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ABSTRACT  

The clustering of hotspots represents fires occurring at specific 
locations across various time intervals, and is an increasingly important 
interdisciplinary research phenomenon. This article investigates the 
spatial distribution of cumulative hotspots and their relationships with 
topographical factors and land use in Kanchanaburi province. Data from 
the Suomi NPP VIIRS system spanning from 2012 to 2021 were utilized 
for the analysis of Getis-Ord (Gi*) spatial autocorrelation using Fire 
Radiative Power values. The analysis included the correlation with 
topographic data such as elevation, slope, aspect, and overlay with land 
use data. The results reveal that significant hotspots are concentrated 
in the districts of Si Sawat, Thong Pha Phum, Sai Yok, Sangkhla Buri, and 
Mueang Kanchanaburi. The majority of hotspots were statistically 
insignificant (85%), with hotspots (10%) and cold spots (5%) 
predominantly occurring in forested and agricultural areas. Hotspots 
were particularly prevalent in the northern and northeastern regions. 
Therefore, the utilization of Suomi NPP VIIRS data in conjunction with 
spatial statistics can identify the occurrence of hotspots and cold spots, 
aiding in planning and policy-making efforts to mitigate hotspot 
occurrences. 
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1. INTRODUCTION 

Wildfires and hotspot occurrences have gained significant attention from numerous 
countries and research fields. The analysis of Atmospheric Infrared Sounder (AIRS) 
radiation data from NASA's Aqua satellite and the active fire product derived from VIIRS 
instruments onboard the Suomi National Polar-orbiting Partnership (S-NPP) and NOAA-
20 satellites indicates an increasing rate of forest fire occurrences, contributing to 
elevated stress on environmental systems and global atmospheric conditions (Tzoumas 
et al., 2023; Vadrevu et al., 2022; Yu et al., 2024). For the Thailand context, we have 
gathered Standard Processing of active fire data from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) on the Aqua and Terra satellites, sourced through the Fire 
Information for Resource Management Systems. Subsequently, we conducted data 
management and presented it as the annual cumulative quantity of hotspots. The 
findings indicate that the cumulative hotspot quantity exhibited fluctuations during the 
period from 2011 to 2020. In 2011, there were 19,326 cumulative hotspots, gradually 
increasing to 30,029 in 2016, followed by a decline to 18,563 and 18,089 hotspots in 
2017 and 2018, respectively. The years 2020 and 2021 saw a gradual increase to 30,233 
hotspots. The annual average hotspot quantity was determined to be 27,223 (FIRMS, 
2020). Consequently, the increasing accumulation of annual hotspot quantities poses 
a significant issue, underlying the open burning problem that contributes to the 
generation of air pollutants, and has repercussions for everyone. This issue is closely 
tied to both life and property, prompting the Thailand Department of Pollution Control 
to establish a national master plan on open burning control. This encompasses the 
burning of agricultural residues, community waste incineration, and forest fires 
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(Department of Pollution Control, 2020). 
Kanchanaburi is a province of great importance in terms of natural resources, as it 

is the source of numerous rivers and includes national parks such as Khao Laem 
National Park, Srinakarin Dam National Park, Chaloem Rattanakosin National Park, Sai 
Yok National Park, Lam Khlong Ngu National Park, Thong Pha Phum National Park, 
Erawan National Park, and several water reservoirs, including Mae Klong Dam, 
Vajiralongkorn Dam, and Srinakarin Dam. Based on MODIS satellite data from FIRMS, 
the cumulative quantity of hotspots in the province was 650 in the year 2011 and 
steadily increased to 1,908 hotspots in the year 2020 (FIRMS, 2020). This illustrates the 
continuous rise in cumulative hotspot occurrences in the province of Kanchanaburi over 
the past decade. From the wildfire report for the year 2020 by the Geo-Informatics and 
Space Technology Development Agency of Thailand, it was observed that Kanchanaburi 
Province had a cumulative quantity of hotspots detected by the SUOMI NPP VIIRS 
satellite system, totaling 14,637 hotspots. The majority of these hotspots occurred in 
forested areas, accounting for 87.5% of the total hotspots in the province. Agricultural 
areas, community zones, and urban areas collectively represented 12.2% of the total 
hotspot occurrences in Kanchanaburi (Geo-Informatics and Space Technology 
Development Agency (Public Organization), 2020). This has resulted in increased 
temperatures and environmental pollution, impacting lives, health, and property 
(Kumharn et al., 2023; Wongnakae et al., 2023). Furthermore, the occurrence of 
wildfires and hotspots correlates with the incidence of forested areas, agricultural 
regions, and community zones, demonstrating a connection with human activities. For 
example, forest burning to promote grass regrowth for livestock grazing and burning in 
agricultural fields for soil preparation before planting are illustrative instances of such 
human activities (Phonphan, 2020; Ye et al., 2017; Geo-Informatics and Space 
Technology Development Agency, 2020). Therefore, the incidences of fire, along with 
land use, presents a pertinent intersection of issues for research. 

