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occurrences. This study models and predicts forest fires using Fire Radiative Power
(FRP) as an indicator of fire intensity. Weekly hotspot data from NASA FIRMS,
covering the period from July 2024 to August 2025, were analyzed using the
Generalized Space-Time Autoregressive (GSTAR) model. The modeling was

?sm?_gisr;lporal; conducted by considering various forms of spatial partitioning and spatial weight
GSTAR; matrices to capture inter-location dependencies. Four spatial partitioning schemes
Grid; were employed: areal, and grids of 0.50° x 0.50°, 1.00° x 1.00°, and 1.25° X 1.25°%;
Weight Matrix; alongside three spatial weight matrices: Queen Contiguity, Rook Contiguity, and
FRP. Inverse Distance Weighting (IDW). The temporal order and spatial lag were

determined using STACF and STPACF plots. From these combinations, 42 GSTAR
models were constructed and evaluated through a three-stage process of
estimation and residual diagnostic testing. The results indicate that the GSTAR
(1;1) model with a 1.00° x 1.00° grid and Rook Contiguity and IDW spatial weight
matrices is the best-performing model. This model satisfies the white noise
assumption and yields a Root Mean Square Error (RMSE) of 6.866, which is the
smallest among all evaluated models. The estimates indicate that fires at a given
location are influenced by prior conditions and spatial interactions with
surrounding areas, suggesting that the GSTAR model supports spatiotemporal
monitoring and early warning systems.
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A. INTRODUCTION

The Generalized Space-Time Autoregressive (GSTAR) model is an extension of the Space-
Time Autoregressive (STAR) model and the AutoRegressive (AR) model, integrating spatial and
temporal dependencies simultaneously (Hestuningtias & Kurniawan, 2023; Nurhayati et al.,
2025; Pratiwi et al., 2025; Yundari et al., 2025). GSTAR is used to analyze geographically
distributed time series data by accounting for temporal dependence (the Influence of past
values) and spatial dependence (the Influence of neighboring locations) (Huda et al., 2023;
Huda & Imro’ah, 2024). In the GSTAR framework, the value of a variable at a specific location
and time is influenced not only by its past values at that location but also by the values of the
variable at neighboring locations, both contemporaneously and at prior time points. This
property allows GSTAR to simultaneously capture spatial interactions and temporal dynamics,
making it suitable for modeling phenomena that evolve across space and time (Huda etal., 2023;
Pasaribu et al., 2022). In the application of GSTAR, the study area is divided into spatial units,
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which can be square grids generated through a gridding process or areal units defined by
administrative boundaries (Ayyash et al., 2025; Imro’ah et al.,, 2025).

Each spatial unit represents a single observational location within the model. The
relationships between spatial units are represented through a spatial weight matrix, which
quantifies the degree of connectivity and Influence among locations (Ayyash et al., 2025; Huda
& Imro’ah, 2023; Mukhaiyar et al., 2024; Utami et al., 2024; Yundari et al., 2018). Spatial weight
matrices are typically constructed based on geographic proximity, shared boundaries, or inter-
location distances. Through this weighting structure, spatial interactions are systematically
incorporated into the GSTAR modeling process. The selection of spatial units and the design of
spatial weight matrices significantly affect the accuracy of GSTAR modeling. A well-defined
weighting structure enables the model to accurately represent interregional interactions,
thereby improving estimation and prediction outcomes (Ayyash et al., 2025; Huda & Imro’ah,
2023; Mukhaiyar et al., 2021; Utami et al., 2024; Yundari et al., 2018). GSTAR has been widely
applied across various environmental fields, particularly for phenomena requiring predictions
across multiple locations and time periods. Examples include rainfall forecasting (Aprianti et
al., 2024), the spread of infectious diseases (Huda & Imro’ah, 2024; Pasaribu et al., 2021), the
analysis of agricultural commodity price fluctuations affected by climate factors (Yundari et al.,
2025), and the monitoring and prediction of forest fires in neighboring regions (Ayyash et al,,
2025; Mukhaiyar et al., 2024; Pratiwi et al., 2025).

