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Abstract 

This study explores the dynamic transformations in land use and land cover (LULC), land surface 

temperature (LST), and the spatial distribution of Urban Hot Spots (UHSs) in Pathumthani from 1997 to 

2023. Landsat satellite imagery was utilized for the analysis, employing the Maximum Likelihood classifier 

for LULC classification. The research reveals a substantial surge in built-up areas, particularly notable 

with a twofold increase in 2023 compared to 1997, concentrated along the north-south axis. While 

vegetation remains the dominant land cover, it experienced an initial increase from 2004 to 2023, followed 

by a declining trend. Nevertheless, vegetation constitutes over 60% of the total area, concentrated in the 

eastern and western regions. In summary, the spatial distribution of UHS in 1997 exhibited dispersion 

across the study area. However, starting from 2004, there was a noticeable concentration of UHSs within 

built-up areas, particularly in the northern part, coinciding with the presence of the Navanakorn industrial 

zone. Urban development encroachment into Muang Pathumthani, Thanyaburi, and Lam Luk Ka districts 

led to the emergence of UHSs in the southern part, mirroring the trajectory of urban sprawl. This southern 

section, adjacent to Bangkok and in proximity to Don Muang airport, witnessed UHS emergence due to 

urban expansion, notably influenced by the development of the mass rapid transit (MRT) connecting 

Pathumtani and Bangkok. The study highlights the importance of studying Land Surface Temperature (LST) 

to identify areas with higher temperatures, contributing valuable insights for urban planning and 

strategies to mitigate heat-related challenges in the region. 
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1. Introduction 

The investigation of Land Surface Temperature 

(LST) and Land Use/Land Cover (LULC) changes 

holds paramount significance in contemporary 

environmental research, playing a pivotal role in 

understanding the complex interplay between natural 

processes and human activities. These analyses are 

essential for unraveling the intricate dynamics that 

govern our planet's surface and are crucial 

components in addressing pressing issues related to 

climate change, urbanization, and sustainable land 

management LST serves as a key indicator of the 

thermal behavior of the Earth's surface [1][2][3][4] 

[5][6][7] and [8]. Fluctuations in LST are influenced 

by a myriad of factors, including solar radiation, land 

cover types, elevation [9], and human activities. 

Monitoring LST provides critical insights into the 

impacts of climate change and human-induced 

alterations on local and regional microclimates [10]. 

As the Earth's climate undergoes unprecedented 

changes, studying LST becomes indispensable for 

predicting and adapting to the evolving thermal 

conditions, mitigating the effects of urban heat 

islands, and informing sustainable land use practices 

[11] and [12]. 
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Simultaneously, LULC changes serve as a barometer 

for assessing the transformations in the Earth's 

surface brought about by human activities. 

Urbanization, agricultural expansion, and 

deforestation are examples of LULC changes that 

have profound implications for ecosystems, 

biodiversity, and climate patterns. Investigating these 

changes is crucial for understanding the drivers 

behind alterations in land cover, predicting future 

trends, and formulating informed policies for 

sustainable resource management and conservation 

[13]. 

The integration of LST and LULC change 

analyses is particularly powerful, offering a 

comprehensive view of how human-induced and 

natural factors converge to shape the Earth's surface 

conditions [14] and [15]. The thermal implications of 

land cover alterations, such as the impact of 

urbanization on local temperatures or the role of 

vegetation in moderating surface heat, can be 

unveiled through this combined approach [16]. In a 

world grappling with the impacts of climate change 

and rapid urbanization, conducting LST and LULC 

change studies becomes not just an academic pursuit 

but a practical necessity. These investigations 

provide valuable data for climate scientists, urban 

planners, policymakers, and environmentalists alike. 

Ultimately, understanding the dynamics of LST and 

LULC changes is instrumental in formulating 

strategies for sustainable development, fostering 

resilient communities, and preserving the delicate 

balance between human activities and the natural 

environment [17] and [18]. 

