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 Peatland fires are characterized by the compaction of organic matter below the soil 
surface. If dry conditions occur, the organic matter can burn, making it difficult to 
extinguish the fire. This study aims to analyze peatland forest fires with three 
perspectives, namely temporal, spatial, and spatial-temporal. The data used is the 
confidence level data of hotspots in forest fires in Kubu Raya Regency, West 
Kalimantan from January 2014 to December 2023. The methodology used includes 
collecting fire data from satellite imagery and prepocessing the data. Furthermore, 
three different data analyzes were carried out, namely temporal, spatial, and 
spatial-temporal analysis. The results of the study obtained three perspectives, 
namely from the time period, handling of forest fire cases because they have an 
impact on the future as seen from the ARIMA model. Regarding spatiality, the 
distribution of hotspots spread to surrounding areas that were heavily affected by 
hotspots as seen from the contour map using Kriging interpolation. Finally, 
regarding spatiality and temporality, forest fire projections show that locations that 
are close together and have a history of being affected by forest fires have a strong 
potential for the distribution of forest fire cases as seen from the GSTAR space-time 
model. 
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A. INTRODUCTION  

Forest fires in peatlands are a significant issue that harms ecosystems, human health, and 

climate change (Li et al., 2023). Peatlands are also highly prone to fire. Not only do these fires 

inflict damage to the area's biodiversity, but they also emit significant quantities of carbon 

dioxide into the atmosphere, which contributes to the planet's warming (Harenda et al., 2018). 

There is a correlation between peatland fires and an increase in greenhouse gas emissions and 

an impact on air quality (Alig, 2011). Therefore, it is essential to implement sustainable land 

management to prevent fires and maintain the ecosystem’s equilibrium. 

The forest fires in West Kalimantan continue to pose a significant risk to the environment 

and humanity. These fires have a wide range of effects on ecosystems, population health, and 

the economy (Gajendiran et al., 2024). In addition to destroying natural habitats and posing a 

threat to biodiversity, forest fires are also responsible for releasing extremely high levels of 

carbon emissions into the atmosphere, contributing to global warming (Nunes, 2023). Fires 

that occur due to land conversion for oil palm plantations in Kalimantan cause considerable 
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greenhouse gas emissions, affecting the air quality at both the local and regional levels (Nobre 

et al., 2016). 

Furthermore, underlined that the haze produced by forest fires causes significant health 

concerns, such as respiratory illnesses, which can potentially increase medical care costs 

(Eusemann et al., 2013). It is becoming increasingly urgent to establish efficient forest fire 

prevention and management measures because the frequency of fires is growing because of 

climate change and the management of land that is not sustainable (Bargali et al., 2024). The 

progression of the number of fire hotspots in West Kalimantan over the past ten years is 

depicted in a bar chart that can be found in Figure 1. 

 

 
Figure 1. The Number of Forest Fires for Last Decade in Kalimantan Barat 

 

Forest fires in West Kalimantan frequently result in peatland combustion, leading to 

significant environmental harm. Peatlands, crucial carbon reservoirs, become highly 

susceptible when incinerated, as the combustion process generates substantial carbon dioxide 

emissions into the atmosphere, exacerbating climate change(Hein et al., 2022). Another 

research demonstrated that peatland fires obliterate plants, degrade soil quality, and alter 

ecosystem services (Dupras et al., 2016; Page et al., 2011). Subsequently, another research 

emphasized that peatland fires are frequently instigated by anthropogenic activities, such as 

land conversion for plantations, exacerbating the issue (Dupras et al., 2016). Figure 2 shows 

the burned land mapping for each district/city in West Kalimantan. Kubu Raya Regency has the 

most land burned in the last eight years. Therefore, the object of this research is Kubu Raya 

Regency. 

