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 One of the models that is utilized in spatio-temporal analysis is known as the 
Generalized Space-Time Autoregressive (GSTAR). This model incorporates two 
dimensions, namely the geographical and temporal aspects of the situation. This 
approach assists in the identification of patterns and correlations between data by 
taking into account both spatial and temporal elements. From modeling the 
confidence level of forest fire hotspot cases in Kubu Raya and its surrounds using 
the GSTAR (1;1) model with three different combinations of grids and special 
weight matrices, the purpose of this study is to discover which combination of grids 
and spatial weight matrices is the most effective. The results of diagnostic tests and 
the degrees of MAPE accuracy are used to determine which model is the most 
suitable. The data was obtained from the FIRMS-NASA platform, ranging from 
January 2014 to August 2024. A grid with a dimension of 1.25 x 1.25 degrees and a 
rook contiguity weight matrix is a combination of grids and spatial weight matrices 
that meet the white noise assumption, according to the findings of the study. This 
conclusion is based on the diagnostic test. As a result, the combination of a grid with 
a size of 1.25 x 1.25 and a rook contiguity weight matrix is the best in this modeling. 
This combination has a MAPE of 11.797%, which indicates that this model has a 
good level of accuracy. 
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A. INTRODUCTION  

Analysis of spatial and temporal relationships is a significant strategy for understanding of 

phenomena that are simultaneously influenced by location and time (Lu et al., 2021). 

Researchers are able to recognize patterns, correlations, and distributions of variables in two 

dimensions, namely location and time, through the utilization of this methodology. 

Comparatively, temporal analysis focuses on changes or dynamics that take location across 

time (Zhao et al., 2021). In contrast, spatial analysis investigates the geographic influence that 

exists between objects or phenomena that are dispersed across several different locations 

(Franch-Pardo et al., 2020). Due to the fact that it takes into consideration the complexity of 

spatial and temporal fluctuations, the combination of the two provides a more in-depth 

understanding of the phenomenon that is being investigated. The Generalized Space-Time 

Autoregressive (GSTAR) model is frequently utilized in the process of spatial-temporal analysis 

(Hestuningtias & Kurniawan, 2023). GSTAR has been used for discrete data in previous 

research, which broadens the scope of this model's application in analysing a wider variety of 

spatial-temporal data (Huda et al., 2021). In a different investigation, GSTAR was utilized to find 
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outliers, exemplifying the model's capacity to recognize anomalies or departures from the 

overall trend in the examined data (Huda et al., 2022). However, the GSTAR(1;1) model has also 

been utilized in a dengue case study, which demonstrates the model's applicability in 

simulating the spatial-temporal spread of the disease and highlights the potential application 

of the model in public health studies (Mukhaiyar et al., 2019). 

The GSTAR model explains the manner in which patterns of change and interactions 

between locations within a spatial-temporal system. The determination of the weighting matrix, 

which is frequently a matter of opinion, is one of the difficulties that arise while utilizing the 

GSTAR model (Zhu et al., 2022). The selection of this weighting matrix has a significant impact 

on the findings of the research by virtue of the fact that it is utilized to ascertain the degree to 

which a certain location exerts an influence on other locations depending on specific criteria 

(Lam & Souza, 2019). Previous studies used kernel functions to apply a new weight matrix, 

which provided an original technique for comprehending the spatial linkages present in the 

GSTAR model (Yundari et al., 2018). Modifications to the weight matrix have been done to 

enhance the accuracy of the GSTAR(1;1) algorithm, which has proven to be an essential step in 

enhancing the performance of the model (Pasaribu et al., 2021). The GSTAR(1;1) model has 

been the subject of recent research focusing on analyzing different weight matrices and 

comparing their success in describing interdependence between locations in spatial-temporal 

information (Huda & Imro’ah, 2023). 