Forest fires in Indonesia represent a spatial-temporal phenomenon with wide-ranging
impacts on the environment and society. Fire occurrences exhibit spatial dependence among
adjacent regions, both in hotspot emergence and in the spread of impacts. Consequently,
modeling forest fires requires an approach that captures both spatial interactions and temporal
dynamics simultaneously. One key indicator used in monitoring forest and land fires is Fire
Radiative Power (FRP), which measures the thermal energy emitted by hotspots in megawatts
(MW) (Kusuma et al., 2017). FRP values are closely related to the amount of biomass burned
and serve as indicators of fire intensity, making them highly relevant for spatial-temporal
modeling. West Kalimantan Province is particularly prone to forest and land fires due to the
predominance of peatlands. Peatlands store large amounts of biomass and are highly
flammable when dried or physically disturbed (Ayyash et al., 2025). Fire occurrences in this
region are generally associated with land-use changes, such as agricultural and plantation
development, and are influenced by climatic conditions, including drought periods and El Nifio
events (Omar et al., 2022; Pratiwi et al., 2025). The impacts of fires extend beyond ecosystem
damage to include public health risks from smoke and disruptions to economic and social
activities (Cahyono et al,, 2015; Jalilov et al., 2025).

Previous studies have demonstrated the applicability of GSTAR in forest fire modeling.
However, most have been limited to using a single type of spatial unit either grids or
administrative areal units and a single type of spatial weight matrix. Comparative analyses that
examine both areal and grid-based spatial divisions across multiple grid sizes, combined with
different types of spatial weight matrices within a single GSTAR framework, remain scarce.
Furthermore, the use of FRP as an indicator of fire intensity in comparative analyses that vary
across spatial units and spatial weight matrices, particularly in peatland areas of West
Kalimantan Province that are highly susceptible to fire, warrants further investigation. This
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situation underscores the need for a more comprehensive study to achieve a more accurate and
representative understanding of forest fire dynamics using the GSTAR model.

Based on these considerations, this study aims to analyze the accuracy of the GSTAR model
across four spatial divisions: areal units and grids of sizes 0.50° x 0.50°, 1.00° x 1.00°, and
1.25° x 1.25° combined with three types of spatial weight matrices: Queen Contiguity, Rook
Contiguity, and Inverse Distance Weight (IDW). The study area covers 14 sub-districts across
the Regencies of Sanggau, Sekadau, and Ketapang in West Kalimantan Province. These three
regencies are considered highly prone to forest fires, particularly during the dry season,
underscoring the need for spatial-temporal analysis to understand hotspot distribution
patterns and predict regions with high fire risk. The application of the GSTAR framework in this
study is expected to identify the most accurate combination of spatial units and spatial weight
matrices for predicting the distribution of forest fire hotspots in the region.

B. METHODS
1. Generalized Space Time Autoregressive (GSTAR) Model

The GSTAR model was first introduced by Borovkova, Lopuha, and Ruchjana in 2002. It was
developed to analyze time-series data characterized by heterogeneous spatial variation.
(Ayyash et al., 2025). The main distinction lies in the autoregressive parameters of the GSTAR
model, which are allowed to vary across different locations (Umer et al., 2018). The GSTAR
model has a wide range of applications, including environmental studies for mapping disease
distribution and analyzing climate change. Systematically, the GSTAR (p; 44, 45, ..., 4,) model
can be expressed as follows (Huda & Imro’ah, 2023; Pasaribu et al., 2018; Pratiwi et al., 2025).

P Ak
Ve=[ D) @uw®y, | +e ()
k=1 =0
T
where Y, = [Yt(l), Yt(z), e, Yt(N)] is the observation vector at time t, ®,, = diag (¢;$) ,
@ .., pU) denotes the autoregressive coefficient matrix W®represents the spatial weight
matrix at the ¢ spatial order, and e; = [et(l), et(z), - et(N)]Tis the error vector.

