [15]. This method 
results in the suggested recommendations being overly 
broad or unsuitable for all vulnerable populations. 
 Furthermore, it is imperative to address a methodo-
logical concern related to the utilization of heat maps 
in heat risk assessments. Existing studies commonly 
rely on daytime and nighttime LST data from MODIS 
satellite observations, given the scarcity of Sentinel 3 
satellite data. When conducting a comparative analysis 
between Sentinel 3 and MODIS, the research outcomes 
reveal a significant 90% overlap in pixel coverage. 
Nevertheless, a notable observation is the presence of a 
10% commission error specifically in the MODIS dataset 
[26–27]. 
 At present, a majority of research pertaining to the 
assessment of health risks associated with heat has 
predominantly taken place within developed nations. It 
is worth underscoring that the geographical dispersion 
of heat-related risks within developing countries remains 
relatively less understood [28]. Most of research has been 
predominantly concentrated on investigating heat-
related risks within megacities [23, 25], while there have 
only been limited endeavors dedicated to scrutinizing 
these risks in medium-sized cities. Additionally, there 
remains a dearth of comparative analyses that have 
focused on the differences between the heat-related 
health risks for those living in inland urban areas versus 
coastal urban areas. 
 This study aims to compare the spatiotemporal 
distribution patterns of LST and UHI and Potential 
Heat Stress Risk Areas (PHSRA) in both the inland city 
of Nakhon Ratchasima and the coastal city of Si Racha 
during the summer season in Thailand.   Both Nakhon 
Ratchasima and Si Racha were selected due to their 
distinct geographical and urbanization attributes. Nakhon 
Ratchasima exemplifies a medium-sized inland city 
situated on the northeast plateau of Thailand, show-
casing typical characteristics of such areas. In contrast, 
Si Racha represents a medium-sized eastern coastal city, 
highlighting the coastal features of Thailand. The eastern 
coast is characterized by a diverse landscape, ranging 
from undulating and rolling hills to mountainous terrain, 
interspersed with flat lowlands that gently slope towards 
the sea. This diversity makes Si Racha an ideal case study 
for understanding coastal urban environments in Thailand. 
This investigation utilizes Sentinel-3 satellite data 
alongside updated demographic information. The 
methodology involves the creation of a spatially explicit 
map, emphasizing high-risk areas. The analysis delves 
into the constituent factors through the application of 
GIS and remote sensing techniques, incorporating 
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Crichton's Risk Triangle method. This research provides 
a scientific foundation for optimizing resource allocation 
and implementing effective intervention programs. 
 
Materials and methods 
1) Study area  
 The study areas are two distinct cities in Thailand 
(Figure 1). The inland city of Nakhon Ratchasima is 
situated in Nakhon Ratchasima Province at a considerable 
distance of approximately 275 kilometers away from 
the shores of the Gulf of Thailand. Its coordinates are 
14° 58' 16'' N and 102° 5' 59'' E. The Lam Takong River 
flows from southwest to northeast through this area 
[29–30]. The city covers an area of 777.951 km2 and is 
divided into 25 subdistrict municipalities, with a total 
population of 445,145 (572 people km-2) in 2022.  
 The coastal city of Si Racha is located in Chonburi 
Province on the east coast of the Thailand. Its coor-
dinates are 13° 10' 28'' N and 100° 55' 50'' E. In the study 
area, the north and northwestern parts feature moun-
tainous regions and large water bodies, such as the Ban 
Bang Phra dam. On the west coast of the study area, 
there are small, isolated hills [31]. The district has 8 
subdistricts, with a total land area of about 623.72 km2 
and with a resident population of over 338,898 (543 

people km-2) in 2022. Both the studied areas have a 
tropical savanna climate and tropical monsoon climate 
(Koppen climate classification Aw and Am). Typically, 
the summer season occurs from approximately mid-
February to mid-May [32].  
 Nakhon Ratchasima, one of the most populous 
inland cities in northeastern Thailand, holds significant 
historical and economic importance. It was the terminus 
for Thailand's first railway line, connecting Bangkok to 
Nakhon Ratchasima. Additionally, the development of 
Mittraphap Road (Highway 2) further solidified the 
city's role as a crucial transportation and economic hub 
for the region [29–30]. On the other hand, Si Racha is 
renowned for its extensive industrial zone, encompassing 
manufacturing and shipping facilities. The city boasts 
the sprawling Laem Chabang Port, ranked as the 20th 
largest and busiest container port globally. Located in 
the southwestern part of the study area, this port plays 
a crucial role in Thailand's international trade and 
economic landscape [33]. In the past decades, the two 
cities have experienced unprecedented economic deve-
lopment and urban expansion, which has resulted in 
the intensified UHI effect and a large increase in heat-
related health risks [34–35].