 

 
Figure 2. Burned land (2016-2023) for each district/city with three classifications: low, medium,  

and high burning. The darker the color, the wider the area of land that is burned 

 

Forest fire incidents in Kubu Raya Regency can be examined through a time series 

methodology to identify fire patterns and trends over a specific duration. This research can 
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identify times of elevated fire frequency by gathering historical data on fire incidences, the 

extent of area burned, and climatic parameters such as soil moisture and temperature. Time 

series models can yield significant insights into the effects of climate change and anthropogenic 

activities, such as land conversion for plantations, which frequently exacerbate fires (Kaur et 

al., 2023). Consequently, time series analysis serves to comprehend historical fire incidences 

and formulate more proactive and data-informed actions for the future. The incidence of forest 

fires in Kubu Raya Regency can be examined through spatial analysis to comprehend these 

occurrences' geographical distribution and patterns. By applying geospatial mapping and 

analysis technology, such as GIS, researchers can identify regions most susceptible to fires and 

the reasons for these occurrences (Parajuli et al., 2020). These factors include land use, 

vegetation types, and the proximity of human settlements. Geographical analysis can elucidate 

the correlation between forest fires and plantation land conversion, together with the impact 

of meteorological circumstances (Soltani & Askari, 2017).  

Furthermore, fires frequently transpire in regions characterized by low soil moisture and 

elevated temperatures, enabling spatial analysis to forecast the probability of future fires 

(Suhardono et al., 2024). Spatial and temporal monitoring of forest fires might demonstrate a 

rising trend of fires associated with unsustainable land management practices, particularly 

land conversion for oil palm plantations (Gui et al., 2023). Furthermore, a spatial-temporal 

analysis revealed that fires are more prevalent during specific months that align with the dry 

season and in regions that are readily accessible for human activity (Wang et al., 2016). This 

study examines forest fire incidents through time series, spatial, and spatial-temporal analyses. 

The significant contribution of this article is the use of three different perspectives together 

in analyzing a problem, namely forest fires in this context. The perspective used is spatial 

analysis, temporal analysis, and spatial-temporal analysis. To facilitate understanding of the 

results of this work, we provide an outline of this article. The background has been explained 

in the first section, and then the three perspectives (spatial, temporal, and spatial-temporal) 

are explained in general in the second section. Section 2 is also equipped with a modelling 

flowchart for each analysis. More details regarding the application of the three perspectives to 

forest fire data are explained in the third section. The results are given in the fourth section of 

the discussion. Finally, the conclusion of the whole thing discussed in this article is placed in 

the fifth section. 

 

B. METHOD 

1. Spatial 

Conducting a spatial autocorrelation test between sample location points is the initial stage 

in the process of modelling spatial data. Moran's I is one of the most well-known indices for 

determining the level of spatial correlation. The values of Moran might run anywhere from -1 

to 1 (Huda et al., 2023).  The Moran's I statistic is given as: 

 

𝐼 =
𝑁∑ ∑ 𝑤𝑖𝑗(𝑦𝑖−�̅�)(𝑦𝑗−�̅�)𝑛

𝑗=1
𝑛
𝑖=1

𝑊 ∑ (𝑦𝑖−�̅�)2𝑁
𝑖=1

     (1) 
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where 𝑁 is the number of known points used, 𝑦𝑖 is interpolated (arbitrary) point, �̅� is the mean 

of 𝑦, 𝑤𝑖𝑗 are the weight matrix elements, and 𝑊 is the sum of all 𝑤𝑖𝑗 . 

 

 

a. Kriging 

The Kriging method is an assessment technique that can be utilized to make decisions 

regarding scenarios involving natural phenomena (Erten et al., 2022). Simple Kriging, 

Ordinary Kriging, and Universal Kriging methods are suitable for tackling this issue 

(Fischer & Proppe, 2023; Khan et al., 2023; Ligas, 2022). Kriging is typically employed 

to estimate an interpolated value derived from known data points.  

b. Ordinary Kriging 

Ordinary Kriging is a technique that assumes that the population's mean is unknown 

and always has the same value (Sukkuea & Heednacram, 2022). Ordinary Kriging 

presumes that the population's mean is unknown and consistently holds a value. In 

ordinary Kriging, spatial prediction is accomplished using assumptions (Kumar et al., 

2023). 

 

�̂�(𝑢0) = ∑ 𝑤𝑖𝑍(𝑢𝑖)
𝑛
𝑖=1      (2) 

 

where ∑ 𝑤𝑖 = 1𝑛
𝑖=1 . One of the principal goals of the Kriging technique is to establish a 

best, linear, and unbiased estimate (BLUE) (M. Li et al., 2021). Figure 3.a. shows the 

modeling flow for spatial analysis with the input data used being spatial data at forest 

fire coordinate points in Kubu Raya Regency. 