The purpose of the weight matrix in the GSTAR model is to serve as a representation of the 

strength of the association between locations based on spatial criteria. These factors include 

geographic distance and regional features (Huda et al., 2023). When selecting the incorrect 

weight matrix, it is possible to generate inaccurate estimates and to have an impact on the 

validity of the analysis results. The purpose of this research is to evaluate and contrast a 

number of different types of weight matrices, including uniform, queen contiguity, and rook 

contiguity. Determining the grid is yet another obstacle that must be overcome in the GSTAR 

concept. In the context of the study area, grids are geographical units that represent specific 

locations (Ryerson et al., 2022). The selection of the appropriate grid size significantly impacts 

the level of precision and accuracy of the analysis results. The grid is a spatial unit that 

represents specific locations within the study region (Ramsdale et al., 2017). In order to 

determine which grid size is most effective in displaying spatial-temporal data, this study 

examines and evaluates numerous grid sizes, including 0.50 × 0.50 degrees, 1.00 × 1.00 degrees, 

and 1.25 × 1.25 degrees. Forest fires are an example of a phenomenon that combines spatial 

and temporal analysis. This event involves complicated spatial and temporal fluctuations, one 

example of a phenomenon combining these two types of analysis. 

Forest fires are a phenomenon that is highly dependent on spatial-temporal variables 

(Dastour et al., 2024). The patterns of fire spread are controlled by geographic elements such 

as the kind of land and the altitude and by temporal factors such as the changing of the seasons 

and the weather (Wu et al., 2022). Forest fires have become a persistent and widespread 

concern in Indonesia, particularly in regions containing agricultural peatlands. There is a high 

incidence of forest fires in Indonesia, frequently caused by human activities and made worse 

by favorable environmental conditions, such as extended dry seasons. West Kalimantan is a 

region that is regularly vulnerable to forest fires. This province is highly susceptible to fires 
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because most of its land comprises peatland, and the equator crosses its geographical position. 

Peatlands are characterized by the fact that they are easily combustible and can store 

significant quantities of biomass, litter, and mineral soil on their surface (Rachman et al., 2020). 

The Kubu Raya Regency is one of the regions in West Kalimantan that is prone to forest fires 

during the dry season. This region is one of the areas that frequently see forest fires (Arifa, 

2022). In this context, spatial-temporal analysis through the GSTAR model can provide a better 

knowledge of fire patterns, enable forecasts of sensitive areas, and assist in making decisions 

that are more informed in forest fire mitigation and control activities. This research aims to 

establish which grid size is the most effective by contrasting three different grid sizes: 0.50 × 

0.50, 1.00 × 1.00, and 1.25 × 1.25. It will also examine the utilization of three distinct kinds of 

spatial weight matrices, namely uniform, queen contiguity, and rook contiguity, and compare 

and contrast their respective applications. 

 

B. METHODS 

1. Generalized Space Time Autoregressive (GSTAR) (1;1) Model 

The GSTAR (1;1) model is an example of a generalized space-time autoregressive model 

type. First-order spatial lag and temporal lag are also incorporated into this approach. Within 

geography, "first-order spatial lag" describes a spatial relationship in which observations taken 

at one location are influenced by observations made at locations close to the location. On the 

other hand, first-order temporal lag presents evidence of a temporal link within the framework 

of a temporal structure. This suggests a temporal relationship between the period in question 

and the present observations, influenced by past observations at the same location. In 2002, 

Borovkova, Lopuha, and Ruchjana were the individuals who put forward the GSTAR model for 

the first time. The Autoregressive (AR) and Space-Time Autoregressive (STAR) models were 

the foundation for the development of the GSTAR model, which is capable of managing time 

series data that possess heterogeneous spatial features (Ilmi et al., 2023). The discipline of 

statistical analysis has made a crucial step forward with this development. This is a significant 

advancement in the field of statistical analysis. It is possible to state the GTAR (1;1) model in 

the following manner (Ruchjana et al., 2012): 

 

𝒀𝑡 = 𝚽10𝑾
(0)𝒀𝑡−1 + 𝚽11𝑾

(1)𝒀𝑡−1 + 𝒆𝑡 (1) 

 

where 𝒀𝑡  is observations in period 𝑡 , 𝒀𝑡−1  is observations in periode 𝑡 − 1 , 𝚽10 is autoregressive 

coefficients for the influence of the location itself, 𝚽11 is autoregressive coefficients for the influence of 

neighboring locations, 𝑾(0) is identity matrix, 𝑾(1) is spatial weight matrix, and 𝒆𝑡 is error in period 𝑡. 