Numerous researchers have delved into the study of wildfires and hotspots using 
MODIS data (de México, 2017; Reddy et al., 2020), VIIRS data (Li et al., 2022; Vadrevu 
et al., 2019), and even compared the two datasets (Unnikrishnan & Reddy, 2020). The 
outcomes of these studies reveal that VIIRS is more detailed in detecting hotspots than 
MODIS, attributed to the finer resolution of VIIRS Thermal Band wavelength range 
compared to that of MODIS (Schroeder et al., 2014). MODIS has a sensor resolution of 
about 1,000 meters, while VIIRS has a resolution of about 375 meters. This makes it 
suitable for monitoring areas at risk of smaller hotspots, such as communities, 
cultivated areas, and agricultural areas less than 1 square kilometer in size (Fu et al., 
2021; Li et al., 2022; Zhang et al., 2020). Additionally, the application of spatial 
statistics, such as the Getis-Ord Gi* hotspot analysis helps identify significant spatial 
clusters or patterns in the distribution of values, while Kernel Density provides a 
smoother representation of the spatial intensity or density of point features, has 
provided insight into hotspot occurrences, their overall patterns and relationships with 
various environmental factors, including topography, fire-prone fuels, land use and 
human activity factor (Cizungu et al., 2021; Mupfiga et al., 2022; Zúñiga-Vásquez & 
Pompa-García, 2019). 

This research article aims to achieve three main objectives: 1) Study the spatial 
pattern of cumulative hotspots, involving the analysis of annual changes in hotspot 
occurrence spanning from 2012 to 2021, 2) Examine the relationship between 
topographical factors and the spatial pattern of cumulative hotspots, and 3) Investigate 
the relationship between land use and spatial pattern of cumulative hotspots. To 
achieve these objectives, this study employs spatial statistics in conjunction with VIIRS 
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data from the Suomi National Polar-orbiting Partnership (Suomi NPP) and land use 
information specific to Kanchanaburi Province. The outcomes are intended to assist 
managers of the protected area in implementing specific measures for fire management 
both before and after fire incidents. Additionally, the findings aim to contribute to the 
development of policies and strategies that address environmental concerns arising 
from hotspot occurrences. 

2. MATERIALS AND METHODS 

2.1 Study area 

Kanchanaburi Province is located in the western region of Thailand and shares its 
borders with Myanmar. It is the third-largest province in the country, characterized by 
an expansive landscape dominated by forests and mountains, which can be categorized 
into the following three geographical zones: 1) Mountainous and Highland Zone: This 
zone is situated in the northern part of the province and includes areas within Sangkhla 
Buri, Thong Pha Phum, Si Sawat, and Sai Yok districts. 2) Plateau and Hilly Zone: 
Located in the northeastern part of the province, this zone features a mix of plateaus 
and hills. It covers areas within Lao Khwan, Bo Phloi, and Phanom Thuan districts. 3) 
River Basin Zone: Located in the southern part of the province, this zone comprises 
fertile plains with productive soil. It encompasses areas within Tha Maka, Tha Muang, 
and Mueang Kanchanaburi districts. The total land area of the province is approximately 
19,473 square kilometers. Agricultural land accounts for 4,250 square kilometers (22% 
of the total land area). The distribution of agricultural land use is as follows: rice fields 
cover 674 square kilometers (3%), field crops occupy 2523 square kilometers (13%), 
orchards and perennial crops span 494 square kilometers (3%), flower and decorative 
plants encompass 287 square kilometers (1%), and other agricultural uses utilize 271 
square kilometers (1%). Non-agricultural land comprises 3,140 square kilometers 
(16%), while the remaining 11,995 square kilometers constitutes forest area (62%) 
(Kanchanaburi Provincial Statistics Report 2022). These study area details are depicted 
in Figure 1. 