 

2. Temporal 

When applied to the problem of forest fires, the ARIMA model has been utilized to forecast 

fire occurrences by utilizing historical data. For instance, ARIMA models could be utilized to 

accurately forecast forest fires in Indonesia, hence assisting stakeholders in developing more 

efficient measures for mitigating the effects of these fires (Glenk et al., 2017). When conducting 

this analysis, ARIMA was utilized to examine the emission patterns over time. ARIMA is a model 

combining these three components to capture stationary time series data patterns. ARIMA is 

one of the most effective techniques for time series analysis (Box & Jankins, 1976). This is 

because it can handle a variety of patterns, including seasonality and trends. Let 𝑌𝑡  follows the 

ARIMA(𝑝, 𝑑, 𝑞) model (Sharma et al., 2024), 

 

𝜙(𝐵)𝑌𝑡 = 𝜃(𝐵)𝑒𝑡 

since 𝜙(𝐵) = 1 − 𝜙1𝐵 − ⋯− 𝜙𝑝𝐵
𝑝 and 𝜃(𝐵) = 1 − 𝜃1𝐵 − ⋯ − 𝜃𝑞𝐵

𝑞, then 

𝑌𝑡 = 𝜙1𝑌𝑡−1 + ⋯ + 𝜙𝑝𝑌𝑡−𝑝 + 𝑒𝑡 − 𝜃1𝑒𝑡−1 − ⋯− 𝜃𝑞𝑒𝑡−𝑞   (3) 

 

where 𝜙1, … , 𝜙𝑝 are the parameters of Autoregressive, 𝜃1, … , 𝜃𝑞  are the parameters of Moving 

Average. Let 𝑌𝑡  follows the ARIMA(1,0,1), then 𝑌𝑡  can be defined as: 

 

𝑌𝑡 = 𝜙𝑌𝑡−1 + 𝑒𝑡 − 𝜃𝑒𝑡−1 
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Most of the steps involved in ARIMA modeling are identify the order, Estimation of 

parameters using the Least Squares technique, and diagnostic test for residuals (Imro’ah et al., 

2024). Figure 3.b. provides a more in-depth and detailed representation of the ARIMA modeling 

steps. The input data used is temporal data about confidence level of hotspots in Kubu Raya 

Regency from January 2014 to December 2023. 

 

3. Spatial-Temporal 

Applying the GSTAR model for spatial-temporal analysis has emerged as a crucial approach 

to comprehending the patterns and dynamics of phenomena that unfold across space and time. 

This model offers flexibility in capturing the local and global influences of variables that interact 

in space and time (Fotheringham & Rogerson, 2009). The GSTAR model has been utilized to 

investigate both spatial and temporal factors concurrently (Yundari et al., 2020). Let 𝒀𝑡 =

{𝑌𝑖
(𝑖)

|𝑖 = 1, 2,… , 𝑁; 𝑡 = 1, 2,… , 𝑛} be a stochastics process followed GSTAR(𝑝; 𝜆𝑝), then 𝒀𝑡 can 

be defined as 

𝒀𝑡 = ∑ [𝚽𝑠0 + ∑ 𝚽𝑠𝑘𝑾𝑘
𝜆𝑠
𝑘=1 ] 𝒀𝑡−𝑘 + 𝒆𝑡

𝑝
𝑠=1     (4) 

where 𝑾𝑘 is weight matrix. 

Let 𝒀𝑡 follow GSTAR(1;1), then  

𝒀𝑡 = (𝚽10 + 𝚽11𝑾)𝒀𝑡−1 + 𝒆𝑡    (5) 

 

Most of the steps involved in GSTAR modeling are Identify the order (also known as the 

order), Estimation of parameters using the Least Squares technique, and diagnostic test for 

residuals. More detailed modelling stages using the GSTAR model are given in Figure 3.c. The 

input data used in spatial-temporal analysis is spatial-temporal data for each grid in Kabupaten 

Kubu Raya since January 2014 to December 2023. 

 

4. Weight Matrix  

One of the most essential tools in spatial analysis is the spatial weight matrix, which assesses 

the interactions between locations within a geographical context (Huda & Imro’ah, 2023). 