 

 
Figure 1 Location of two cities, (a) Nakhon Ratchasima and (b) Si Racha. 

(a) 

(b) 
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2) Data source 
 This study used daytime and nighttime Sentinel-3 
LST. The studied areas aligned with Sentinel-3A and 3B 
paths, which pass over the region between 9:00-11:00 
AM for daytime observations and 10:00 PM-12:00 AM 
(local time) for nighttime observations. However, these 
satellite overpass times may not coincide with the periods 
of peak UHI intensity or maximum LST. Consequently, 
the timing mismatch may result in underestimations of 
both UHI intensity and maximum LST values. A total of 
48 cloud-free images were selected for short term this 
study, ranging from mid-February to mid-May of each 
year from 2017 to 2022. These images were chosen on a 
monthly basis, with two images captured during both 
daytime and nighttime for each month in the specified 
period. The e images used were acquired through the 
European Space Agency (ESA) Copernicus Open Access 
Hub for level 2, which were pre-processed in SNAP, 
while the geo-processing and the mapping of the results 
were developed in QGIS. All the data was re-projected 
(EPSG: 32647; WGS 84/UTM zone 47N) into the reference 
system. 
 Population density and the specific population are 
both important parameters for heat stress risk, and 
various studies have investigated their relationship with 
heat health risk. Population data information was collected 
from the official population statistics website of the 
Thai government, which was updated to 2022. The 
methodology involves collecting Sentinel 3 daytime and 
nighttime LST data and demographic data. Sentinel 3 
LST values are converted from Kelvin to degrees Celsius, 
and daytime and nighttime UHI values are calculated 
for the study areas. These UHI (hazard parameter) values 
are then converted to vector data at the subdistrict level.  
Subdistrict level of population density (exposure para-
meter) and the percentage of the population under 5 

years and over 65 years (vulnerability parameter) are 
calculated and included in the subdistrict-level vector 
data. The three parameters are normalized to a 0 to 1 
scale and combined using a risk triangle method to 
identify potential heat stress risk areas at the subdistrict 
level. Finally, the integrated data undergo further 
normalization to classify different risk levels within the 
study areas. The employed research methodology is 
illustrated in Figure 2. It demonstrates the flow from 
data collection (Sentinel 3 and demographic data) through 
processing steps (conversion, calculation, normalization, 
and combination of parameters) to the final results 
(risk classification maps). 
 
3) Crichton’s risk triangle: PHSRA assessment framework 
 In this study, the development of the PHSRA index 
drew upon was based on Crichton's risk triangle 
approach, as outlined in previous works [32–34]. In 
this approach, Risk, characterized as the likelihood or 
potential for loss, was operationalized as a balanced 
amalgamation of exposure parameters, vulnerability 
parameters, and hazard parameters [38–39]. This approach 
is popular for three reasons: it's the simplest and most 
comprehensive way to assess risk; risk is seen as 
dynamic, influenced by three changeable components; 
and it's easy to break down into precise, transparent 
layers, making it suitable for the geospatial domain 
[40]. The concept of risk can be visualized through an 
imaginary equilateral triangle, where its three sides 
embody the three fundamental components of risk. 
The cumulative interplay of these components defines 
the overall risk, analogous to the area enclosed by the 
triangle. If any side is missing, there is no risk. 
Moreover, to lessen the risk, we must seek a better 
solution for all sides [36].

 

 
Figure 2 Research flow. 
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 The three key parameters: exposure (E), vulnerability 
(V), and hazard (H) in this study are the following. 
Population density, measured in inhabitants per square 
kilometer, served as the exposure parameter (E). The 
vulnerability parameter (V) accounted for demographi-
cally sensitive groups, specifically the total population 
of young children (ages 0 to 5 years) and the elderly 
(ages 65 years and older) Urban Heat Island (UHI) 
intensity was utilized as the hazard parameter (H), 
following the approach outlined by Buscail C et al. [41]. 
 