Pathumthani, a central province in Thailand, has 

undergone significant transformations in both land 

surface temperature (LST) and land use/land cover 

(LULC) over the past decade. This study leverages 

the Landsat satellite series to examine the temporal 

dynamics of LST from 2010 to 2023 and its interplay 

with LULC changes, providing a comprehensive 

analysis of how environmental factors influence 

thermal patterns in the region. Landsat's high spatial 

and temporal resolution offers an unparalleled 

opportunity to monitor and understand the evolving 

landscape. The period under investigation coincides 

with a noteworthy chapter in Pathumthani's history, 

marked by urban expansion, agricultural 

intensification, and shifting land-use patterns. LULC 

changes, encompassing transitions between natural, 

agricultural, and urban areas, have profound 

implications for local microclimates and 

subsequently impact LST. This study seeks to 

unravel the intricacies of these changes, offering 

insights into the complex relationship between 

human activities and environmental dynamics. 

As urban areas expand and agriculture practices 

evolve, the thermal characteristics of the land surface 

respond accordingly. The analysis of LST in 

conjunction with LULC changes allows us to discern 

the thermal implications of alterations in land cover 

types. Additionally, understanding how vegetation 

and built-up structures influence LST is vital for 

assessing the overall health and sustainability of the 

environment [19]. In this research, we embark on a 

journey to identify trends, hotspots, and potential 

driving forces behind the observed LST variations in 

Pathumthani. The amalgamation of advanced remote 

sensing techniques, Landsat's temporal coverage, and 

comprehensive LULC change analyses equips us to 

offer valuable insights into the region's 

environmental dynamics. The findings are expected 

to contribute significantly to the ongoing discourse 

on sustainable land management, climate resilience, 

and urban planning in Pathumthani and beyond. 

 

2. Study Area 

Pathum Thani, a province in the central region of 

Thailand as illustrates in Figure 1, serves as a 

compelling study area for research on LULC change 

and LST. This region, located just north of Bangkok, 

holds economic and cultural significance, 

contributing to the overall vitality of the nation. Its 

geographic composition includes a mix of urban and 

rural landscapes, featuring areas of industrial 

development, residential zones, and agricultural 

expanses [20]. 

As an economically vibrant province, Pathum 

Thani is poised for dynamic LULC changes driven 

by factors such as population growth, 

industrialization, and evolving agricultural practices. 

Understanding these land use patterns is crucial for 

unraveling the economic dynamics and urbanization 

trends within the region. Additionally, its proximity 

to Bangkok suggests that the province may 

experience the Urban Heat Island (UHI) effect, where 

urban areas exhibit higher temperatures than 

surrounding rural areas. Investigating LST can 

provide valuable insights into the extent of this 

phenomenon and its environmental implications. 

Pathum Thani boasts diverse environmental features, 

including water bodies, green spaces, and natural 

habitats. The study of LULC changes becomes 

instrumental in assessing the impact of human 

activities on these ecosystems. Furthermore, the 

tropical climate of Pathum Thani, characterized by 

distinct wet and dry seasons, adds a layer of 

complexity to the relationship between land use 

changes and climate variability. 
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Figure 1: Study area in Pathumthani, Thailand 

 

Table 1: Landsat satellites band designations [21] 
 

Landsat 4-5 TM 

Landsat 7 ETM+ 

Landsat 8-9  

OLI/TIRS 

  Band 1 Coastal/Aerosal 

Band 1 Blue Band 2 Blue 

Band 2 Green Band 3 Green 

Band 3 Red Band 4 Red 

Band 4 NIR Band 5 NIR 

Band 5 SWIR-1 Band 6 SWIR-1 

Band 6 TIR 
Band 10 TIR-1 

Band 11 TIR-2 

Band 7 SWIR-2 Band 7 SWIR-2 

Band 8 Pan Band 8 Pan 

  Band 9 Cirrus 

 

3. Methodology 

3.1 Data Collection 

This research is dedicated to examining the time 

series of LST in Pathumthani province of Thailand 

by analyzing land cover changes and vegetation loss. 

The selected periods for analysis are 1997 2003, 

2012, 2018, and 2023, and the objective is to 

understand the evolution of surface temperature over 

this timeframe. Landsat 5, 7, and 8 image data were 

acquired for the specified years, and the LULC was 

classified into four categories: (1) built-up areas; (2) 

vegetation areas; (3) water body; and (4) bare land. 