Contiguity-based weight matrices are one method that is frequently utilized as a strategy 

(Anselin, 2010). A spatial weight matrix can be formed using several methods, one of which is 

queen contiguity. This approach considers two geographic units that share boundaries or 

corners (Huda & Imro’ah, 2023). Let 𝑄 is the queen contiguity weight matrix. For 𝑄 = [𝑞𝑖𝑗], 

then 

 

𝑞𝑖𝑗 = {
1, 𝑖𝑓 𝑖 𝑎𝑛𝑑 𝑗 𝑎𝑟𝑒 𝑠ℎ𝑎𝑟𝑖𝑛𝑔 𝑏𝑜𝑢𝑑𝑎𝑟𝑖𝑒𝑠 𝑜𝑟 𝑐𝑜𝑟𝑛𝑒𝑠𝑟,

0, 𝑜𝑡ℎ𝑒𝑟
 

 

According to the findings of the research, it is essential to select the appropriate type of 

weight matrix when developing a spatial regression model (Anselin, 2010).  
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(a) Kriging (b) ARIMA (c) GSTAR 

Figure 3. Flowchart of Modeling Spatial (Kriging), Temporal (ARIMA), and Spatial-Temporal (GSTAR) 

 

C. RESULT AND DISCUSSION 

In this study, secondary data were utilized, including the following: (1) Coordinate data of 

fire points based on satellite photography, including their longitude and latitude degrees and 

(2) The amount of heat that is produced by fire points daily at each point (which is, in point 1). 

The time span is being utilised from January 2014 to December 2023. The Kubu Raya Regency 

is the target location object that is being utilized. This paper presents a novel approach to 

determine the location, which is necessary because the spatio-temporal model assumes that 

there are several places within a specific period.  

Prepocessing Data. This preliminary processing is designed for the purpose of conducting 

temporal and spatial temporal analysis. The findings of each grid are modeled using ARIMA in 

temporal analysis, which results in the generation of 𝑚 ARIMA models (where 𝑚 is the number 

of grid division regions). Figure 4 shows the illustration of prepocessing data. The steps 

involved in the preparation of data are (1) Grid. Transforming the location of Kubu Raya 

Regency into a square grid such that it is composed of six different regions, which are 

designated as A1, A2, A3, A4, A5, and A6, (2) Classification Data to Grid., and (3) Compute 

Average, Maximum, Number of Fires (High, Medium, Low). Figure 5 presents a time series 

graphic showing the outcomes of the data preprocessing performed at all six locations. 

 

 
Figure 4. Prepocessing Data from the 1st - 3rd Step 
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The results of the data preprocessing are then computed for descriptive statistics based on 

two categories, namely, based on the maximum and the average value of the hotspot heat level 

at each location in the grid. The descriptive statistics can be found in Table 1.  

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 5. Time Series Data Plot for Each Grid (a) A1, (b) A2, (c) A3, (d) A4, (e) A5, and (f) A6 

 

Tabel 1. Descriptive Statistics of Maximum and Average Value for Each Grid 

Grid 
A1 A2 A3 A4 A5 A6 

Max. Avg. Max. Avg. Max. Avg. Max. Avg. Max. Avg. Max. Avg. 

Max. 100 78.21 100 87 100 81 100 77.24 100 78.20 100 76 

Mean. 40.91 32.26 57.63 44.89 29.88 21.74 57.17 42.31 18.41 14.95 34.07 27.26 

Var. 1544.55 936.98 1380.56 790.66 1715.21 883.84 997.28 497.73 1130.78 703.04 1536.79 927.08 

Dev. Std. 39.30 30.61 37.16 28.11 41.42 29.73 31.58 22.31 33.63 26.51 39.20 30.45 

 

1. Temporal Analysis 

To begin the process of temporal modelling with ARIMA, the first thing that needs to be 

done is to determine the extent to which the heat level of a grid affects the time perspective. 

The autocorrelation value of each grid at each time lag is the basis for the tool that is used to 

see this (Huda et al., 2020), and it is displayed in Table 2. According to Table 2, the largest 

correlation is found on grid A6, which has a value of 0.550. This indicates that if a forest fire 

occurs today, there is a 55% chance that it will affect the forest fire the next day. Blue is used to 

represent the significant correlation in Table 2. Following the identification of the order of the 

ARIMA model by utilising the ACF and PACF plots for each grid, the subsequent step is to 

estimate the parameters for the model. According to Table 3, the outcomes of these stages are 

shown.  
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Tabel 2. Temporal Correlation 