Methods 
1) Land surface temperature estimation 
     Focused on the idea of differential absorption by 
using the current SW algorithms to measure the LST, 
the difference between the two TIRS band wavelengths 
enables the signal to be adjusted for the effects of the 
atmosphere. TIRS band at two distinct wavelengths or 
a TIRS band at multiple opposite viewing angles can 
also be used for this. They are reliant on the emissivity 
of the earth's surface, which could be measured in a 
variety of methods [42]. Several papers have discussed 
the effectiveness, usefulness, and specificity of these 
algorithms in Sentinel 3 pictures [35, 42–47]. The 
official Sentinel 3 A and B level 2 SLSTR product's SW 

algorithm implicitly accounts for soil transmittance by 
using this Eq. 1 [48]. 
 
2) Urban heat island estimation 
 UHI is justified in the literature using contrasting 
temperatures observed simultaneously in the urban area 
and the rural areas around cities [49]. Remote sensing 
data is used to independently measure the surface heat 
island's intensity in urban and rural areas, and the 
selected pixels were examined in this context. Specified 
pixels and stations were the main sources of this 
evaluation, Eq. 2 [50–53]. 
 
3) Mapping of potential heat stress risk areas (PHSRA) 
    To quantify and map the PHSRA, key paramters 
including E, V and H were normalized from 0 to 1. 
Using the min-max method (Eq. 3), all variables were 
normalized on a 0 – 1 scale, in which 0 indicated a lower 
risk and 1 meant a higher risk. This was used for the 
normalization process [55]. 
 After giving each factor a weight, these numbers 
were then merged into one index, the HERI. The 
characteristics were mixed especially by weighting E 
and V at 25% and H at 50% (Eq. 4), respectively.

 

                                         LST = af,i,pwTbf,i(T11 − T12)
1

cos�θm� + �bf,i + Cf,i�T12 − 237.15                                                 (Eq. 1)     

 
 where, the brightness temperatures of Sentinel 3 (bands 8 and 9) are represented by T11 and T12 are the brightness 
temperatures in the SLSTR  11 µm and 12 µm channels, while LST is represented by Kelvin. The values of a, b, and c 

are dependent on the type of plant cover and biome being observed. The variable θ represents the satellite's zenith 

angle of view, and while m is a dependent variable that is also affected by θ [35, 48]. 

                                                         
                                                                         UHI = (Ts−Tm)

SD
                                                                                       (Eq. 2) 

 
 where, Ts refers to the LST, Tm represents the mean of the LST, and SD for standard deviation [54]. 

   
                                                                                      Yi = (xi−min(x))

(max(x)−min (x))
                                                                                (Eq. 3) 

 

 in which, Yi was defined as the normalized value of a dataset (E, V, H), which fell between 0 and 1. Xi could also 
be defined as the value of the dataset, in which min(X) represented the minimum value and max(X) represented the 
maximum value. 

    
                                                    PHSRA = (0.25 ∙ Enorm) + (0.25 ∙ Vnorm) + (0.50 ∙ Hnorm)                                             (Eq. 4) 
 
   Eventually, using the max-min approach, the PHSRA was normalized (PHSRA norm) from 0 to 1 and mapping 
was done at the subdistrict level.       
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     Based on the literatures [56-57], five risk levels were 
used to divide the HERI parameter for mapping as follows: 
very low (PHSRA≤0.2), low (0.2 < PHSRA ≤ 0.4), 
moderate (0.4 < PHSRA ≤ 0.6), high (0.6 < PHSRA ≤ 
0.8) and very high (PHSRA > 0.8). 
 
Results and discussion 
1) Spatiotemporal distribution of LST  
 Table 1 present the statistics of the daytime and 
nighttime LST data for the two cities, obtained using 
the Sentinel 3 satellite images from 2017 to 2022.  
During the study period the average daytime LST for 
the inland city, Nakhon Ratchasima, was higher than 
that of the coastal city, Sri Racha.  The average daytime 
LST for the inland city ranged from 34.25°C to 42.19°C, 
with a mean value of 39.10°C. In contrast, the coastal 
city's average daytime LST ranged from 28.30°C to 
40.76°C, with a mean value of 34.31°C. During the 
nighttime, the coastal city exhibited higher average LST 
values, ranging from 24.44°C to 29.49°C, with a mean 
value of 26.45°C. In comparison, the inland city's 
average nighttime LST ranged from 24.23°C to 27.34°C, 
with a mean value of 25.93°C. Throughout the study 
period, daytime high average LST values of inland city 
was found outer and nighttime at city center. For 
coastal city, Sri Racha, daytime little far from coastal 
side and nighttime along the seaside (Figure 3 and 
Figure 4). 
 According to Table 1, the inland city, Nakhon 
Ratchasima, experienced its highest daytime mean LST 
value   was recorded in 2020, reaching 40.57°C, while 
the lowest mean LST value occurred in 2021, at 
37.87°C. At nighttime, the highest mean LST value was 