2.2 Data used and source 

Figure 2 describes the research framework for data collection, data preparation, and 
data analysis. The study begins with the data collection process including gathering of 
information land use, topographic data, administrative boundaries, and cumulative 
hotspots detected by the Suomi NPP satellite's VIIRS system from 2012 to 2021, 
obtained from NASA’s Fire Information for Resource Management System (FIRMS), as 
shown in Table 1. 

2.2.1 Suomi National Polar-orbiting Partnership (S-NPP) 
Visible Infrared Imaging Radiometer Suite (VIIRS) is a sensor suite part of the Joint Polar 
Satellite System (JPSS), a program led by the National Aeronautics and Space 
Administration (NASA) and the National Oceanic and Atmospheric Administration 
(NOAA). Designed with the objective of systematically acquiring data concerning 
diverse facets of the Earth's atmosphere, oceans, and terrestrial surfaces, VIIRS 
operates as a component of polar-orbiting satellites within the JPSS, such as the Suomi 
National Polar-orbiting Partnership (NPP) satellite. Its capacity extends to capturing 
imagery across multiple spectral bands, including those in visible, infrared, and thermal 
wavelengths (Schroeder et al., 2014). In this study we utilize satellite fire hotspot 
products in Kanchanaburi Province for the period 2012–2022 from NASA’s Fire 
Information for Resource Management System (FIRMS). 
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Figure 1. Study area - Kanchanaburi Province 

2.2.2 Terrain 
NASADEM, a reprocessing of SRTM data with improved accuracy through the 
integration of auxiliary information from ASTER GDEM, ICESat GLAS, and PRISM 
datasets, is distributed in 1-degree latitude by 1-degree longitude tiles. It covers all land 
between 60° N and 56° S latitude, encompassing approximately 80% of Earth's total 
landmass (NASA JPL, 2020). 

Table 1. Data Used in the Research 
Dataset Resolution/scale Source 
Suomi National Polar-orbiting 
Partnership (S-NPP) satellite: 
VIIRS Systems (2012-2021) 

375 meters FIRMS (accessed on 20 January 
2023) 

Terrain 30 meters NASA JPL (accessed on 20 April 
2023 

Land Use Scale: 1: 25,000 Land Development Department 
(accessed on 20 January 2023) 

Administrative boundaries Scale: 1: 25,000 Department Of Provincial Royal Thai 
Survey Department (accessed on 20 
January 2023) 
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2.2.3 Land use 
Land-use data were sourced from the Department of Land Development in Thailand. 
The map scale employed for overlay analysis was 1:25,000, and the land-use data were 
classified into five categories: U (Urban and Built-up Land), A (Agricultural Land), F 
(Forest Land), W (Water Resource), and M (Miscellaneous). The dataset can be accessed 
from the official website: http://webapp.ldd.go.th/Soilservice/ (Land Development 
Department, 2023). 

2.2.4 Administrative boundaries 
Administrative boundaries for Thailand at levels 0 (country), 1 (province), 2 (district), 
and 3 (sub-district) were obtained from the Royal Thai Survey Department and can be 
downloaded from the following link: https://data.humdata.org/dataset/cod-ab-tha  
(Royal Thai Survey Department, 2023). 

2.3 Methodology 

To identify the spatial pattern of fire spots and the association between fire intensity 
and relevant factors, this study elaborates applies an overall methodology as shown in 
Figure 2, detailed by the following steps. 

 
Figure 2. Research Framework and Concept 
 
 
 

 

Data Analysis 
Spatial patterns of fire occurrence 

Data Analysis 
Spatial pattern and the 

relationship of geographic factors 

Data Analysis 
Spatial pattern and the relationship of 

Land uses 

Spatial Pattern and Hot spot analysis 
Incremental Spatial Autocorrelation 

Spatial Autocorrelation (Global Moran’s I). 
Getis-Ord Gi* statistic 

Pearson Correlations Overlay Analysis 

Data Collection 
• Suomi National Polar-orbiting Partnership 

(S-NPP) satellite: VIIRS Systems (2012-2021) 
• Terrain 
• Land Use 
• Administrative boundaries 

Data Preparation 
• Quality check and remove outliers 
• Building GIS Fire Spot Database 