Grid Time Lag 

1 2 3 4 5 6 7 8 9 10 

A1 .253 .357 .196 .203 .231 .267 .111 .125 .177 .051 

A2 .336 .238 .057 -.172 -.252 -.266 -.256 -.127 .012 .173 

A3 .529 .195 .144 .130 .173 .193 .103 .002 .004 .099 

A4 .250 .087 -.112 -.189 -.172 -.192 -.166 -.138 .073 -.003 

A5 .464 .195 -.030 -.108 -.027 .019 .033 -.009 -.017 .006 

A6 .550 .233 .001 -.144 -.097 -.114 -.066 -.066 -.211 -.100 

 

Afterwards, the ARIMA model order shown in Table 3 is utilised to construct an ARIMA model 

founded on Equation 3. 

 

Table 3. Temporal analysis using ARIMA time series model 

Grid Order Parameter 
Diagnostic test MAPE 

(%) Normality Independency 
A1 (2, 1, 0) 𝜙1 -.705 

  

18 
𝜙2 -.222 

A2 (0, 1, 1) 𝜃1 -.569 

  

14 

A3 (0, 1, 2) 𝜃1 -.417 

  

9 
𝜃2 -.45817 

A4 (3, 0, 1) 𝜙1 -.4178 

  

17 
𝜙2 -.45810 
𝜙3 -.207 
𝜃1 -.763 

A5 (2, 1, 2) 𝜙1 1.346 

  

8 
𝜙2 -.522 
𝜃1 -1.842 
𝜃2 -.871 

A6 (1, 0, 0) 𝜙1 .550 

  

10 

 

The parameter values presented in Table 3 are then substituted into the ARIMA model 

equation derived from the ARIMA model structure. The equation that represents the ARIMA 

model for each grid is presented below. 
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𝑌𝑡
(1)

= −0.705𝑌(𝑡−1)
(1)

− 0.222𝑌𝑡−2
(1)

 

𝑌𝑡
(2)

= −0.569𝑒(𝑡−1)
(2)

 

𝑌𝑡
(3)

= −0.417𝑒(𝑡−1)
(3)

− 0.458𝑒𝑡−2
(3)

 

𝑌𝑡
(4)

= −0.417𝑌(𝑡−1)
(4)

− 0.458𝑌𝑡−2
(4)

− 0.207𝑌𝑡−3
(4)

+ 0.763𝑒𝑡−1
(4)

 

𝑌𝑡
(5)

= 1.346𝑌(𝑡−1)
(1)

− 0.522𝑌𝑡−2
(1)

+ 1.842𝑒(𝑡−1)
(3)

− 0.871𝑒𝑡−2
(3)

 

𝑌𝑡
(6)

= 0.550𝑌𝑡−1
(6)

 

 

After completing the parameter estimation process, the subsequent step is to diagnostic test on 

the residual ARIMA model. Two tests are included in the diagnostic examination. After 

analysing these results, it was determined that all the developed ARIMA models could pass the 

diagnostic test. As a result, the model was considered to be the most effective model. 

Additionally, the MAPE was utilised to calculate the model's correctness (the findings are 

presented in Table 3). The ARIMA model on grid A5 revealed a MAPE of 6%, which indicates 

that the error rate produced was 6%. This was one of the six grids being produced. 

 

2. Spatial Analysis 

In the initial step of the spatial analysis process, Moran's I is utilized to perform the 

calculation of spatial autocorrelation. Moran's I spatial correlation outcomes for the past ten 

years are presented in Table 6, which can be found over here. Based on the findings, it was 

determined that the spatial correlation was not significant in the years 2019 and 2020 (as 

indicated by the red numbers), although in contrast, the spatial correlation was substantial in 

other years. This indicates that forest fires that occur at one point in the year have a high 

probability of affecting subsequent points in the year. The coordinate points and the heat levels 

at each point are the information used as input for spatial modelling using kriging. The data 

utilized for spatial modelling is presented in Table 4 and number of forest fire's points in Table 

5.  