The classification of Land Use/Land Cover 

(LULC) employed a supervised classification 

technique known as "maximum likelihood." Both 

visible bands (R-G-B) and near-infrared (NIR) bands 

were incorporated in the LULC classification 

process. Furthermore, a thermal band was employed 

to estimate LST values. The satellite imagery was 

obtained from USGS EarthExplorer, accessible at 

https://earthexplorer.usgs.gov/. The details of the 

Landsat series employed in this study are outlined in 

Table 1. According to Table 1, the description of each 

Landsat series as well as and their respective band 

spatial resolutions are as follows: 

 

Landsat 4-5 Thematic Mapper (TM) images 

comprise seven spectral bands with a spatial 

resolution of 30 meters for Bands 1 to 5 and 7. Band 

6, the thermal infrared band, has a spatial resolution 

of 120 meters but is resampled to 30-meter pixels. 

 



 

International Journal of Geoinformatics, Vol. 20, No. 2, February, 2024 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International 

Landsat 7 Enhanced Thematic Mapper Plus (ETM+) 

images consist of eight spectral bands with a 30-

meter spatial resolution for Bands 1 to 7. Band 8 

(panchromatic) has a higher resolution of 15 meters. 

All bands offer two gain settings (high or low) for 

increased radiometric sensitivity and dynamic range, 

except for Band 6, which collects both high and low 

gain for all scenes. 

 

Landsat 8 Operational Land Imager (OLI) and 

Thermal Infrared Sensor (TIRS) images include nine 

spectral bands with a 30-meter spatial resolution for 

Bands 1 to 7 and 9. The new Band 1 (ultra-blue) is 

valuable for coastal and aerosol studies, and Band 9 

aids in cirrus cloud detection. Band 8 (panchromatic) 

maintains a higher resolution of 15 meters. Thermal 

bands 10 and 11, crucial for precise surface 

temperature measurements, have a native resolution 

of 100 meters, but they are resampled to 30 meters to 

align with the spatial resolution of other bands. 

Landsat 9 instruments are enhanced duplicates of 

those on Landsat 8 [22]. 

 

The Earth's surface experiences dynamic changes 

throughout the year, including variations in solar 

angle, vegetation cover, and atmospheric conditions. 

The followings are the factors that might affect the 

LST analysis. 

 

• Seasonal Changes: Different seasons bring 

about variations in surface characteristics 

such as vegetation growth, land cover, and 

water availability. These changes can 

significantly impact LST, and comparing 

data collected at different times of the year 

may introduce confounding factors that 

hinder accurate analysis. 

 

• Solar Angle: The angle and intensity of 

sunlight vary with the seasons, affecting 

how surfaces absorb and emit thermal 

radiation. Consistent timing of satellite 

imagery acquisition helps maintain a similar 

solar angle, ensuring more reliable 

comparisons of LST over time. 

 

• Vegetation Dynamics: Vegetation plays a 

crucial role in regulating surface 

temperature through processes like 

evapotranspiration. Seasonal changes in 

vegetation cover influence the thermal 

properties of the land surface. Collecting 

imagery in the same period helps control for 

these variations. 

• Atmospheric Conditions: Atmospheric 

conditions, such as humidity and cloud 

cover, can impact the accuracy of thermal 

measurements. Acquiring data during the 

same period helps minimize the impact of 

these atmospheric variables, leading to more 

consistent and comparable results. 

 

• Long-Term Trends: Monitoring LST over 

an extended period with consistent timing 

enables the identification of long-term 

trends and patterns, providing valuable 

insights into climate-related changes, urban 

heat island effects, and other environmental 

phenomena. 

 

Therefore, the satellite imagery was gathered 

between 1997 and 2023, specifically during the 

summer season, encompassing the hottest months of 

the year, from March to May to maintain a consistent 

time frame for satellite imagery collection in LST 

analysis which allows for more accurate and 

meaningful comparisons. The data acquisition dates 

are presented in Table 2. The images were obtained 

with minimal cloud cover, accounting for less than 

10%. 