Result 
Spatial Pattern of Fire Spot 

Association between Fire Intensity and Topography  
Association between Fire Intensity and Land Use 
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2.3.1 Data preparation for analysis 
The data preparation process starts by managing the cumulative hotspot data from the 
Suomi NPP satellite's VIIRS system for the years 2012 to 2021. The data was 
transformed into spatial data sets from Kanchanaburi Province’s original comma-
separated values text file format, totaling 81,464 locations. Low-confidence level data 
during daytime, reflecting high sunlight conditions, and abnormal low-temperature 
values (<15k) for the mid-infrared channel I4, are eliminated. Only the normal 
confidence level data which does not reflect high sunlight during daytime and abnormal 
strong temperature values (>15k) during both daytime and nighttime are retained. This 
process yields 70,868 remaining positions, which are verified for accuracy and used to 
establish a cumulative hotspot database for the subsequent cumulative hotspots 
spatial analysis concerning Kanchanaburi land use. 

2.3.2 Analysis of annual cumulative hotspot changes from 2012 to 2021 
Fire Radiative Power depicts the pixel-integrated fire radiative power in megawatts 
(FIRMS, 2020). This analysis utilizes fire radiative power data from the Suomi NPP 
satellite's VIIRS system to determine the spatial pattern during the period 2012-2021. 
The study investigates annual cumulative hotspot changes from 2012 to 2021, 
analyzing occurrence frequency annually and monthly (January to December). 
Additionally, it assesses monthly Fire Radiative Power (FRP) using data from the Suomi 
NPP satellite's VIIRS system. FRP is classified into four categories: 'VERY LOW: VL' (≤ 15 
MW), 'LOW: L' (15-40 MW), 'MODERATE: M' (40-80 MW), and 'HIGH: H' (> 80 MW) 
(Cizungu et al., 2021). This approach offers insights into hotspot intensities and spatial 
distribution. 

2.3.3 Analysis of cumulative hotspots (hot spot analysis - getis-ord gi*) 
The analysis commences with an overview of the spatial pattern of cumulative hotspots 
using the Global Moran's I index by Equation (1). 

𝐼 =
𝑛

𝑤
∗
∑𝛴𝑤𝑖𝑗(𝑥𝑖−�̅�)(𝑥𝑗−�̅�)

∑(𝑥𝑖−�̅�)
2     (1) 

Where: 𝐼 represents Moran’s I Index, 𝑥𝑖  and 𝑥𝑗  denote the observed values of areas i 
and j respectively, �̅� is the average of observed values, 𝑛 is the number of observations, 
𝑤 is the sum of the spatial weight matrix, and 𝑤𝑖𝑗 represents the elements of the spatial 
weight matrix.  

Spatial autocorrelation, as quantified by Global Moran's I, spanned a spectrum from 
-1 to +1. When falling within the interval of 0 to +1, these values pointed to a positive 
spatial relationship, indicative of a coherent spatial pattern. Conversely, values within 
the -1 to 0 range signified a negative spatial relationship, implying a fragmented spatial 
pattern. Lastly, when Global Moran's I registered a value of 0, it implied a random spatial 
distribution (Getis & Ord, 1992). The Incremental Spatial Autocorrelation analysis 
method is applied to determine an appropriate bandwidth, which is then used to create 
weighted values for analyzing hot and cold spots. The spatially weighted values is used 
for the spatial analysis of cumulative hotspot during 2012-2021 utilizing the Getis-Ord 
Gi* Hot Spot Analysis method. 

The annual cumulative hotspots analysis (Getis-Ord Gi*) is a method used to 
examine the local Indicator of Spatial Association (LISA) statistics, aiming to explain 
the degree of clustering of the studied phenomenon in relation to neighboring areas 
through inferential statistics that will undergo hypothesis testing (Anselin, 1995). If the 
null hypothesis is accepted, it implies the absence of spatial clustering (Akyürek, 2023). 
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The findings are displayed through z-scores and p-values. Through an examination 
of the data at the focal point of interest, alongside data from neighboring points, the 
identification of hotspots (cluster locations of high-fire radiative power) and cold spots 
(cluster locations of low-fire radiative power) occurs. A high positive z-score for both 
the focal location and its surroundings signifies a Hotspot, whereas low negative z-
scores for both locations indicate a cold spot. 

The z-score holds statistical significance when the difference between the observed 
sum and the estimated sum of the focal and neighboring points significantly exceeds 
what would be considered a random pattern. It indicates that the null hypothesis can 
be rejected which implies the existence of spatial clustering (Getis & Ord, 1992; 
Hazaymeh et al., 2022; Lanorte et al., 2013; Mesquitela et al., 2022; Mpakairi et al., 
2019). 