also observed in 2021, reaching 27.48°C, while the 
lowest mean LST value during was found in 2018, at 
22.95°C. During the study period, the city center 
daytime LST values are consistently lower than the 
outer areas, with the most notable difference observed 
in the 2020 daytime LST distribution. Numerous 
studies attribute higher outer areas LST to increased 
long-wave radiation received due to building and tree 
shading in urban areas, along with cooling effects from 
urban green spaces. Conversely, during nighttime, the 
city center LST values are higher than the outer areas 
[58-59], particularly evident in the 2019 and 2021 
nighttime LST distributions of the study area (Figure 
3). These significant patterns were particularly evident 
during the years with the highest mean daytime and 
nighttime LST values of the inland city.  
 In the coastal city, the highest daytime mean LST 
value during the daytime occurred in 2019, with a value 
of 35.93°C, and the lowest mean LST value was recorded 
in 2018, at 32.24°C. Regarding the nighttime, the highest 
mean LST value was observed in 2020, reaching 26.91°C, 
while the lowest mean LST value was found in 2017, at 
26.01°C. In Figure 4 illustrates that elevated daytime 
high LST values were observed to be slightly distant 
from the coastline, particularly in the inner north-
western area. This pattern is notably evident in the 
daytime LST distribution for the years 2018 and 2022, 
which recorded the lowest mean LST values during the 
study period. Conversely, the higher nighttime LST 
values were identified predominantly along the coastline 
[60]. This pattern is especially pronounced in the 2022 
nighttime LST distribution, which recorded the highest 
mean LST values of the entire study period.

 
Table 1 Daytime and nighttime LST (°C) in Nakhon Ratchasima and Si Racha during the summers from 2017 to 2022 

Year Nakhon Ratchasima (Inland city) Si Racha (Coastal city) 

Daytime LST (°C) Nighttime LST (°C) Daytime LST (°C) Nighttime LST (°C) 

Max Mean Min SD Max Mean Min SD Max Mean Min SD Max Mean Min SD 

2017 44.28 39.69 34.75 1.31 27.95 25.39 21.02 1.17 43.65 35.66 27.60 2.95 30.33 26.01 24.09 1.03 

2018 41.48 38.34 33.89 1.25 26.94 24.95 22.26 0.90 39.31 32.24 26.70 2.10 29.86 26.12 23.82 0.92 

2019 45.49 39.20 33.32 2.03 28.69 26.33 20.53 1.00 41.99 35.93 28.22 2.33 29.34 26.47 22.8 0.81 

2020 45.33 40.57 35.37 1.78 27.52 25.61 23.17 0.52 41.42 33.85 27.24 2.27 29.85 26.91 23.75 0.80 

2021 42.8 37.87 31.72 1.65 29.03 27.48 25.28 0.70 41.22 34.51 26.67 2.33 29.85 26.75 24.26 0.85 

2022 42.01 38.17 32.51 1.70 27.91 25.65 23.74 0.66 39.82 33.23 26.39 2.56 29.45 26.5 22.49 0.84 

Average 42.19 39.10 34.25 1.22 27.34 25.93 24.23 0.59 40.76 34.31 28.30 1.98 29.49 26.45 24.44 0.78 

 
 



App. Envi. Res. 46(3) (2024): 043 
 

 
 

 
Figure 3 Daytime and nighttime LST distribution patterns of Nakhon Ratchasima during the summers from 2017 to 2022. 

 

 
Figure 4 Daytime and nighttime LST distribution patterns of Si Racha during the summers from 2017 to 2022. 

 
2) Spatiotemporal patterns of UHI  
 This study examined the UHI using Sentinel 
daytime and nighttime average LST data from 2017 to 
2022 for both cities [57]. The coastal city, Sri Racha, 
exhibited higher average daytime and nighttime UHI 
values than the inland city, Nakhon Ratchasima.  In the 
inland city, average daytime UHI values ranged from -
3.96°C to 2.52°C with a mean value of 0.01°C, while 
nighttime values fluctuated between -2.87°C and 2.39°C 
with a mean of 0.02°C during study period.  Conversely, 