 

3.2 Land Use Land Cover Classification 

Land use and land cover (LULC) classification 

through satellite imagery involves the categorization 

of different Earth surface types based on their 

spectral characteristics, as captured by remote 

sensing satellites. The process plays a crucial role in 

monitoring and understanding landscape changes 

over time. Initially, satellite imagery is acquired and 

preprocessed to correct for atmospheric effects and 

geometric distortions. Subsequently, representative 

areas known as Regions of Interest (ROIs) are 

selected, and spectral information is extracted to 

create a training dataset for the classification 

algorithm [22]. 

The maximum likelihood algorithm, a widely 

utilized technique for LULC classification [23], is 

employed in the next steps. This algorithm calculates 

the probability of a pixel belonging to a specific land 

cover class by assuming that the spectral values for 

each class follow a normal distribution. The pixel is 

then assigned to the class with the highest 

probability, facilitating the creation of a classified 

image. Feature selection is essential to choose the 

most relevant spectral bands for input to the 

algorithm, maximizing the separability of different 

land cover classes.  
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Table 2: Data acquisition dates 
 

No. Year Acquisition dates Landsat series 

1 1997 24 April 1997 Landsat 5 TM 

2 2004 26 March 2004 Landsat 5 TM 

3 2012 11 May 2012 Landsat 7 ETM+ 

4 2018 18 April 2018 Landsat 8 OLI/TIRS 

5 2023 18 May 2023 Landsat 8 OLI/TIRS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Determination of land surface temperature (LST) using Landsat satellite imagery 

 

The effectiveness of the maximum likelihood 

algorithm relies on adhering to the assumptions of 

normality and equal covariance matrices for spectral 

signatures and requires a supervised approach with 

training samples for each land cover class [24][25] 

and [26]. In this study, the LULC were categorized 

into 4 classes namely built-up area, vegetation area, 

waterbody, and bareland. 

 

3.3 Data Processing 

The objective of this study is to investigate LST 

variation and LULC change as well as the relation 

between LST and NDVI in Pathumthani from 1997 

to 2023 using Landsat satellite imagery. The 

schematic depicting the process of determining LST 

from Landsat satellite imagery is illustrated in Figure 

2.  As per the schematic presented in Figure 2, the 

steps for determining Land Surface Temperature 

(LST) are outlined as follows: 

 

The satellite imagery was downloaded from 

EarthExplorer, a platform provided by the United 

States   Geological    Survey   (USGS)   accessible at  

https://earthexplorer.usgs.gov/. The acquisition dates 

of the data are presented in Table 2. Convert the 

digital number (DN) of the thermal infrared band 

(TIR) to spectral radiance (Lλ) using Equation 1: 

 

( )
LMAX LMIN

L Qcal QcalMIN LMIN
QcalMAX QcalMIN

 
 

− 
= − + 

−   
Equation 1 

where: 

Lλ   is top of atmospheric radiance in Wm-2sr- 

              1µm-1 

LMAXλ is spectral radiance scales to QcalMAX  

               [17.04] 

LMINλ  is spectral radiance scales to QcalMIN [0] 

QcalMAX    is maximum quantized calibrated pixel  

                   value [255] 

QcalMIN    is minimum quantized calibrated pixel  

                  value [0 for the products processed 

                  before 4/5/2004 and 1 for the products  

                   processed after 4/5/2004] 

Qcal is digital number of the thermal band [DN] 

 

 

 

Vegetation Propagation 
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Equation 1 is applied for the digital number (DN) 

conversion of Landsat 4-5TM and Landsat 7ETM+. 