𝐺𝑖
∗ =

∑ 𝑤𝑖,𝑗𝑥𝑗−�̅�
𝑛
𝑗=1 ∑ 𝑤𝑖,𝑗

𝑛
𝑗=1

𝑆
√
[𝑛∑ 𝑤𝑖,𝑗

2 −(∑ 𝑤𝑖,𝑗
𝑛
𝑗=1 )

2𝑛
𝑗=1 ]

𝑛−1

      (2) 

In spatial analysis, the Getis-Ord statistic (𝐺𝑖∗) is calculated using variables such as 
observed values (𝑥𝑗 ), the average ( �̅� ), weights between locations (𝑤𝑖𝑗 ), standard 
deviation (𝑠), and the total number of areas (𝑛). 𝐺𝑖∗values are indicative of spatial 
clustering or dispersion. Validation involves assessing the z-score and p-value for 
reliability in identifying significant spatial patterns. 

2.3.4 Analyzing the relationship of geographic factors with spatial patterns of hotspot 
accumulation 

The results of the spatial analysis of hotspot accumulation, using Hot Spot Analysis 
(Getis-Ord Gi*), were further examined to assess the relationship between the energy 
distribution characteristics of hotspots and cold spots with geographic factors. These 
factors include elevation, slope, and aspect. In order to explain the relationship 
between geographic factors and the occurrence of hotspots and cold spots, the Pearson 
correlation coefficient which is represented by the following Equation (3) was employed 
(Benesty, et al., 2009). 

𝑟𝑥𝑦 =
𝑁∑𝑋𝑌−(∑𝑋)(∑𝑌)

√[𝑁∑𝑋2−(∑𝑋)2][𝑁∑𝑌2−(∑𝑌)2
    (3) 

In evaluating the correlation between geographic factors (𝑋) and Fire Radiative 
Power (𝑌), the coefficient of reliability (𝑟𝑥𝑦) is essential. It quantifies the strength and 
direction of the relationship and is derived from the correlation analysis. 𝑁 represents 
the total number of data points considered in the analysis. 

2.3.5 Analysis of the relationship between land use and spatial patterns of cumulative 
hotspots 

The results of the spatial analysis of cumulative hotspots (Hot Spot Analysis (Getis-Ord 
Gi*)) were further analyzed by overlaying them with land-use data from the Department 
of Land Development in Thailand. The map scale used for the overlay was 1:25,000, and 
the land-use data was categorized into five types: U: Urban and Built-up Land, A: 
Agricultural Land, F: Forest Land, W: Water resource, and M: Miscellaneous. This 
overlay was conducted to elucidate the relationship between various land-use types 
and the occurrence of hot and cold spots in Kanchanaburi Province. 
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3. RESULTS AND DISCUSSION 

3.1 Study of annual cumulative hotspot changes from 2012 to 2021 

3.1.1 Study of annual cumulative hotspot occurrence frequency from 2012 to 2021 
The analysis of annual cumulative hotspot occurrence frequencies from 2012 to 2021, 
employing the Suomi NPP satellite's VIIRS system, unveiled a varying pattern of 
changes. However, a distinct overall increase is evident in the cumulative hotspot 
count. In 2012, there were 4,190 hotspot locations, and in 2013, it slightly increased by 
15.8% to 4,855 locations. In 2014, the cumulative hotspots surged to 8,680 locations, 
a significant increase of 78.9%. In 2015, the hotspots decreased to 5,235 locations, a 
decline of 39.7%. Subsequently, in 2020, the hotspot count rose to 13,293 locations, 
marking an increase of 34.7% from the previous year. In 2021, the cumulative hotspots 
decreased to 5,671 locations, reflecting a decline of 57.3% compared to 2020 in Figure 
3. 

 
Figure 3. Annual cumulative hotspot occurrence and frequency changes from 2012 to 
2021 

While the occurrence pattern of cumulative hotspots in Kanchanaburi province 
demonstrates variability, a noticeable upward trajectory is evident in the cumulative 
hotspot count when assessing the frequency of cumulative hotspot occurrences from 
2012 to 2021. 

3.1.2 Monthly cumulative hotspot occurrence frequency from January to December 
2012 - 2021 

For the investigation of monthly cumulative hotspot occurrence frequency, data from 
the Suomi National Polar-orbiting Partnership (S-NPP) satellite's VIIRS system were 
utilized. The hotspot occurrence data were categorized on a monthly basis, spanning 
January to December, covering years 2012 to 2021 (see Figure 4). 