 

Table 4. Coordinate Points of Forest Fire and Confidence Level at Each Coordinate Points 

Year MM-DD Lat. Long. Conf. … Year MM-DD Lat. Long. Conf 
2014 01-04 -0.025 109.5 23 … 2023 09-28 -0.193 109.3 42 

01-04 -0.026 109.5 74 09-28 -0.175 109.3 53 
… … … … … … … … 

 

Table 5. Number of Forest Fire’s Points per Year. The bold text is the highest number of forest fire  

Year 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 
Total 1,116 995 221 153 1,158 835 42 246 68 375 

 

The hotspot coordinates data in Table 4 is referred to as observed data. From Table 5, it is 

known that the total number of hotspot coordinates over the past ten years in the Kubu Raya 

area and its surroundings is 5,209 hotspot coordinates.  
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Table 6. Moran Value for Each Year. The bold text is the significant spatial correlation. 

Year 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 
I-Moran 0.10 0.12 0.26 0.29 0.12 0.00 0.04 0.12 0.12 0.16 
p-value 0.00 0.00 0.00 0.00 0.00 0.37 0.12 0.00 0.00 0.00 

 

Based on Table 6, the spatial correlation calculation results table for forest fire cases in Kubu 

Raya Regency and its surroundings shows that between 2014 and 2018, there was a significant 

clustering of hotspots, with positive I-Moran values and supporting p-values (all 0). The peak 

occurred in 2017 with an I-Moran value of 0.29, indicating a strong spatial relationship. The 

output of the spatial model analysis is a contour map of unobserved points obtained from 

kriging modelling based on observed points (in this case, there are 5,209 fire point coordinates). 

The results of the contour map using Kriging for the Kubu Raya district in 2016, 2017, 2018 and 

2023 are shown in Figure 7. These years were selected based on the four highest Moran spatial 

correlation values in Table 6. The contour map of the kriging model results for the forest fires 

in Kubu Raya is a visual representation that shows the spatial distribution of fire events based 

on fire point data. This map connects areas with the same fire intensity through contours by 

using interpolation that considers location proximity and spatial variability. This reflects the 

potential fire risk in locations without data and shows how fire events vary depending on land 

type and human activity. Thus, these contour maps become essential for understanding and 

managing regional forest fire risk. The contour map is shown in Figure 6. 

The output of contour maps using kriging for forest fire cases in Kubu Raya shows the 

spatial distribution of forest fire heat levels during the observed years. The data shows that 

longitude and latitude have consistent ranges, with longitude varying between 109.069 to 

110.187 and latitude from -1.403 to 0.585. The heat level shows minimum and maximum values 

that vary each year; for example, 2016 recorded a minimum heat level of 0 and a maximum of 

96.419, while in 2023, the heat level reached a maximum of 100, indicating a very high potential 

fire risk. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 6. Kriging Interpolation in (a) 2017, (b) 2016, (c) 2023, and (d) 2018 

 

3. Spatial-Temporal Analysis 

The environmental problem of forest fires in Kubu Raya Regency is complicated and multi-

faceted. Fire events are not only driven by variables that are local to the area, but interactions 

between different geographical locales also influence them. Table 7 displays the spatial-

temporal correlation between spatial and time lag. The correlation of 0.398 at spatial lag 0 and 

time lag 1 represents the relationship between forest fire cases in its own location and forest 
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fire cases 1 time previously by 39.8%. Meanwhile, the correlation value of 0.368 at spatial lag 

one and time lag 1 provides information that forest fire cases in a location are related to forest 

fire cases in its nearest neighbouring location 1 time previously by 36.8%. 

 

Table 7. Spatial-Temporal Correlation. The bold text is the highest spatial temporal correlation  

Spatial 
Lag 

Time Lag 
1 2 3 4 5 6 7 8 9 10 

0 0.398 0.228 0.059 -0.018 0.017 0.005 -0.036 -0.041 0.019 0.078 
1 0.368 0.206 0.022 -0.049 -0.002 -0.023 -0.074 -0.071 -0.034 0.059 

 

Two weight matrices are used in the case of forest fires in Kubu Raya Regency and its 

surroundings: the uniform weight matrix (𝑼) and the queen contiguity weight matrix (𝑸).  