Alternatively, Equation (1) can be expressed as: 
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2. Spatial Weight Matrix 

One of the most important components of the GSTAR model is the spatial weight matrix, 

which illustrates the connection between one location and another. When it comes to finding 

the spatial weight value, the conditions that need to be fulfill are as follows: 𝑤𝑖𝑖 = 0  and 

∑ 𝑤𝑖𝑗 = 1𝑖≠𝑗 ; where 𝑖 = 1, 2,… ,𝑁  and 𝑗 = 1, 2,… , 𝑁 . From a broad standpoint, the spatial 

weight matrix can be described as (Huda & Imro’ah, 2023): 

 

𝑾 = [𝑤𝑖𝑗] = [

0 𝑤12 … 𝑤1𝑁

𝑤21 0 … 𝑤2𝑁

⋮ ⋮ ⋱ ⋮
𝑤𝑁1 𝑤𝑁2 … 0

] 

 

Choosing the appropriate spatial weight matrix is critical in spatial data analysis since it 

helps one comprehend the connections between different locations. Uniform is all spatial units 

are assumed to have the same weight across the board (Mukhaiyar et al., 2019). Queen 

contiguity is two spatial units are regarded to be neighbors if they share an edge or a corner. 

Rook contiguity is two spatial units are regarded as neighbors if they share the same edge 

(Suryowati et al., 2023). Those are the three main forms of spatial weight matrices utilized 

frequently. 

 

3. Grid 

Grid is a system that is used to depict an object's position on the earth's surface based on 

the object's latitude and longitude coordinates (Ware et al., 2020). Longitude is an imaginary 

line that connects the north and south poles, whereas latitude is an imagined line that circles 

the earth parallel to the equator. Both of these lines are considered to be hypothetical locations. 

Determining a particular position on Earth is made possible by utilizing this grid, which is of 

great significance in various sectors, including mapping, navigation, and spatial data analysis 

(Bill et al., 2022). 

 

C. RESULT AND DISCUSSION 

The data utilized in this investigation was obtained from the FIRMS - NASA (Fire 

Information for Resource Management System) platform. This platform offers real-time 

information on forest fires all around the world. The dataset utilized is known as the forest fire 

confidence level, which corresponds to the degree of certainty that hotspots identified by 

satellites are indicative of forest fires within the area. Ten years of historical data pertinent to 

examining forest and land fire patterns are covered by the data period that is employed, which 

extends from January 2014 to August 2024. 

Kubu Raya Regency was chosen as the area of concentration for this research among all the 

regions that comprise West Kalimantan. There is a compelling rationale for choosing Kubu Raya 

as a case study. This region is a potential research subject for forest fire investigation due to its 

distinctive characteristics. One primary reason is that Kubu Raya has a relatively high average 

number of fires. Figure 1 shown that Kubu Raya Regency is fourth in the number of forest and 

land fire cases, after Ketapang, Sanggau, and Sintang Regencies. The fact that Kubu Raya is 
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located in this position demonstrates that it is one of the areas that has a substantial level of 

fire vulnerability, as shown in Figure 1. 