Alternatively, if Landsat 8OLI imagery is employed, 

the top-of-atmosphere radiance is determined using 

Equation 2: 

 

L cal LL M Q A = +
 

Equation 2 

Where: 

ML  is band specific multiplicative rescaling factor   

               (RADIANCE_MULT_BAND_x) obtained  

               from the metadata 

AL  is band specific additive calling factor  

               (RADIANCE_ADD_BAND_x) obtained  

               from the metadata 

Qcal is digital number [DN] 

 

When utilizing Band 10 of Landsat 8 in the study, the 

ML and AL values are 0.0003342 and 0.1, 

respectively. Therefore, Equation 2 can be simplified 

to Equation 3: 

 

0.0003342 0.1calL Q = +
 

Equation 3 

 

The top of atmospheric radiance (TOA) derived from 

equation 1 to equation 3 is converted into brightness 

temperature using Equation 4. 

 

2

1

273.15

ln 1

K
BT

K

L

= −
 

+ 
   

Equation 4 

Where: 

BT is brightness temperature [°C] 

K1 is band specific thermal conversion constant  

                  (K1_CONSTANT_BAND_x) 

K2 is band specific thermal conversion constant  

                 (K2_CONSTANT_BAND_x) 

 

The constants K1 and K2 of each Landsat series 

presents in Table 3. The quantity of vegetation is 

crucial in estimating Land Surface Temperature 

(LST) [28]. To assess this, the Normalized 

Difference Vegetation Index (NDVI) becomes 

imperative. NDVI serves as an indicator of 

vegetation health by evaluating how plant cell 

structures reflect light waves in both the near-infrared 

band (NIR) and red band (RED). Equation 5 is used 

to calculate NDVI. 

 

NIR RED
NDVI

NIR RED

−
=

+  
Equation 5 

 

Proportion of vegetation (PV) refers to the proportion 

or fraction of an area that is covered by vegetation. It 

is a measure that quantifies the extent of plant cover 

within a specific area. This concept is commonly 

used to assess and monitor vegetation cover in 

landscapes, ecosystems, or regions [29]. PV is 

determined from Equation 6. 

 
2

min

max min

V

NDVI NDVI
P

NDVI NDVI

 −
=  

−   
Equation 6 

 

Where NDVImax and NDVImin are the maximum and 

minimum of NDVI, respectively.  

 

Land surface emissivity (ε) is a key factor in LST 

analysis. It refers to the efficiency with which a 

surface emits thermal radiation. In the context of 

remote sensing and thermal infrared imagery, every 

object with a temperature above absolute zero emits 

electromagnetic radiation. The rate at which this 

radiation is emitted depends on the emissivity of the 

surface. For LST analysis, emissivity is crucial 

because it influences the accuracy of temperature 

measurements derived from thermal infrared data. 

Different surfaces have different emissivity values, 

and emissivity is typically between 0 and 1 [30]. A 

surface with an emissivity of 1 is a perfect emitter 

(blackbody), while a surface with an emissivity of 0 

is a perfect reflector.  

Accurate knowledge of surface emissivity is 

particularly important when analyzing temperature 

variations in different types of landscapes and land 

cover. There are several models that utilize to 

determine the land surface emissivity from NDVI.

 

Table 3: Band specific thermal conversion constants [27] 
 

Constant Landsat 5 Landsat 7 Landsat 8 (B10) 

 K1  (Wm-2sr-1µm-1) 607.76 666.09 774.89 

K2 (Kelvin) 1,260.56 1,282.71 1,321.08 

 

 

 

 



 

International Journal of Geoinformatics, Vol. 20, No. 2, February, 2024 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International 

Sobrino et al., [31] formulated an improved equation 

for calculating land surface emissivity. The equation 

utilizes the mean value for soil emissivity from the 

ASTER spectral library (http://asterweb.jpl.nasa. 

gov), as presented in Equation 7. 

 

0.004 0.986VP = +
 

Equation 7 

 

Mono window algorithm as presented in Equation 8 

allows the determination of Land Surface 

Temperature (LST). 

 

1 ( )

BT
LST

BT
Ln 



=
 

+  
   

Equation 8 

Where:  

BT is brightness temperature determined from  

                  Equation 4 

λ is wavelength of the TIR band  

ρ is constant [14,380] 

 

Urban hot spot (UHS) is a localized area within an 

urban environment where temperatures are 

particularly high or where the effects of the urban hot 

spots  are more pronounced. These hot spots may 

occur due to specific factors such as intense human 

activities, specific land use patterns, or variations in 

surface materials [32]. UHS is defined in equation 10 

[33]. 