 
Figure 4. Monthly cumulative hotspot occurrence frequency from January to December 
2012 to 2021.  
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It is evident that there is an increasing accumulation of hotspot from January-May, 
and December of each year. The buildup of hotspot begins gradually from mid-
December and continues to increase until March. Subsequently, the cumulative hotspot 
decreases from April until mid-May of each year. This pattern is attributed to the dry 
season and the agricultural harvest period in Kanchanaburi province. 

3.1.3 Monthly Fire Radiative Power (FRP) of cumulative hotspots 
For the investigation of monthly Fire Radiative Power (FRP) of cumulative hotspots, the 
data on hotspot occurrences from the Suomi NPP satellite's VIIRS system for each year 
were categorized into monthly intervals from January to December. Subsequently, the 
total Fire Radiative Power of cumulative hotspots was computed on a monthly basis for 
the years 2012 to 2021. The findings reveal that the pattern of Fire Radiative Power 
distribution follows a similar trend to the monthly accumulation of hotspot occurrences 
(see Figure 5). 

 
Figure 5. Monthly Fire Radiative Power (MW) of cumulative hotspots from 2012 to 2021. 

The Fire Radiative Power of cumulative hotspots begins in December and undergoes 
a notable increase in January and February. The peak Fire Radiative Power is observed 
in March, succeeded by a gradual decline in April and May. The preponderance of 
cumulative hotspots falls into the 'VERY LOW: VL' category, followed by 'LOW: L,' 
'MODERATE: M,' and 'HIGH: H,' as illustrated in Figure 6. Furthermore, the occurrence 
of cumulative hotspots during different time intervals Morning (4:00-8:00), Day (8:00-
17:59), and Night (18:00-24:00) revealed that the majority of hotspots took place during 
the Morning, followed by Night, with the fewest occurrences observed during the Day, 
as delineated in Table 2. 

 
Figure 6. Percentage of cumulative hotspot occurrence in relation to Fire Radiative 
Power. 
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Table 2. Fire Radiative Power of cumulative hotspots over time intervals. 
Time H M L VL Grand Total 
Morning (4.00-8.00) 147 437 3048 38701 42333 
Day (8.00-17.59) 0 0 0 79 79 
Night (18.00-24.00) 0 8 35 28413 28456 
Grand Total 147 445 3083 67193 70868 

3.1.4 Spatial Analysis of cumulative hotspots for the years 2012-2021 
For the spatial analysis of the hotspots for the years 2012-2021 using spatial 
autocorrelation through Getis-Ord statistics, the Incremental Spatial Autocorrelation 
analysis results were employed to determine the appropriate distance for the analysis. 

The Incremental Spatial Autocorrelation analysis is a spatial autocorrelation 
analysis that tests the range of distances against the intensity of spatial clustering. The 
analysis utilizes the z-score, and by graphing the z-score values against the distance or 
Band Width, the Band Width value at the first peak or highest point of the graph 
indicates the level of spatial clustering. It was found that the Band Width ranges from 
5,400 to 8,800 meters, with an average value of 7,190 meters, as shown in Table 3. 

Table 3. Band Width results from Incremental Spatial Autocorrelation analysis. 
Years Band Width (meters) 
2012 7000 
2013 7900 
2014 7700 

2015 7300 
2016 8800 
2017 5400 
2018 7200 
2019 7400 
2020 5600 
2021 7600 

 
The results of the spatial analysis of the hotspots for the years 2012-2021 using 

spatial autocorrelation through Getis-Ord statistics revealed that forested areas and 
agricultural areas, particularly field crops in the Sangkhla Buri, Thong Pha Phum, and 
Si Sawat districts, exhibit hotspots each year (see Figure 7). 

By employing the results of the spatial analysis through Getis-Ord statistics to 
create a correlation table to study the Fire Radiative Power (FRP) characteristics and 
the occurrence of cumulative hotspots, the table reveals that 85% of hotspots in 
Kanchanaburi province from 2012-2021 demonstrate a spatial randomness pattern, as 
show in Table 4. 