 

 
Figure 1. Map and Number of Cases of Forest Fires in West Kalimantan (2014-2023) 

 

1. Data Preprocessing 

In order to divide the study area, the analysis region is first divided into grid cells of a size 

specified in advance. When studying forest fires, the grid method is utilized as an alternative to 

the utilization of administrative borders such as districts. The decision to employ grids as an 

alternative to administrative location units (districts) was taken because the distribution of 

forest fires within a district can vary dramatically from one district to the next. A grid system 

can give a more precise representation of the local differences in forest fire occurrences. Before 

the grid was established, the number of hotspots located in Kubu Raya Regency during the 

previous ten years was 5,206 points. The number of hotspots for each grid was determined 

after the grid was formed. The hotspots for each grid were 0.50 × 0.50 degrees, which resulted 

in 12,446 points; 1.00 × 1.00 degrees, which resulted in 30,319 points; and 1.25 × 1.25 degrees, 

which resulted in 30,346 points. The followings are the preprocessing data’s step. 

a. Grid Classification. The initial step in the data preprocessing stage involves the creation 

of grids with three distinct sizes. These grids span a range of angles, specifically 0.50 × 

0.50 degrees (12 locations), 1.00 × 1.00 degrees (6 locations), and 1.25 × 1.25 degrees 

(4 locations). During the grid generation process, a map of West Kalimantan is utilized. 

When conducting the spatial-temporal analysis with the GSTAR model, the number of 

grid cells acquired from each size will provide the location units that will be utilized. The 

details of grid classification can be seen in Table 1 (first column). 

b. Monthly Data Filter. The data on forest fires is organized into monthly intervals 

according to the size of each grid that has been created. The process of filtering the data 

is carried out for each month from January 2014 to August 2024. Which can be seen in 

Table 1 (second column). 

c. Monthly Data Filter per Location. This procedure creates data focused on each location 

that reflects a specific location, depending on grid sizes of 0.50 × 0.50 degrees, 1.00 × 

1.00 degrees, and 1.25 × 1.25 degrees. Which can be seen in Table 1 (third column). 
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d. Maximum Value Selection. The maximum value is selected to provide a description of 

the forest fire instances that have the highest intensity in each location within a specific 

time period. Particularly in the context of employing the GSTAR model for spatial-

temporal analysis, this value serves as the foundation for the study because it guarantees 

that the most serious fire cases are considered. Which can be seen in Table 1 (fourth 

column). 

 

This is the visualization of the data preprocessing is shown in Table 1. 

 

Table 1. Data Preprocessing 

Steps 
a b c d 

Grid: 0.50 ×  0.50 

    
Grid: 1.00 ×  1.00 

    
Grid: 1.25 ×  1.25 

    
 

2. Descriptive Statistics 

The data obtained for three grid sizes, namely grid 0.50 × 0.50 degrees, grid 1.00 × 1.00 

degrees, and grid 1.25 × 1.25 degrees, were obtained after the data preprocessing. These grid 

sizes were based on the data obtained from forest fire hotspots. The number of observations 

collected is 127, and the period covered by these observations is from January 2014 to August 

2024. The data represents each location, which reflects hotspots in detecting forest fires. A 

visual representation of the hotspot data plot for forest fire cases is presented in Figure 2. The 

following is a descriptive analysis that provides a numerical summary to help better 

understand the data's characteristics. These descriptive statistics play an important part in 

obtaining a through image of the data distribution during the research period shown in  

Table 2. 
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(a) 

 
(b) 

 
(c) 

Figure 2. Data Plot of Hotspots of Forest Fires in West Kalimantan (a) 0.50 ×  0.50 degrees 

(b) 1.00 ×  1.00 degress (c) 1.25 ×  1.25 degress 

 

Table 2. Numerical Summary 

Grid 
Descriptive 

Statistics 
Grid Cell 

A1 A2 A3 A4 A5 A6 A7 A8 A9 A11 A12 
0.50 ×  0.50 Mean 48 55 48 6 56 48 2 35 48 16 29 

Median 55.5 68 60 0 66.5 56.5 0 0 56 0 0 
Maximum 100 100 100 95 100 100 87 100 100 100 100 

1.00 ×  1.00 Mean 73 55 59 65 16 54 - - - - - 
Median 76 68.5 70.5 70 0 70 - - - - - 

Maximum 100 100 100 100 100 100 - - - - - 
1.25 ×  1.25 Mean 78 64 50 58 - - - - - - - 