2. Spatio-Temporal Weight Structure in the GSTAR Model (p; 11, 4, ..., 4;)

In this study, three types of spatial weight matrices are employed, namely the Queen
Contiguity, Rook Contiguity, and Inverse Distance Weight (IDW) matrices. The Queen and Rook
Contiguity weight matrices represent spatial lag based on neighbourhood relationships
between regions. In contrast, the IDW weight matrix represents spatial lag based on inter-
regional relationships within a specified distance radius. Accordingly, the spatial weight
matrices used in this study can be classified into two categories:
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a. Neighbors
The neighborhood-based spatial weight matrix represents proximity relationships
among observation locations. This matrix is defined as an N X N matrix, where N
denotes the number of locations, and is expressed as (Pratiwi, Imro’ah, Huda, et al,,
2025):

w® = [Wi(f{)] NXN (2)

with the conditions Wi(f) =0and Y, ;. wl.(f)
relative influence or interaction strength between the j®* and i*" locations at spatial lag
¢, ensuring that the total influence on each spatial unit is standardized. Furthermore, the
neighborhood-based spatial weight matrix is normalized so that each row’s weights sum
to 1. This row normalization is performed by dividing each weight by the sum of the
weights in the corresponding row, resulting in the normalized spatial weight matrix as

follows:

= 1. Each element wi(f) describes the

i

W(f’)

® = [W®] = [—¥

W = [w ]_[ N (@] (3)
j=tj=%i gy

b. Queen Contiguity

The Queen contiguity weight matrix is a method for defining neighbourhood
relationships that is broader and more flexible. In Queen contiguity, two locations are
considered neighbours if they share either a common edge or a common corner (Huda
& Imro’ah, 2023; Pratiwi, Imro’ah, Huda, et al., 2025). This matrix is used because forest
fire interactions are not limited to direct boundary sharing but may also occur through
diagonal adjacency, making Queen contiguity more suitable for capturing broader
spatial dependence. This can be observed in Figure 1, which presents the structure of
the Queen contiguity spatial weight matrix for both areal and grid representations. In
the illustration, the dark green colour indicates the spatial objects that represent the
study locations.

(a) (b)
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Figure 1. [lustration of Queen Contiguity: (a) Areal with spatial lag 1, (b) Areal with spatial lag
2, (c) Grid with spatial lag 1, (d) Grid with spatial lag 2

c. Rook Contiguity

The Rook contiguity weight matrix considers only locations that share a common edge
(top, bottom, left, and right) and does not account for corners (Ayyash et al., 2025;
Purwaningsih et al., 2025). This matrix is used to emphasize direct, immediate spatial
interactions by restricting neighbourhood relationships to side-sharing boundaries,
thereby capturing more localized spatial dependence. As illustrated in Figure 2, the
resulting neighbourhood structure is more limited than that of the Queen contiguity. In
particular, Figures 2(a) and 2(b) exhibit an identical neighbourhood configuration to
Figures 1(a) and 1(b), as all areal units share boundaries along their sides; the dark
green colour denotes the spatial objects representing the study locations.
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Figure 2. [lustration of Rook Contiguity: (a) Areal with spatial lag 1,
(b) Areal with spatial lag 2, (c) Grid with spatial lag 1, (d) Grid with spatial lag 2
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d. Distance

Based on distance, the weight matrix is constructed using travel distances or distances
between locations within a study area. Spatial relationships among observation
locations are determined using the geographical distance between locations. In this
approach, the spatial Influence of a location is restricted to a specified radius, so that
only locations within that radius are considered to have spatial interactions (Mubarak
etal, 2021). Torepresent a distance-based spatial lag, an Inverse Distance Weight (IDW)
spatial weight matrix is employed. In this matrix, spatial weights are constructed as the
inverse of the distance between locations, implying that locations located closer to each
other exert greater Influence than those farther apart. Locations outside the specified
radius are assigned a weight of 0 and are assumed to have no spatial Influence
(Notonegoro et al., 2024). In general, the IDW spatial weight matrix at spatial lag £ can
be expressed as (Huda et al,, 2021, 2023):

d“’) ]

| @
ER

U NXN

— (f)
w® = [w)] ()

where d;;represents the distance between location j* " and ith

This matrix is employed because the spatial Influence of forest fires tends to decrease
with distance, making IDW approach appropriate for capturing continuous, distance-
based spatial dependence. In this approach, the spatial Influence of a location is
constrained by a specified distance radius, such that only locations within this radius are
considered in constructing spatial relationships. For the IDW spatial weight matrix, the
spatial relationships among locations are shown in Figure 3, which illustrates the
interactions among nearby locations within the defined radius. In the illustration, the
dark green color represents the spatial objects corresponding to the study locations.
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(a) (b)
Figure 3. [llustration of radius-based spatial lag: (a) areal with spatial lag 1, (b) areal with
spatial lag 2, (c) grid with spatial lag 1, (d) grid with spatial lag 2
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3. Parameter Estimation

The Ordinary Least Squares (OLS) method is employed to estimate the parameters of the
GSTAR model. This method aims to determine parameter values that minimize the difference
between observed and predicted values, while accounting for both spatial and temporal
dependencies in the model. Mathematically, the OLS method can be expressed as follows
(Abdullah et al., 2018; Pratiwi, Imro’ah, & Huda, 2025).