 
2LST   +

 
Equation 9 

 

Where µ and σ are the mean and standard deviation 

of LST, respectively. The area where the LST 

surpasses the threshold specified in equation 10 is 

designated as an UHS. 

 

4. Results and Discussion 

4.1 LULC changes from 1997 to 2023 

In this study, the LULC were categorized into four 

classes: water body, built-up area, vegetation area, 

and bare land. The LULC classification employed the 

maximum likelihood classifier, the LULC 

classification employed the maximum likelihood 

classifier, and the corresponding results are presented 

in Figure 3, and the details of land use land cover 

(LULC) changes are presented in Table 4 and Figure 

4. Figure 3 unmistakably illustrates a noteworthy 

surge in built-up areas spanning the temporal interval 

from 1997 to 2023. The augmentation of the built-up 

area in 2023 exhibits a twofold increase when 

juxtaposed with the corresponding 1997 values, 

notably along the north-south axis, particularly 

evident along Paholyothin Rd in the Klongluang 

district and Ransit-Nakornnayok Rd in the 

Thanyaburi district. Figures 3, 4, and Table 4 

illustrate that the predominant land cover in the study 

area is characterized as vegetation. In 2004, the 

vegetation area increased from 960.35 km² to 

1196.03 km², but subsequently exhibited a declining 

trend from 2004 to 2023. Nevertheless, vegetation 

still comprises more than 60% of the total area. The 

vegetation areas are predominantly located in the 

eastern and western regions of Pathumthani, 

specifically in Nong Suea and Lad Lum Kaew 

districts, respectively. 

A notable transformation in bareland was 

observed between 1997 and 2004. In 1997, bareland 

accounted for 22.25% of the area, but by 2004, it had 

reduced significantly to 2.29%, maintaining a range 

of 2%-6% thereafter. The built-up area exhibited a 

gradual increase from 1997 to 2018, with the built-up 

area covering 25% of the province in 2023. 

Conversely, the water body area did not undergo 

significant changes from 1997 to 2023, consistently 

occupying approximately 1%-3% of the total area. 

The variability in bareland area alterations was 

indeterminate; as depicted in Figure 3, bareland 

regions exhibited a stochastic distribution within the 

vegetation area on an annual basis. The seemingly 

random occurrence of bareland can likely be 

attributed to agricultural activities such as cultivation 

and plowing of crops within the vegetation area, 

leading to the observation of small-scale bareland 

pockets within these vegetated regions. 

 

4.2 LST Variation from 1997 to 2023 

Figure 5 depicts high temperature in LST for the 

years 1997, 2004, and 2023, surpassing that observed 

in 2012 and 2018. The findings further indicate that 

the LST in 2023 is the highest recorded since 1997, 

reaching 45 °C. Particularly, heightened LST regions 

were discerned within the built-up area, notably 

along the north-south axis encompassing Paholyothin 

Rd. and along Rangsit-Nakornnayok Rd. in the 

eastern segment of the study area. Additionally, each 

annual high LST region was consistently observed 

within the built-up area, contrasting with the 

comparatively lower temperatures noted in the 

vegetation area. The LST statistics extracted from 

Figure 5 are presented in Table 5 and Figure 6. Table 

5 and Figure 6 describe the LST across the years 

1997, 2004, 2012, 2018, and 2023. A discernible 

trend is evident, wherein the average LST exhibits a 

gradual decrease from 1997 to 2018, reaching its 

lowest at 31.3 °C in 2018, and upswing to the highest 

of 38.5 °C in 2023.
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Figure 3: LULC of Pathumthani change from 1997 to 2023 
 

 