Median 85.5 76 59 69.5 - - - - - - - 
Maximum 100 100 100 100 - - - - - - - 

 

The descriptive statistics of the hotspot data of forest fire cases in Kubu Raya and its 

surrounds are presented in Table 2, organized according to the various grid sizes, the red text 

is the highest value and the green text is the lowest value. The average results that were 

collected demonstrate variances in the confidence level of each grid unit regarding forest fire 

cases. An instance of a grid unit with a high average value may be observed at location A1 with 

a grid size of 1.25 × 1.25. This particular grid unit displays an average value of 78 and a median 

of 85.5. This score indicates that the forest fires at this location are highly intense and occur 

constantly. At this point, the maximum value exceeds 100, indicating that the fire in A1 has 
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reached the highest potential intensity. The average value recorded at position A7, which has a 

grid size of 0.50 × 0.50, is just 2, while the maximum value reaches 87. This is in contrast to the 

previously mentioned location. It is clear from this that fires in this area are extremely 

uncommon, and even when they do occur, the severity of the fires is significantly lower than in 

other areas. This gap demonstrates a significant disparity in the severity of forest fires in 

different Kubu Raya regions. 

 

3. Stationarity Test 

ADF and Box-Cox tests are tests that can be utilized to determine whether or not data is 

stationary. Based on the visualization of the data plot presented in Figure 2, one may conclude 

that the data is stationary with respect to both the mean and the variance. An ADF test was 

conducted to guarantee that the data was stationer the findings received from the test indicated 

that the p-value for all location grids was 0.01, which indicates that the p-value is less than 0.05. 

All of the location grids had stationary data. 

 

4. Spatial Weight Matrix 

Within the scope of this research, three distinct spatial weighting strategies are utilized: 

uniform, queen contiguity, and rook contiguity. Table 3 shows combining a grid with a spatial 

weight matrix, represented by the symbols 𝑾𝑈𝑘, 𝑾𝑄𝑘, and 𝑾𝑅𝑘, where 𝑘 =  1, 2, 3. 

 

Table 3. The Visualization of Each Grid and Spatial Weight Matrix 

Uniform (𝑾𝑼𝒌) Queen Contiguity (𝑾𝑸𝒌) Rook Contiguity (𝑾𝑹𝒌) 

1. Grid: 0.50 ×  0.50 
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Uniform (𝑾𝑼𝒌) Queen Contiguity (𝑾𝑸𝒌) Rook Contiguity (𝑾𝑹𝒌) 

2. Grid: 1.00 ×  1.00 
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3. Grid: 1.25 ×  1.25 
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Every location is treated in the same manner and with the same weight when it comes to 

being deemed a neighbor of location A1. For location, the neighbors of location A1 in queen 

contiguity (second column in Table 3) are 0.50 × 0.50 (A2, A4, and A5), 1.00 × 1.00 (A2, A3, and 

A4), and 1.25 × 1.25 (A2, A3, and A4). 

 

5. Parameter Estimation 

The least squares method of parameter estimation reveals several substantial parameters. 

Using three different spatial weight matrices, the outcomes of the parameter estimation 

process were executed on the GSTAR (1;1) model for each grid in Table 4. 

 

Table 4. Parameter Estimation, Diagnostic Test, and Accuracy of GSTAR (1;1) Model 

G
ri

d
 Loc. Parameter MAPE 

(%) 
Diag. Test 

G
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d
 Loc. Parameter MAPE 

(%) 
Diag. Test 

�̂�𝟏𝟎 �̂�𝟏𝟏 Norm. Ind. �̂�𝟏𝟎 �̂�𝟏𝟏 Norm. Ind. 
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0
.5

0
 ×

 0
.5

0
 

 A1 .178 .894 22.704 Yes Yes 

1
.0

0
 ×

 1
.0

0
 

A1 .732 .258 9.443 Yes No 
A2 .407 .678 19.018 Yes Yes A2 .376 .540 15.914 Yes Yes 
A3 .418 .616 16.619 Yes Yes A3 .457 .452 15.991 Yes No 
A4 .068 .159 5.925 No Yes A4 .447 .568 13.813 Yes No 
A5 .549 .428 17.130 Yes Yes A5 .315 .191 8.821 No No 
A6 .487 .511 15.043 Yes Yes A6 .020 .946 16.154 Yes Yes 
A7 .547 .028 1.310 No No Average 13.356   
A8 .173 .702 17.705 Yes Yes 