Y=Xb+e (5)

Equation (5) can also be expressed in the context of the GSTAR (1;1) model.
T T
where Y = [Yt(l), Yt(z), een Yt(N)] , [et(l), et(Z), cee, et(N)] and The parameter vector @

contains the autoregressive coefficients that represent both the local temporal effects and the
spatial influences for each location. The matrix X represents the explanatory variables that
combine both temporal and spatial lag values from all locations, and can be written as:

(€Y @ L 0
Y Ve 0 1
Xen | 0 0T J ©)
(N) (N)
0 0o Y(t 1 V(t 1

The component V(El)l)ln the matrix above denotes the spatial influence from other locations

on the i*" location, and is defined as: V((tizl) == 1]¢1WUY($:)1) Hence, each location is affected
by its own past values as well as by the weighted combination of its neighboring locations,
based on the spatial weight matrix W = [w;;]yxy. Thus, Equation (5) can be used for
parameter estimation (Setiawan et al.,, 2016).

® = [XTX][XTY] (7)
In general, the stages of this study include order identification, parameter estimation,

residual diagnostics, and forecasting. The flowchart in Figure 4 provides a more detailed
illustration of the stages involved in constructing the GSTAR model from hotspot data.
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Figure 4. Flowchart of GSTAR Model

C. RESULT AND DISCUSSION
1. Data Preprocessing

Data preprocessing was conducted to ensure that the data used for constructing the GSTAR
model met the fundamental assumptions and were ready for analysis. The data consisted of
weekly FRP Fire Radiative Power (FRP) values derived from hotspot observations obtained
from the Fire Information for Resource Management System (NASA FIRMS) website (NASA-
FIRMS, 2025). Covering the period from July 2024 to August 2025. The dataset included
information on date, longitude, latitude, and FRP values.

Research in West Kalimantan covered three regencies, namely Ketapang, Sanggau, and
Sekadau (see Figure 5(a)). The selection of these regencies was based on hotspot data obtained
from the official website of the Ministry of Environment and Forestry (sipongi.menlhk.go.id,
2025). Sanggau Regency recorded the highest number of hotspots, followed by Ketapang, while
Sekadau was included because it borders both regencies and displays a similar hotspot
distribution pattern. In total, 14 districts were used as the spatial units of analysis (see Figure
5(c)). These districts were selected due to their high hotspot occurrences and spatial
interconnectedness. Of these, nine districts are located in Ketapang Regency, two in Sanggau
Regency, and three in Sekadau Regency. The distribution of hotspot intensity across the three
regencies is presented in Figure 5.
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Figure 5. (a) Number of forest fire hotspots, (b) District boundaries in Ketapang, Sanggau, and
Sekadau Regencies, (c) study areas, where the yellow areas represent the regions analyzed in this
study, and the labels L; — Lq4 indicate the i*" location shown in the map

After identifying the target locations for analysis, namely 14 districts as the spatial units of
analysis (see Figure 5(c)), these areas were then transformed into spatial representations using
three different grid sizes: 0.50° x 0.50°,1.00° x 1.00° and 1.25° X 1.25° (see Figure 6).