for the coastal city, average daytime UHI values ranged 
from -3.16 to 3.40 °C, with a mean of 0.04 °C, and 
nighttime values varied between -2.87 °C and 3.71 °C, 
with a mean of 0.14°C (Table 2). Notably, in both cities, 
nighttime mean UHI values were higher than daytime 
mean UHI values.  
 According to Figure 5, daytime UHI patterns were 
prominent in the outer areas of the inland city, while 
nighttime UHI patterns were stronger in the city center. 
During the daytime, the outskirts of the inland city 
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exhibit significant UHI patterns, characterized by 
contour lines indicating UHI increases of 1°C to 2°C. 
Conversely, the city center shows weaker UHI effects, 
with contour lines near 0°C. The northeast and 
southwest areas along the Lam Takong River display 
the lowest UHI values, ranging from -3°C to -1°C. At 
nighttime, UHI patterns intensify in the city center, 
with contour lines showing higher values of 1°C to 2°C. 
UHI intensity slightly diminishes towards the city 
outskirts. Along the Lam Takong River, UHI values 
range from 0°C to 1°C. The lowest nighttime UHI 
values, ranging from -1°C to -2°C, are observed in the 
outer areas of the inland city. 
 In the coastal city, daytime UHI peaked slightly 
away from the coastline, while nighttime UHI patterns 
were high along the coastline and gradually decreased 
in an eastward direction within the study area. During 

the daytime, the southwestern part of the study area, 
particularly around Laem Chabang Port, exhibited the 
highest UHI intensity values, ranging from 1°C to 3°C, 
as depicted by contour lines. Conversely, areas along 
the eastern coast showed lower UHI intensity, ranging 
from 0°C to -1°C. The lowest daytime UHI values, 
ranging from -1°C to -3°C, were observed in regions 
encompassing water bodies and mountainous area. At 
nighttime, the highest UHI values, ranging from 1°C to 
3°C, were concentrated along the seaside and near 
water bodies. Further inner area of coastal city, UHI 
intensity decreased, with contour lines indicating 
values between 0°C to 1°C. Some central areas exhibited 
UHI values from 0°C to -1°C during the nighttime. The 
lowest nighttime UHI values, ranging from -1°C to          
-3°C, were observed in mountainous areas.

 
Table 2 Average UHI patterns of Nakhon Ratchasima and Si Racha during the summers from 2017 to 2022 

 Nakhon Ratchasima (Inland city)  Si Racha (Coastal city) 
 UHI (˚C)  UHI (˚C) 
 Max Mean Min SD  Max Mean Min SD 

Daytime 2.53 0.01 -3.96 1.00  3.4 0.04 -3.16 1.07 

Nighttime 2.39 0.02 -2.87 1.01  3.71 0.14 -2.87 1.07 

 

 
 

Figure 5 UHI patterns of Nakhon Ratchasima (a, c) and Si Racha (b, d) from 2017 to 2022. 
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3) Mapping of the PHSRA 
 Crichton's risk triangle evaluates the PHSRA for 
inland and coastal cities at the subdistrict level. The 
evaluation involved three parameters: population density 
(Exposure - E), the percentage of the population under 
5 years and over 65 years (Vulnerability - V), and the 
UHI effect (Hazard - H). The same E and V parameters 
were used for both daytime and nighttime PHSRA 
calculations, while the H parameter was adjusted for 
daytime and nighttime UHI variations. In this calculation, 
population data from 2022 and average UHI values 
from 2017 to 2022 for both daytime and nighttime were 
used (Supplementary Material (SM) 1–13)). 
 
3.1) Spatiotemporal PHSRA of the inland city 
 E parameter: Nai Mueang subdistrict had exhibited 
the highest population density with 3,265 inhabitants 
km-2, followed by Muen Wai with 2,287 inhabitants 
km-2. Conversely, the lowest population density had 
been recorded in the Chai Mongkhon subdistrict with 
135 inhabitants km-2 (Table 3). 
 V parameter: Nai Mueang had emerged as the most 
vulnerable subdistrict, with 20.23% of its total popu-
lation facing vulnerabilities. Phanao and Si Mum had 
been observed as the second-highest subdistricts, with 
19.44% and 19.03% of their total populations facing 
vulnerabilities, respectively. Nonetheless, Ban Ko had 
had the lowest, with only 11.39% of its total population 
experiencing vulnerabilities.  