1
.2

5
 ×

 
1

.2
5

 

A1 .896 .065 5.411 Yes Yes 
A9 .416 .634 17.447 Yes Yes A2 .403 .549 12.545 Yes Yes 

A11 .216 .364 8.721 No No A3 .274 .489 16.734 Yes Yes 
A12 .194 .657 12.434 Yes Yes A4 .287 .618 12.468 No Yes 

Average 14.005   Average 11.789   
Queen Contiguity 

0 . 5 0
 

×
 

0 . 5 0
 

A1 .188 .793 21.831 Yes Yes 1 . 0 0
 

×
 

1 . 0 0
 

A1 .578 .408 10.895 Yes Yes 
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G

ri
d

 Loc. Parameter MAPE 
(%) 

Diag. Test 

G
ri

d
 Loc. Parameter MAPE 

(%) 
Diag. Test 

�̂�𝟏𝟎 �̂�𝟏𝟏 Norm. Ind. �̂�𝟏𝟎 �̂�𝟏𝟏 Norm. Ind. 

A2 .318 .706 19.132 Yes Yes A2 .372 .465 15.015 Yes Yes 
A3 .345 .502 16.312 Yes Yes A3 .457 .452 15.991 Yes No 
A4 .075 .158 5.955 No Yes A4 .447 .568 13.813 Yes No 
A5 .462 .559 17.151 Yes Yes A5 .312 .191 8.787 No No 
A6 .353 .537 14.996 Yes Yes A6 .198 .815 16.563 Yes Yes 
A7 .544 .033 1.308 No No Average 13.511   
A8 .213 .738 17.661 Yes Yes 

1
.2

5
 ×

 
1

.2
5

 

A1 .896 .065 5.411 Yes Yes 
A9 .536 .397 16.678 Yes Yes A2 .403 .549 12.545 Yes Yes 

A11 .141 .477 8.709 No No A3 .274 .489 16.734 Yes Yes 
A12 .260 .541 13.339 Yes No A4 .287 .618 12.468 No Yes 

Average 13.916   Average 11.789   
Rook Contiguity 

0
.5

0
 ×

 0
.5

0
 

A1 .386 .641 20.615 Yes Yes 

1
.0

0
 ×

 1
.0

0
 

A1 .680 .294 10.327 Yes Yes 
A2 .335 .558 18.983 Yes Yes A2 .328 .490 15.173 Yes Yes 
A3 .304 .553 17.217 Yes Yes A3 .403 .539 15.756 Yes Yes 
A4 .085 .162 5.959 No Yes A4 .456 .505 14.493 Yes Yes 
A5 .504 .480 17.039 Yes Yes A5 .304 .198 8.710 No No 
A6 .407 .453 13.601 Yes Yes A6 .259 .810 18.265 Yes Yes 
A7 .540 .041 1.305 No No Average 13.787   
A8 .433 .467 17.735 No Yes 

1
.2

5
 ×

 
1

.2
5

 
A1 .860 .115 5.540 Yes Yes 

A9 .588 .318 16.367 Yes Yes A2 .353 .553 12.740 Yes Yes 
A11 .179 .338 8.834 No No A3 .262 .490 16.437 Yes Yes 
A12 .319 .502 13.210 Yes Yes A4 .381 .558 12.470 Yes Yes 

Average 13.715   Average 11.797   

 

6. Diagnostic Test 

The results of the diagnostic tests that were performed at each location are presented in 

Table 5. According to the white noise assumption, the combination of a grid with dimensions of 

1.25 × 1.25 and a rook contiguity weight matrix has been successful. For the purpose of 

ensuring that the GSTAR (1;1) model functions exceptionally well for this grid, the residual 

models that are contained within the four location are regular and independent. A solid 

foundation is provided by this combination, which may be utilized for the research of forest fire 

patterns and the prediction of future events. As a result of the fact that it satisfies these criteria, 

the grid with dimensions of 1.25 ×  1.25 and the rook contiguity weight matrix can be deemed 

the optimal combination. 