()
Figure 6. Spatial grid representations of the study area at different supports: (a) 0.50° x 0.50°,
(b) 1.00° x 1.00° (c) 1.25° x 1.25°

(b)

After the grids were generated, hotspot data from both the areal and grid systems were
filtered and combined into 61 weekly observations, with each observation representing the
maximum FRP value. The representative value for each unit was defined as the highest FRP
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detected, or zero if no fire was present, allowing for a consistent analysis of fire intensity across
space and time.
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Figure 7. Selection of the maximum value for each location

2. Numerical Summary

After the data collection process was completed, a descriptive statistical analysis was
performed to provide an overview of the spatial and temporal distribution of forest fire
hotspots during the study period (Ray et al, 2023). This analysis employed fundamental
statistical indicators such as mean, standard deviation, and maximum value to describe the
variability and central tendency of hotspot occurrences across all spatial units. The dataset was
categorised into four types of spatial representations, namely areal and three grid supports:
0.50° x 0.50°,1.00° x 1.00°, and 1.25° x 1.25°. In total, 61 observations were included,
covering the period from July 2024 to August 2025, with each observation representing the
number of hotspots detected at a specific spatial location. The resulting descriptive statistics
provide an overview of the hotspot distribution across the four spatial representations. A
summary of the descriptive analysis results is presented in Table 1.

Table 1. Descriptive statistics of FRP across areal and grid supports for the period from

July 2024 to August 2025
Descriptive Areal
Statistic L, L, Ly Ly Ls Lg L, Lg Lo Lo L1 Ly, L3 Lis
Mean 15.3 16.6 10.5 9.7 122 25.7 13.1 10.1 18.8 11.6 15.3 16.3 15.3 16.6
Maximum 133.2 2521 111.0 1931 1244 279.2 1459 107.6 2554 1825 199.0 319.1 280.1 55.5
Std. Dev. 27.5 42.0 17.4 26.3 252  50.3 30.6 20.1 432 288 37.1 46.5 46.1 14.6
Grid 0.50° x 0.50°
Ay A; A3 Ay As As A7 Asg Ay A1 A1 Asz Az A1
Mean 24.5 17.3 29.5 224 22.3 8.6 18.3 16.1 7.6 11.5 11.2 19.7 5.3 8.2
Maximum 222.0 2521 2792 199.0 319.1 1265 2803 2554 495 1332 1244 1931 334 111.0
Std. Dev. 47.6 399 535 44.5 51.1 21.8 439 41.1 11.9 233 47.6 399 535 44.5
Grid 1.00° x 1.00° Grid 1.25° x 1.25°
A, A4, A3 A, As Aq A, Ag A, A, A3 - - -
Mean 46.2 26.8 39.3 269 21.2 23.3 13.3 248 | 46.8 30.6 29.4 - - -
Maximum 321.6 2521 3191 199.0 2803 2554 1244 193.1 | 279.2 319.1 1931 - - -
Std. Dev. 74.3 51.0 66.5 48.2 43.7 44.4 21.8 35.2 67.5 54.6 37.8 - - -

The descriptive statistics summarised in Table 2 highlight the spatial patterns of fire
intensity across different support levels. The bold black values represent the highest mean
values at each support level, identified in L¢ at the areal level, A; at the 0.50° x 0.50° grid, A,
at the 1.00° x 1.00° grid, and A, at the 1.25° X 1.25° grid. These indicate that the regions
corresponding to Ls and A, consistently exhibit the highest average fire intensity, suggesting
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relatively frequent and stable fire activities in those areas. The red values denote the maximum
values, indicating the locations with the most intense fire events during the observation period
July 2024-August 2025. These are found at L4, for the areal level, A5 for the 0.50° x 0.50° grid,
A; forthe 1.00° x 1.00° grid, and A, for the 1.25° X 1.25° grid. This suggests that these areas
experienced the strongest fire episodes, reflected by the highest fire radiative power among all
locations at their respective supports. Meanwhile, the blue values indicate the highest standard
deviation, reflecting the most significant fluctuation or instability in fire intensity. These occur
at Lg for the areal level, Az and A1z for the 0.50° X 0.50° grid, as well as A4, for the 1.00° X
1.00° grid and A4, for the 1.25° x 1.25° grid. This implies that fire intensity in these regions
was highly variable over time, indicating fluctuating fire activity levels throughout the
observation period.

3. Data Stationarty Test

The stationarity test is a fundamental step before conducting time series modelling.
Stationarity refers to the statistical stability of a dataset, wherein its mean and variance remain
constant over time. A time series is considered stationary when its fluctuations occur around a
constant mean with a uniform variance (Pusporani et al., 2024). The Augmented Dickey-Fuller
(ADF) test was subsequently applied to verify the data's stationarity (Roza et al., 2022). The
results revealed that the p-value for all areal and grid types was 0.01, which is below the 0.05
significance threshold. Consequently, the data for all areal and grid types were confirmed to
exhibit stationarity.