Table 4. The characteristics of fire intensity clusters. 
Class Number of Fire 

Counts 
Percentage 
% 

Average of 
FRP 

Fire Intensity 
Class 

Cold spot (99% CI) 420 1 3.254 VL 
Cold spot (95% CI) 1561 2 3.307 VL 
Cold spot (90% CI) 1738 2 3.038 VL 
Not significant 60214 85 4.543 VL 
Hot spot (90% CI) 777 1 7.318 VL 
Hot spot (95% CI) 1194 2 9.000 VL 
Hot spot (95% CI) 4964 7 14.236 VL 
Total 70868 100 5.256 
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Figure 7. Hotspots for years 2012-2021 using spatial autocorrelation through Getis-Ord 
statistics. 

From descriptive statistical data, it is evident that there is a difference in the average 
Fire Radiative Power (FRP) between hotspots and cold spots (see Figure 8). The average 
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FRP of hotspots is higher than that of cold spots, and the proportion of hotspot 
occurrence is greater than cold spot occurrences. The average FRP and the spatial 
pattern that occurs is statistically significant. Moreover, the majority of cumulative 
hotspot types are categorized as "Very Low". 

 
Figure 8. Descriptive statistical data for Fire Radiative Power (FRP) of hotspots and cold 
spots. 

3.2 Study of the relationship between geographic factors and spatial patterns of 
cumulative hotspots 

The analysis reveals that FRP has a negative correlation with slope and a positive 
correlation with elevation. This aligns with Figure 6, where hotspots tend to recur 
annually, primarily in areas with high elevation and predominantly hilly terrain 
including Sangkhla Buri, Thong Pha Phum, and Si Sawat districts. The aspect has no 
statistical significance. The statistical analysis using T-Test indicates that FRP values 
increase significantly when the elevation is higher in both hotspots and cold spots (see 
Table 5). 

Table 5. The Pearson correlation coefficients.  
FRP and Slope(o) FRP and Elevation(m) FRP and Aspect(o) 

Pearson's r -0.080 0.024 0.030 
p-value < .001* < .001* 0.363 

3.3 Study of the relationship between land use and spatial patterns of cumulative 
hotspots 

The investigation into the relationship between land use and the spatial patterns of 
cumulative hotspots involves overlaying the spatial pattern of hotspots with land use 
data and then explaining it in terms of the percentage of hotspots and cold spots within 
the cumulative hotspot areas in Kanchanaburi province. Subsequently, this information 
is presented in the form of a table depicting the correlation between land use and 
hotspots as well as cold spots (Table 6). 

According to Table 6, 84.7% of hotspots and 92% of cold spots occur within forested 
areas, including non-deciduous forests, deciduous forests, and cultivated forests. The 
subsequent tier consists of agricultural lands, including field crops and rice fields, 
perennial plantations, fruit orchards and grass fields and facilities for animal 
husbandry. Hotspots account for 13.1% while cold spots make up 7.4% of this land type. 

Table 6. Correlation between Land Use and Hotspots/Cold spots 
Land Cover Cold Spots % Hot Spots % 
agricultural 275 7.4 910 13.1 
forests 3422 92.0 5871 84.7 
Miscellaneous 15 0.4 129 1.9 
Urban 7 0.2 25 0.3 
Grand Total 3719 100 6935 100 
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4. DISCUSSION  

Based on the tracking of changes in cumulative hotspot occurrences from 2012-2021, 
it is evident that hotspots are distributed throughout all districts of Kanchanaburi 
province. High levels of cumulative hotspots are observed during the period from 
December to May of each year. Districts with the highest hotspot occurrences are Si 
Sawat, followed by Thong Pha Phum, Sai Yok, Sangkhla Buri, Mueang Kanchanaburi, Bo 
Phloi, Lao Khwan, Nong Prue, Dan Makham Tia, Tha Muang, Huay Kra Jao, Phanom 
Thuan and Tha Maka districts. This seasonal hotspot distribution aligns with the dry 
season, while the reduced hotspot occurrences correspond to the rainy season. This 
relationship is influenced by various climatic factors, such as the number of rainy days, 
atmospheric pressure, relative humidity, and temperature (Hysa et al., 2021; Melo, et 
al., 2024; Yue, et al., 2023). Additionally, the rainy season is a period of vigorous plant 
growth followed by an abundance of fuel for wildfires during the subsequent dry 
season. Furthermore, hotspot occurrences are found to share similar spatial and 
environmental factors (Cizungu et al., 2021; Shekede et al., 2021). Areas with higher 
elevations exhibit a positive correlation with FRP, indicating that mountainous regions 
tend to have higher hotspot occurrences (Zúñiga-Vásquez & Pompa-García, 2019). This 
is evident in districts like Si Sawat, Thong Pha Phum, Sai Yok, and Sangkhla Buri.  