Table 4: Areas of LULC in Pathumthani from 1997 to 2023 
 

Year 
Built up Vegetation Bareland Water body 

km2 % km2 % km2 % km2 % 

1997 190.94 12.58 960.35 63.29 345.20 22.75 20.90 1.38 

2004 265.02 17.47 1196.03 78.82 34.77 2.29 21.58 1.42 

2012 272.29 17.94 1146.19 75.54 60.99 4.02 37.92 2.50 

2018 279.81 18.44 1125.67 74.18 59.77 3.94 52.14 3.44 

2023 384.74 25.36 995.37 65.60 96.99 6.39 40.30 2.66 

Year 2004 Year 1997 

Year 2023 

Year 2012 Year 2018 
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Figure 4: LULC Area changes in Pathumthani from 1997 to 2023 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 5: LST variation of Pathumthani from 1997 to 2023 

Year 1997 

Year 2012 Year 2018 

Year 2023 

Year 2004 
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Table 5: LST statistics of Pathumthani, Thailand from 1997 to 2023 
 

Year Min [°C] Max [°C] Mean [°C] SD [°C] 

1997 31.8 43.4 37.4 1.8 

2004 23.0 42.8 36.7 1.4 

2012 22.7 40.7 33.6 1.9 

2018 20.7 38.8 31.3 1.2 

2023 22.8 45.2 38.5 1.8 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Average LST of Pathumthani 

 

The average LST difference in 2018 (the lowest) and 

2023 (the highest) was 7.2 °C. Notably, these 

findings appear incongruous with the prevailing 

global climate scenario, characterized by an 

overarching trend of escalating temperatures 

attributed to the phenomenon of global warming.  

El Niño and La Niña represent climate patterns in 

the eastern tropical Pacific. These phenomena are 

delineated by the Oceanic Niño Index (ONI), 

recognized as the standard by the National Oceanic 

and Atmospheric Administration (NOAA). 

Calculated from the running 3-month average sea 

surface temperature (SST) anomaly within the 

Niño3.4 region, spanning 5°N to 5°S and 120°W to 

170°W, the ONI serves as a key metric for assessing 

these climatic events. The phenomena are 

characterized by five consecutive overlapping 3-

month periods with temperatures either at or above a 

+0.5°C anomaly for warm (El Niño) events or at or 

below a -0.5°C anomaly for cool (La Niña) events. 

The threshold is classified into different categories: 

Weak (0.5 to 0.9 SST anomaly), Moderate (1.0 to 

1.4), Strong (1.5 to 1.9), and Very Strong (≥ 2.0) 

events [34]. 

According to ONI provided by NOAA, available 

at https://ggweather.com/enso/oni.htm, it is evident 

that El Niño phenomena did not occur in 1997 and 

2004. Consequently, LST difference between these 

two years amounted to 0.7°C. La Niña events were 

observed in 2012 and 2018, contributing to lower 

LST values compared to 1997 and 2004.  

In 2023, there was a substantial increase in LST 

compared to 2018, indicating elevated temperatures 

across the study area. The heightened LST in 2018 

resulted from a moderate El Niño event. Although 

Thailand is not directly impacted by El Niño and La 

Niña phenomena, during El Niño periods, the country 

may experience elevated temperatures beyond 

normal levels, potentially leading to adverse weather 

events in specific areas [35] and [36]. It can be 

summarized that the typical average LST for 

Pathumthani is expected to fall within the range of 

36-37.5 °C. 

 

4.3 UHS from 1997 to 2023 

In this investigation, UHSs were employed to 

delineate areas characterized by elevated LST within 

the designated study region. A UHS is defined as a 

location where the LST surpasses two standard 

deviations above the average LST. As illustrated in 

Figure 5, the UHSs were dispersed across the study 

area in 1997. However, starting from 2004 and 

continuing through subsequent years, the UHSs 

became concentrated within built-up areas. 

Specifically, in 2004 and 2012, UHSs were observed 

predominantly in the northern part, coinciding with 

the location of the Navanakorn industrial zone, 

covering 1,040 hectares on Km.46 of Paholyothin 

highway in Khlong Luang district. The encroachment 

of urban development into Muang Pathumthani, 

Thanyaburi, and Lam Luk Ka districts led to the 

southern part of the study area experiencing UHSs, 

mirroring the direction of urban sprawl.  
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This southern section, adjacent to Bangkok—the 

capital of Thailand—and in proximity to Don Muang 

airport, witnessed UHS emergence due to urban 

expansion. Notably, the development of the mass 

rapid transit (MRT) connecting Pathumtani and 

Bangkok contributed significantly to urban sprawl in 

the southern direction. In 2023, numerous housing 

estates have emerged in the southern part of the study  

area, specifically in the Lam Luk Ka district. 