 

𝑼 =

[
 
 
 
 
 

0 0.2 0.2 0.2 0.2 0.2
0.2 0 0.2 0.2 0.2 0.2
0.2 0.2 0 0.2 0.2 0.2
0.2 0.2 0.2 0 0.2 0.2
0.2 0.2 0.2 0.2 0 0.2
0.2 0.2 0.2 0.2 0.2 0 ]

 
 
 
 
 

; 𝑸 =

[
 
 
 
 
 

0 0.33 0.33 0.33 0 0
0.33 0 0.33 0.33 0 0
0.2 0.2 0 0.2 0.2 0.2
0.2 0.2 0.2 0 0.2 0.2
0 0 0.33 0.33 0 0.33
0 0 0.33 0.33 0.33 0 ]

 
 
 
 
 

 

 

Estimating the parameters of the GSTAR(1;1) model by making use of each spatial weight (𝑼 

and 𝑸) is the next phase, which can also be stated as 

 

�̂�𝑡 = {
(Φ̂10 + Φ̂11𝑸)𝑌𝑡−1 = Φ̂𝑄𝑌𝑡−1     ,𝑾 = 𝑸

(Φ̂10 + Φ̂11𝑼)𝑌𝑡−1 = Φ̂𝑈𝑌𝑡−1     ,𝑾 = 𝑼
    (6) 

 

where Φ̂10 = 𝑑𝑖𝑎𝑔(�̂�10
(1)

, … , �̂�10
(6)

) and Φ̂11 = 𝑑𝑖𝑎𝑔(�̂�11
(1)

, … , �̂�11
(6)

) 

 

The parameters were presented in Table 8. There are three columns in Table 8: the weight 

matrix, the parameters of the weight matrix, and the MAPE. A comparison is then made between 

the two weight matrices, and the MAPE value is used to determine which model is superior. A 

MAPE value of 10.20% was associated with the GSTAR(1;1) model that utilised a uniform 

weight matrix, as indicated by the findings obtained. Based on the MAPE number, it can be 

deduced that the model's accuracy will result in an inaccuracy of 10.20%. In addition, the 

parameters that were acquired from the GSTAR(1;1) model with uniform weights (see Table 8) 

will be replaced into Equation 6, which will result in the model equation for each location being 

derived as follows: 

 

𝑌𝑡
(1)

= 0.098𝑌𝑡−1
(1)

+ 0.066𝑌𝑡−1
(2)

+ 0.066𝑌𝑡−1
(3)

+ 0.066𝑌𝑡−1
(4)

+ 0.066𝑌𝑡−1
(5)

+ 0.066𝑌𝑡−1
(6)

 

𝑌𝑡
(2)

= 0.043𝑌𝑡−1
(1)

+ 0.226𝑌𝑡−1
(2)

+ 0.043𝑌𝑡−1
(3)

+ 0.043𝑌𝑡−1
(4)

+ 0.043𝑌𝑡−1
(5)

+ 0.043𝑌𝑡−1
(6)

 

𝑌𝑡
(3)

= 0.034𝑌𝑡−1
(1)

+ 0.034𝑌𝑡−1
(2)

+ 0.443𝑌𝑡−1
(3)

+ 0.034𝑌𝑡−1
(4)

+ 0.034𝑌𝑡−1
(5)

+ 0.034𝑌𝑡−1
(6)

 

𝑌𝑡
(4)

= 0.025𝑌𝑡−1
(1)

+ 0.025𝑌𝑡−1
(2)

+ 0.025𝑌𝑡−1
(3)

+ 0.184𝑌𝑡−1
(4)

+ 0.025𝑌𝑡−1
(5)

+ 0.025𝑌𝑡−1
(6)

 

𝑌𝑡
(5)

= 0.039𝑌𝑡−1
(1)

+ 0.039𝑌𝑡−1
(2)

+ 0.039𝑌𝑡−1
(3)

+ 0.039𝑌𝑡−1
(4)

+ 0.345𝑌𝑡−1
(5)

+ 0.039𝑌𝑡−1
(6)
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𝑌𝑡
(5)

= 0.104𝑌𝑡−1
(1)

+ 0.104𝑌𝑡−1
(2)

+ 0.104𝑌𝑡−1
(3)

+ 0.104𝑌𝑡−1
(4)

+ 0.104𝑌𝑡−1
(5)

+ 0.246𝑌𝑡−1
(6)

 

Table 8. Parameter Estimation of GSTAR(1;1) Model 

Weight Parameter MAPE 
Queen Cont. (Q) Φ̂10 𝑑𝑖𝑎𝑔(0.134; 0.209;0.443; 0.184;0.331; 0.291) 10.84% 

Φ̂11 𝑑𝑖𝑎𝑔(0.261; 0.243;0.172; 0.126;0.205; 0.441) 