4. Spatial Weight Matrix

In this study, three types of spatial weighting were used, namely Queen Contiguity, Rook
Contiguity, and Inverse Distance Weight (IDW). The model was constructed by considering lag
1 and lag 2 to capture spatial and temporal dependencies between locations. The analysis was
conducted on areal units and three grid sizes, namely 0.50° x 0.50°, 1.00° x 1.00°, and 1.25° x
1.25°. The approximate spatial distances for these grid sizes are 55.5 KM for 0.50° x 0.50°,
111 KM for 1.00° X 1.00° and 138.75 KM for 1.25° X 1. 25°. Examples of the spatial weight
matrices used in this study are presented in Table 2, including the Queen weight matrix for
areal representation, the 0.50° x 0.50° grid for Rook Contiguity, and the 1.25° x 1.25° grid for
IDW, each represented by a specific symbol W; (Pratiwi, Imro’ah, Huda, et al, 2025), W;

(Purwaningsih et al., 2025), and W, (Huda et al., 2021).
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Table 2. Spatial Weight Matrix: Queen Contiguity, Rook Contiguity, and Inverse Distance Weighting

(IDW)
Spatial Weight Matrix
Ilustration w® w®
Queen Contiguity (Wy)
0 0 - 033 0 0 ~ 0
Areal [ 0o 0 O | [0 0 - 0]
0o 0 O 05 0 - 05
I0.33 0 0 | I0 0 - 0I
l0.3 0 0 | l0 0 - 0J

Inverse Distance Weight (W)
Grid cell A2 has no second-
order neighbors in this
spatial grid, indicating that
{ 01 0 ] grid cell A2 has no second-

050 0.5 order spatial locations in

01 O any direction. Therefore, it
is not possible to construct
an exact queen contiguity
weight matrix.

5. Parameter Estimation and Diagnostics Residual Test

A total of 42 models were used in this study, derived from the combination of four GSTAR
model structures GSTAR (1;1), GSTAR (2;1), GSTAR (1;1,2), and GSTAR (2;1,2) for the areal
representation and the 0.50° x 0.50° and 1.00° X 1.00° grids. For the 1.25° X 1.25° grid, only
the GSTAR (1;1) and GSTAR (2;1) models were applied because this grid does not support
second order spatial. Each spatial representation was further combined with three spatial
weighting schemes, namely Queen Contiguity, Rook Contiguity, and Inverse Distance Weight
(IDW), resulting in a total of 42 model configurations analyzed in this study. Based on Equation
(1), these four GSTAR structures were used to capture spatial and temporal dependencies
through spatial weight matrices W®, which represents the relationships between regions. The
general forms of the models are expressed as follows.

GSTAR(1;1) Y, = @Yoy + P WYy + e (8)

GSTAR(2; 1) 1Yy = @Y (oqy + PaWDOY () + @Y (o) + P WDV (o yy 9
+e,

GSTAR(1;1,2) :Y, =@V gy + P WYy + @, WY, + e, (10)

GSTAR(2;1,2) Y, =@ (V1) + P WYy + WDV y) + y0¥(y

11
+¢21W(1)Y(t_2) + et ( )

Residual diagnostic tests for all model configurations are presented in Table 3. Specifically,
the table reports the diagnostic results for the GSTAR(1;1) model with areal representation
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using three spatial weight schemes Queen, Rook, and IDW. It also includes the diagnostic
outcomes for the GSTAR(2;1,2) model applied to the 1.00° X 1.00° grid representation using
the same spatial weighting schemes. These diagnostic evaluations are used to assess model
adequacy, particularly regarding residual normality, independence, and the presence of
remaining spatial-temporal autocorrelation (Dare et al., 2022). In the table, a check mark (v)
indicates that the residuals satisfy the normality and independence assumptions, whereas a
cross mark (X) indicates that the assumptions are not met.