Additionally, expansive housing estate developments 

were observed in Khlong Sam (Canal no.3), a sub-

district of Thanyaburi district situated in the central 

region of the study area. Figure 7 illustrates that 

UHSs were predominantly observed in the housing 

estate areas and occasionally in the industrial zone.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: UHSs of Pathumthani from 1997 to 2023 
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This is because the surface of housing estate is 

considerable rougher than that of industrial zone. 

Rough surfaces generally absorb more heat than 

smooth surfaces. Rough surfaces have a larger 

surface area and, consequently, more areas for 

incident radiation to be absorbed [37]. The increased 

surface area allows for greater absorption and 

retention of heat. In contrast, smooth surfaces reflect 

more sunlight and absorb less heat due to their 

reduced surface area and higher reflectivity. The 

specific material properties, color, and composition 

of the surfaces also play a role in their heat absorption 

characteristics [38]. Dark-colored surfaces tend to 

absorb more heat than light-colored ones, as they 

absorb a greater portion of the incident solar radiation 

[39]. Consequently, UHSs) exhibit a tendency to 

manifest in housing estates rather than other LULC 

types. 

 

5. Conclusion 

The study reveals a substantial increase in built-up 

areas from 1997 to 2023, with a particularly 

noteworthy twofold surge observed in 2023 

compared to 1997. This urban expansion is most 

pronounced along the north-south axis, prominently 

visible along Paholyothin Rd in the Klongluang 

district and Ransit-Nakornnayok Rd in the 

Thanyaburi district. While the dominant land cover 

in the study area is characterized as vegetation, the 

vegetation area experienced an initial increase from 

2004 to 2023, although showing a declining trend 

thereafter. Nevertheless, vegetation continues to 

constitute over 60% of the total area, with 

concentrations in the eastern and western regions of 

Pathumthani, specifically in Nong Suea and Lad Lum 

Kaew districts.  

LST data can provide insights into local climate 

trends and changes. Monitoring temperature 

variations over time is essential for understanding the 

impact of climate change on the region. Higher land 

surface temperatures can have health implications, 

particularly during heatwaves. Investigating LST can 

help identify areas prone to extreme temperatures, 

allowing for better public health planning and 

response strategies. LST data is also valuable for 

monitoring environmental changes, including land 

cover modifications and vegetation health. This 

information is vital for sustainable land management 

practices and biodiversity conservation. 

Additionally, LST data is essential for urban planners 

to design resilient and sustainable cities. It helps 

identify heat-prone areas and supports the 

implementation of green infrastructure and other 

measures to enhance urban livability. 

The spatial distribution of UHSs in 1997 showed 

dispersion throughout the study area. However, from 

2004 onward, there was a notable concentration of 

UHSs within built-up areas. Specifically, in 2004 and 

2012, UHSs were predominantly observed in the 

northern part, aligning with the location of the 

Navanakorn industrial zone. Urban development 

encroachment into Muang Pathumthani, Thanyaburi, 

and Lam Luk Ka districts resulted in UHSs emerging 

in the southern part, mirroring the direction of urban 

sprawl. The southern section, adjacent to Bangkok 

and in proximity to Don Muang airport, witnessed 

UHS emergence due to urban expansion, notably 

influenced by the development of the mass rapid 

transit (MRT) connecting Pathumtani and Bangkok. 

The spatial evolution of UHSs in the study area 

reflects the dynamic interplay between urban 

development, surface characteristics, and heat 

absorption. The findings underscore the significance 

of considering land use and surface properties in 

understanding the distribution of urban hot spots and 

their potential implications for local climates. 

Pathumthani may experience the UHS, where urban 

areas tend to be warmer than their rural surroundings. 

Studying LST can help identify areas with higher 

temperatures, contributing to urban planning and 

mitigating heat-related issues. 
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