 Daytime H parameter: The highest daytime average 
UHI value had been observed in the Nong Khai Nam 
subdistrict at 0.90°C, followed by Khok Sung at 0.74°C. 
Interestingly, the lowest UHI value had been recorded 
in Phanao, where it had reached -1.66°C. During night-
time H parameter: Nai Mueang had exhibited the highest 
average UHI value at 1.50°C, while Ban Ko and Cho Ho 
had ranked second with 1.37°C and 1.25°C, respectively. 
Conversely, Khok Kruat had experienced the lowest 
average UHI value at -0.07°C throughout the study period. 
 According to the risk triangle method, Nai Mueang 
consistently exhibited the highest PHSRA during both 
daytime and nighttime, followed by Nong Khai Nan, 
Khok Sung, and Muen Wai subdistricts. In contrast, 
Maroeng shown the lowest PHSRA subdistrict. during 
the daytime, while Khok Kruat subdistrict found the 
lowest PHSRA during the nighttime. During the daytime, 
high to very high levels of PHSRA were found in 23.84% 
(185.45 km2) of the total inland city area. Moderate 
level was found in 27.30% (212.36 km2), and low to very 
low levels of PHSRA were found in 48.86% (380.14 km2) 
of the total area. Transitioning to nighttime, the dis-
tribution shifted. About 5.26% (40.88 km2) of the total 
area experienced high to very high PHSRA levels, whereas 
a larger portion, 37.82% (294.26 km2), displayed a 
moderate level of PHSRA during the nighttime. Low 
and very low levels of PHSRA were found in 56.92% 
(442.82 km2) of the total inland city area (Figure 6 (a, b)).

Table 3 Non-normalized values of E, V, H and PHSRA for Nakhon Ratchasima during the summers 
No. Subdistrict Exposure 

(inh. /km2) 
Vulnerability 

(%) 
Daytime 

hazard* (°C) 
Nighttime 

hazard** (°C) 
PHSRA 
(Day) 

PHSRA 
(Night) 

1 Cho Ho 577 15.12 -0.22 1.29 0.42 0.60 
2 Si Mum 253 19.03 -1.10 -0.01 0.34 0.43 
3 Muen Wai 2,287 16.87 -0.29 1.09 0.60 0.75 
4 Khok Sung 197 17.83 0.74 0.88 0.66 0.57 
5 Nai Mueang 3,265 20.23 0.01 1.50 0.83 0.99 
6 Ban Pho 195 17.64 -0.06 1.11 0.49 0.61 
7 Chai Mongkhon 135 15.49 -0.07 -0.77 0.43 0.17 
8 Hua Thale 1,467 15.68 -0.82 0.72 0.39 0.58 
9 Suranari 442 15.96 -0.24 -0.49 0.43 0.27 

10 Nong Khai Nam 191 16.99 0.90 1.00 0.66 0.57 
11 Phanao 338 19.44 -1.66 0.20 0.24 0.49 
12 Nong Phai Lom 1,136 12.35 -0.48 1.05 0.34 0.52 
13 Ban Ko 1,284 11.39 -0.09 1.37 0.40 0.57 
14 Pru Yai 795 17.90 -0.13 -0.35 0.54 0.38 
15 Khok Kruat 208 17.02 0.22 -1.07 0.53 0.16 
16 Pho Klang 1,145 15.32 -0.43 -0.20 0.43 0.36 
17 Talat 1,166 15.57 0.19 0.94 0.56 0.59 
18 Phutsa 194 18.18 0.37 0.50 0.59 0.50 
19 Maroeng 472 15.63 -1.48 0.52 0.18 0.46 
20 Nong Rawiang 365 15.96 0.10 -0.59 0.49 0.24 
21 Ban Mai 1,326 18.15 -1.26 0.22 0.36 0.54 
22 Phon Krang 369 17.74 0.03 0.05 0.53 0.42 
23 Nong Bua Sala 377 13.21 0.17 -0.52 0.43 0.18 
24 Nong Chabok 1,295 17.47 -0.46 -0.17 0.50 0.44 
25 Nong Krathum 413 14.62 -0.90 0.84 0.26 0.49 
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3.2) Spatiotemporal PHSRA of the coastal city 
 E parameter: Si Racha subdistrict had the highest 
population density, with 11,363 inhabitants km-2. The 
second-highest population density had been observed in 
Surasak, with 1,446 inhabitants km-2. Conversely, Khao 
Khangsong had recorded the lowest population density 
with 97 inhabitants km-2 (Table 4). 
 V parameter: Bang Phra subdistrict had had the 
highest vulnerability percentage at 18.94%, while Khao 
Khangsong and Si Racha followed closely with vulne-
rability percentages of 16.23% and 16.03% of their total 
populations, respectively. Bowin was found to have had 
the lowest vulnerability percentage 11.45% of its total 
population. 
 Daytime H parameter: Thung Sukla subdistrict had 
exhibited the highest average UHI value with 1.58°C, 
which was followed by Surasak and Bueng, which had 
been recorded at 0.77°C and 0.67°C, respectively. 
Conversely, Khao Khangsong showed the lowest daytime 
average UHI value at -0.52°C. During nighttime H 
parameter: Si Racha subdistrict had exhibited the highest 
average UHI value at 2.11°C, followed by Thung Sukla 
at 2.06°C. Khao Khangsong had shown the lowest 
nighttime average UHI intensity, measured at -0.59°C 
in the study area. 
 According to the risk triangle method, the highest 
PHSRA during both daytime and nighttime in the 
coastal city were found in Si Racah, followed by Thung 
Sukla and Surasak subdistricts. Bowin was identified 
with the lowest PHSRA subdistrict during both daytime 
and nighttime. During the day, high and very high 
levels of PHSRA covered 16.46% (102.72 km2), while a 
moderately high level of PHSRA was found in 10.62% 
(66.23 km2). Conversely, low and very low levels of PHSRA 
encompassed a larger portion at 72.91% (454.78 km2) 
of the total coastal city area. At nighttime, high and very 
high levels of PHSRA covered the same area as during 
the day, and a moderately high level of PHSRA was 
found in 23.53% (146.69 km2) of the total area. This 