 

7. Selection Of The Best Grid 

The MAPE value for each grid and spatial weight matrix is within the range of 10% to 20%, 

which indicates a good level of accuracy. This information is provided in Table 4. Based on the 

results of this investigation, it is possible to draw the conclusion that the optimal grid size, as 

determined by the diagnostic test, is a grid with dimensions of 1.25 ×  1.25 degrees and 

employing rook contiguity. As a result of the diagnostic test, the model with this combination 

has been able to pass the model feasibility test with a MAPE value of 11.789%. This 

demonstrates that the model is definitely capable of making more accurate predictions than 

alternative grid sizes and spatial weight matrices. For a grid with dimensions of 1.25 × 1.25 

degrees, the GSTAR (1;1) model involves the utilization of the rook contiguity weight matrix. 

The equation can be expressed as follows: 
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𝑌𝑇+𝑚
(1)

= 0.860 𝑌𝑇+𝑚−1
(1)

+ 0.057 𝑌𝑇+𝑚−1
(2)

+ 0.057 𝑌𝑇+𝑚−1
(3)

 (2) 

𝑌𝑇+𝑚
(2)

= 0.277 𝑌𝑇+𝑚−1
(1)

+ 0.353 𝑌𝑇+𝑚−1
(2)

+ 0.277 𝑌𝑇+𝑚−1
(4)

 (3) 

𝑌𝑇+𝑚
(3)

= 0.245 𝑌𝑇+𝑚−1
(1)

+ 0.262 𝑌𝑇+𝑚−1
(3)

+ 0.245 𝑌𝑇+𝑚−1
(4)

 (4) 

𝑌𝑇+𝑚
(4)

= 0.279 𝑌𝑇+𝑚−1
(2)

+ 0.279 𝑌𝑇+𝑚−1
(3)

+ 0.381 𝑌𝑇+𝑚−1
(4)

 (5) 

 

The blue, red, green, and orange are respectively are for grid cell A1, A2, and A3.. The 

information presented by Equation (2), (3), (4), and (5) demonstrates that the maximum value 

of confidence level of forest fires on a particular grid cell is influenced by the maximum value 

of confidence level of forest fires on surrounding grid cells during the preceding period. Forest 

Fires cases on grid cell A1 is influenced by forest fires cases on grid cells A2, and, A3 in the 

preceding month, which had the same influence of 5.7%. This is an example of how forest fires 

might take location. Additionally, grid cell A1 was influenced by grid cell A1 itself in the 

preceding month by 86%. Table 5 presents the predictions made using the GSTAR (1;1) model. 

 

Table 5. The Predictions Based on GSTAR (1;1) Model for The Best Combination Grid and Spatial 

Weight Matrix (%) 

Period A1 A2 A3 A4 
September 2024 91 80 60 74 

October 2024 86 74 56 67 
November 2024 82 69 52 62 
December 2024 77 64 49 57 

 

D. CONCLUSION AND SUGGESTIONS 

A grid with a dimension of 1.25 x 1.25 degrees and a rook contiguity weight matrix that has 

passed the model feasibility test with a MAPE value of 11.797%, which has a good level of 

accuracy, was deemed to be the optimal combination of grid and spatial weight matrix. This 

conclusion was reached based on the results and discussion discussed earlier. This 

demonstrates that in this particular investigation, a grid with a more significant size yields 

superior findings when compared to a grid with a smaller size at the same time. Therefore, this 

model can be utilized for the purpose of making forecasts for a number of different periods in 

the future, such that the prediction results for September, October, November, and December 

2024 will show a declining trend in the number of forest fire instances. 
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