Φ̂𝑄  

[
 
 
 
 
 

0 0.087 0.087 0.087 0 0
0.081 0 0.081 0.081 0 0
0.034 0.034 0 0.034 0.034 0.034
0.025 0.025 0.025 0 0.025 0.025

0 0 0.068 0.068 0 0.068
0 0 0.147 0.147 0.147 0 ]

 
 
 
 
 

 

Uniform (U) Φ̂10 𝑑𝑖𝑎𝑔(0.098; 0.226;0.443; 0.184;0.346; 0.264) 10.20% 

Φ̂11 𝑑𝑖𝑎𝑔(0.331; 0.213;0.172; 0.126;0.192; 0.519) 

Φ̂𝑈  

[
 
 
 
 
 

0 0.066 0.066 0.066 0.066 0.066
0.043 0 0.043 0.043 0.043 0.043
0.034 0.034 0 0.034 0.034 0.034
0.025 0.025 0.025 0 0.025 0.025
0.038 0.038 0.038 0.038 0 0.038
0.104 0.104 0.104 0.104 0.104 0 ]

 
 
 
 
 

 

 

The next step is to conduct a diagnostic test on the residuals obtained from the GSTAR (1;1) 

Model. The tests conducted are normality tests (using the Normal Q-Q plot) and independence 

(using the ACF plot) of the residual data. All locations indicate compliance with the assumptions 

of normality and independence of residuals. Based on the three perspectives used in analyzing 

peatland forest fire cases in Kubu Raya, although the three analyses provide different outputs, 

the conclusion of the three is that handling forest fires must be prioritized. From the temporal 

side, the correlation between time lags shows that almost every grid used shows a significant 

correlation between 1 month. Even on grid A1, within two months, forest fire cases still have a 

high correlation value. This finding shows that the handling of forest fire cases that occurred in 

Kubu Raya is still slow because, within 1 - 2 months, fire cases that have occurred still affect 

more than 30% of forest fire cases that occur in the following month. This is linear with the 

results obtained from the ARIMA model, namely on grid A4, forest fire cases that occurred this 

month were still influenced by 20%by forest fires that occurred in the previous three months, 

45% of forest fires that occurred in the previous two months, and 41% forest fires that occurred 

one month earlier. Furthermore, from the spatial side, there are four years with fire cases with 

high spatial correlation values, namely 2016, 2017, 2018, and 2023. From these four years, 

several points can be seen that are the centre of forest fires. Finally, from the spatial-temporal 

side, the results of the analysis obtained that forest fire cases that occur in one grid have great 

potential to spread to adjacent grids and have great potential to increase the confidence level 

value based on forest fires that have occurred in previous periods. Grid location A3 shows the 

effect of the influence of forest fire cases that occurred in the previous month of 44.3%. At the 

same time, the effect of forest fire cases that occur in locations around A3 will influence 3.4%. 

From these three perspectives, the results show that if a forest fire occurs in one location, the 

handling must be carried out in less than one month, and the location with the centre of the 

forest fire is a priority location for handling forest fire cases. 
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D. CONCLUSION AND SUGGESTIONS 

Peatland forest fire patterns firstly can be temporally analysed using the ARIMA model, which 

locates trends, cycles, and fluctuations in fire activity over time. Based on the findings of the 

ARIMA model analysis in forest fire instances, it was discovered that forest fire cases had been 

influenced around three months before the current time period. One limitation of ARIMA is that 

it only considers temporal patterns and does not consider geographical factors. A 

comprehensive understanding of the geographical distribution of forest fires in peatlands can 

be obtained using Kriging as a spatial interpolation approach. Using spatial data, Kriging can 

forecast hotspots or regions at a high risk of fire based on the locations of previously reported 

incidents. Based on spatial analysis, it was concluded that areas with a high confidence level 

have a large chance of spreading to the surrounding areas, which can be seen on the contour 

map. On the other hand, this approach is primarily concerned with geographical characteristics 

and only considers changes in time. A more detailed understanding of how peatland fire 

patterns develop over time and in different areas can be obtained using the GSTAR model, 

which incorporates time and space dimensions. The GSTAR model considers the relationship 

between geographical and temporal changes, enabling more accurate future fire risk 

projections by considering both space and time aspects concurrently. 
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