constituted 60.01% (374.31 km2), characterized by low 
and very low levels of PHSRA during nighttime (Figure 
6 (c, d)). 
 
3.3) Comparing to spatiotemporal PHSRA of the inland 
and coastal cities 
 Urban regions experiencing elevated heat risk levels 
did not consistently exhibit the highest temperatures 
[56]. Both inland and coastal city, areas with elevated 
heat risk levels also exhibit the highest concentrations 
of both total and vulnerability population densities 
[56–57]. Consequently, it is imperative to promptly 
administer healthcare services within these zones during 
instances of extreme heat events. During the daytime of 
inland city, high and very high levels of PHSRA are 
primarily located in the city center subdistricts, while 
they are mostly found in the outer subdistricts. 
However, at nighttime, the high and very high levels of 
PHSRA shift, with the city center subdistricts being 
predominantly affected and the risk slightly decreasing 
in the outer subdistricts. Consistent with previous 
research, the impact of heat was particularly noticeable 
among individuals residing in urban center neigh-
borhoods [37, 40]. This phenomenon is attributed to 
the cumulative influence of UHI. During both daytime 
and nighttime, the coastal city was identified as having 
high and very high levels of PHSRA. These are primarily 
located in the seaside subdistricts, and the risk slightly 
decreases in the inner subdistricts, a situation that 
becomes particularly significant at nighttime. Daytime 
high and very high levels of PHSRA of inland city 
(23.84%) was higher than the coastal city (16.46%) and 
conversely at nighttime, coastal city (16.46%) was higher 
than inland city (5.26%). Daytime and nighttime, 
moderate level of PHSRA of inland city (27.30%, 37.82%) 
higher than coastal city (10.62%, 23.53%). Low and 
very low levels of PHSRA of coastal city (72.91%, 
60.01%) higher than inland city (48.86%, 56.92%) at 
daytime and nighttime.

 
Table 4. Non-normalized values of E, V, H and PHSRA for Si Racha during the summers 

No. Subdistrict Exposure 
(inh. /km2) 

Vulnerability 
(%) 

Daytime 
hazard* (°C) 

Nighttime 
hazard** (°C) 

PHSRA 
(Day) 

PHSRA 
(Night) 

1 Si Racha 11363 16.03 0.17 2.11 0.57 0.90 

2 Surasak 1446 15.45 0.77 1.70 0.47 0.59 

3 Thung Sukla 835 13.68 1.58 2.06 0.59 0.58 

4 Bueng 762 12.54 0.67 -0.10 0.33 0.14 

5 Nong Kham 506 14.43 0.14 0.17 0.27 0.25 

6 Khao Khangsong 97 16.23 -0.52 -0.59 0.16 0.16 

7 Bang Phra 212 18.94 -0.51 0.33 0.25 0.42 

8 Bowin 459 11.45 -0.07 -0.16 0.12 0.09 

Note: *Daytime average UHI, ** Nighttime average UHI 
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Figure 6 PHSRA maps of Nakhon Ratchasima (a, b) and Si Racha (c, d) during the summers of 2017–2022 

(normalized values from 0 to 1). 
 