FRP data from the VIIRS Suomi NPP system provide insights into the thermal energy 
released from fuel combustion (Kganyago & Shikwambana, 2019). In the case of 
cumulative hotspot spatial patterns within Kanchanaburi province, the majority fall into 
the category of "no significance," accounting for 85%. Hotspots comprise 10%, while 
cold spots make up 5%. The majority of cumulative hotspots remain as areas of very low 
thermal energy, occurring predominantly in dense forests and due to agricultural 
activities (Cizungu et al., 2021). 

For the study of the relationship between land use and the spatial pattern of 
cumulative hotspots, it is evident that hotspot and cold spot occurrences align with the 
geographical characteristics of Kanchanaburi province. The northern and western 
regions are characterized by forests and mountains, while the northeastern and some 
northern parts consist of dry expansive plains alternating with gentle hills, consisting 
of mixed forests, savanna forests, and dry evergreen forests. However, due to the rain 
shadow effect, these areas receive minimal rainfall. The areas among the top three 
districts with the highest cumulative hotspots are Si Sawat, Thong Pha Phum, and Sai 
Yok, which boast seven national parks, including Thong Pha Phum National Park, Lam 
Khlong Ngu National Park, Khao Laem National Park, Erawan National Park, Sri Nakarin 
Dam National Park, Chaloem Rattanakosin National Park and Sai Yok National Park. As 
a result, forested lands dominate the majority of land use, and hotspots and cold spots 
are identified within tree cover, grassland, and cropland areas, respectively, indicating 
the outcomes of human activities such as forest product collection, illicit farming, and 
livestock in forested areas (Adámek et al., 2018; Phonphan, 2020). 

The Gi* statistical analysis reveals the spatial pattern of cumulative hotspots and 
the hotspot and cold spot occurrence in forested and agricultural areas. Additionally, 
utilizing data from the VIIRS Suomi NPP system provides information on burned areas 
with a resolution of 375x375 meters, surpassing the resolution of MODIS, which is 
1,000 x 1,000 meters (Marsha & Larkin, 2022). This helps ascertain the recurrence of 
hotspots and cold spots within Kanchanaburi province. In relation to vegetation types 
and land use, the forest areas are thick forests that encompass deciduous forests, non-
deciduous forests, and cultivated forests, while agricultural lands include field crops, 
garden plants and rice fields, perennial plantations, fruit orchards, and grass fields and 
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facilities for animal husbandry. Lastly, miscellaneous or vacant lands consist of 
grasslands and shrubs. 

For future studies, especially to comprehend the impacts of climate change on 
cumulative hotspot occurrences, it is advisable to incorporate climate data, such as 
precipitation volume, number of rainy days, average temperature, relative humidity, and 
atmospheric pressure, to analyze more complex relationships. This will aid in 
understanding and addressing the issues stemming from rising global temperatures 
(Brotons et al., 2013). 

5. CONCLUSION 

This research article focused on cumulative hotspots and their relationships with 
topographical factors and land use in Kanchanaburi province, Thailand. We employed 
data from the VIIRS system aboard the Suomi NPP satellite to analyze spatial 
autocorrelation. This methodology can be applied to various regions with similar spatial 
and environmental factors. However, this phenomenon is complex, and the occurrence 
of hotspot accumulation may vary based on different environmental conditions and 
factors. Besides natural factors, human-induced factors also play a significant role in 
many areas, as activities such as land clearing for agriculture or controlled burns to 
promote animal fodder can lead to the ignition of fires. The study reveals that both 
hotspot and cold spot occurrences in Kanchanaburi province take place within forested 
and agricultural areas. Hotspots are predominantly situated in mountainous regions. 
The outcomes of this research can assist relevant organizations, whether at the national 
level, such as the Ministry of Natural Resources and Environment, or at the local level, 
including provincial and sub-district administrative bodies or agencies working in the 
area to conduct resource management planning for prevention and suppression of 
forest fires. It can also assist post-fire recovery efforts contributing to addressing 
natural resource issues arising from the occurrence of cumulative hotspots and 
pollution resulting from hotspot burnings, especially within national park areas 
adjacent to villages or communities. This information is crucial in raising community 
awareness about the issue and helping monitor hotspot burning problems in 
neighboring community areas. 
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