Conclusion and discussion 
 The present research delved into an examination of 
the spatiotemporal variations in the LST and UHI 
patterns within inland and coastal cities, using of 
Sentinel 3 satellite images from 2017 to 2022. Subsequently, 
it employed the risk triangle methodology to explore 
the PHSRA mapping of the two cities during the summer.  
 Firstly, examining the LST patterns between the 
inland and coastal cities reveals distinct thermal dynamics. 
During the summer seasons from 2017 to 2022, the 
daytime average LST in the inland city consistently 
surpassed that of the coastal city, with average mean 
values of 39.10°C and 34.31°C, respectively. Conversely, 
during nighttime, the coastal city exhibited higher average 
LST values compared to the inland city, with mean 
values of 26.45°C and 25.93°C, respectively. These tem-
perature differentials highlight the moderating influence 
of the coast on nighttime temperatures, leading to more 
stable patterns in the coastal city. Throughout the study 
period, the mean LST trends indicate that during the 
daytime and nighttime, there is no significant increase 
or decrease observed in either of cities. 
 Secondly, the analysis of UHI distribution patterns 
elucidates further disparities between the two cities. 
Despite modest mean UHI values close to zero in both 
cities during the study period, coastal city consistently 
exhibited slightly higher average UHI values (with mean 
values of 0.04 in daytime and 0.14 in nighttime) 

compared to inland city (with average mean values of 
0.01 in daytime and 0.02 in nighttime). Notably, the 
spatial distribution of UHI showed intriguing patterns. 
In inland city, daytime UHI was more pronounced in 
outer areas, while nighttime UHI peaked in the city 
center. Conversely, coastal city displayed a different 
pattern with daytime UHI peaking slightly inland and 
nighttime UHI intensifying along the coastline. These 
findings highlight the significant influence of geo-
graphy and environment on urban heat dynamics.  
 Thirdly, comparing the PHSRA between the two 
cities offers valuable insights into health vulnerability. 
Despite variations in UHI effects, areas with elevated 
PHSRA levels were consistently associated with high 
population density and vulnerability. In both cities, 
urban center subdistricts exhibited the highest PHSRA 
levels, particularly during nighttime, attributed to the 
cumulative influence of UHI. Examining the numerical 
breakdown of PHSRA levels further elucidates these 
disparities. In the daytime, high and very high levels of 
PHSRA areas were more prevalent in the inland city 
(23.84%) compared to the coastal city areas (16.46%), 
reflecting the intensified heat stress in urban centers. 
Conversely, at nighttime, the coastal city surpassed the 
inland city in high and very high PHSRA levels areas 
(16.46% vs. 5.26%), highlighting the exacerbation of 
heat stress along the coastline. Moderate PHSRA level 
areas were consistently higher in the inland city during 
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both daytime and nighttime, indicative of widespread 
heat vulnerability. Conversely, low and very low PHSRA 
levels areas were more prevalent in the coastal city, 
underscoring the mitigating effect of coastal proximity 
on heat stress risk. In conclusion, the spatiotemporal 
analysis of LST, UHI, and PHSRA patterns unveils the 
intricate relationship between urbanization, geographical 
location, and health vulnerability. Both cities face signi-
ficant health risks associated with heat stress, particularly 
in densely populated urban centers. Understanding these 
dynamics is crucial for informing targeted interventions 
and urban planning strategies to mitigate the adverse 
effects of heat on public health and well-being. 
 The study has limitations as it solely used readily 
available secondary data from public sources. It's advised 
to regularly update PHSRA maps with the latest remote 
sensing and census data annually. Furthermore, 
examining how machine learning predictive models 
perform under different seasons can offer valuable insights. 
Comparing the effects of various urban parameters on 
both land surface temperature and air temperature is 
essential for a nuanced understanding. Moreover, the 
performance of urban vertical parameters, including 
building walls, street canyons, and roof types, warrants 
further investigation. Studying the variation of physio-
logically equivalent temperature (PET) within different 
heat risk categories and its response to land surface 
temperature and air temperature will provide insights 
into human comfort and health risks. Urban planners 
should take these findings into account when designing 
and implementing green spaces in urban areas, especially 
during the summer months. By incorporating these 
recommendations, future research can contribute 
significantly to mitigating heat stress risks in urban 
environments. 
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