Table 3. Residual diagnostic 3 results for the GSTAR(p; 44,4, ..., 4,) models

Model Queen Contiguity Rook Contiguity IDW
RMSE Ind. Norm. RMSE Ind. Norm. RMSE Ind. Norm.
GSTAR (1;1)
Areal 7.423 v v 7.423 v v 6.671 v X
Grid
(0.50° X 0.50°) 4,551 v X 4.615 v X 4,978 v X
Grid
(1.00° X 1.00°) 7.529 v v 6.866 v v 6.866 v v
Grid

7.290 X X 7.290 X X 7.290 X X

(1.25° X 1.25°)

GSTAR (2;1,2)

Areal 10790 x 10790 x 11532 x
© 505‘;{‘% s 7391V X 6510 v X 6.089 v X
Grid 10512 x 12110 v 11330 v

(1.00° X 1.00°)

Based on the results of the third-stage residual diagnostic presented in Table 4, the GSTAR
(1;1) model with a Grid (1.00° X 1.00°) spatial structure and the Rook and IDW spatial weight
matrices satisfies the assumptions of normality and residual independence. The residuals at all
locations are independent (Ind. = v/) and follow a normal distribution (Norm. = v/), and the
model produces a Root Mean Square Error (RMSE) of 6.866, which is the lowest among the
models tested. Furthermore, the parameters of the GSTAR (1;1) model with Grid (1.00° x 1.00°)
using Rook and IDW spatial weights were tested for significance in three stages. The results
indicate that all temporal and spatial parameters for both weight matrices meet the significance
criteria, confirming the model's validity for predicting FRP hotspots in forest fires in the study
area. The Rook and IDW parameters after three-stage significance testing are as follows.

®,, = diag(0.000,-0.472,0.000,0.000,0.000,0.000,0.000,0.000)
@, = diag(0.091,0.429,0.060,0.000,0.000,—-0.109,0.000, —0.454)

The values on the diagonal indicate the contribution of each location to the temporal and
spatial components in the model. Parameters with a zero value (0.000, shown in bold) indicate
that the effect at that location is not significant and can be ignored in the estimation process.
Considering the diagnostic results and the estimated parameters, the GSTAR(1;1) model with
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model with a Grid (1.00° X 1.00°) structure and Rook and IDW spatial weight matrices is
deemed appropriate for analyzing and predicting forest fire patterns.

6. Selection of Best Grid

The diagnostic test results indicate that the combination of a Grid (1.00° x 1.00°) spatial
structure with Rook and IDW spatial weight matrices yields the best performance, with a Root
Mean Square Error (RMSE) of 6.866, the lowest among the evaluated models. This result
demonstrates high predictive accuracy and indicates that the model effectively captures the
patterns and dynamics of forest fire hotspots. Accordingly, the GSTAR(1;1) model with Rook
and IDW spatial weight matrices under the Grid (1.00° X 1.00°) structure can be expressed as
follows.

~ (1) _ ) 3)
Y, = 0,046 Y(t—l) + 0,046 Y(t_l)

5@ _ &) @ @
7,? = 0215Y.2 — 0472Y,”) +0215Y,",

53 (1) @ (5)
7,9 = 0020757, + 00207 + 0,020Y

-8 _— (6) @)
Y, = —0,227 Y(t—l) — 0,227 Y(t—l)

Based on the established model equation, the Influence of neighboring locations on the

primary location can be examined. For example, according ﬁ(l), the predicted value at time
period t for grid A, is affected by the values at time period (t — 1) from other grids. Grids 4,
and A; exert a positive Influence of 0.046. This indicates that the predicted value for grid 4; is
influenced not only by its own historical data but also by data from neighboring grids at
previous time periods, with varying levels of contribution across grids. Negative parameter
estimates in the GSTAR model used to predict FRP across grids in the study area may be
attributed to seasonal effects influencing forest fire patterns. FRP values tend to increase during
the dry season due to low rainfall and high temperatures, while they generally decrease during
the rainy season. If the GSTAR model does not fully capture this seasonal pattern, the
relationship between FRP values in the previous period (¢t — 1) and the current period (t) may
be negative. In addition, differences in the onset of the rainy season across grids can lead to
negative spatial relationships, particularly when FRP values in one grid begin to decline due to
earlier rainfall. In contrast, neighboring grids still exhibit relatively high FRP values.
Consequently, negative parameter estimates in the GSTAR model reflect the Influence of
seasonal factors and heterogeneous forest fire dynamics across grids that the model does not
fully accommodate.

7. Forecast

The GSTAR(1;1) model with a Grid 1.00 x 1.00 spatial structure and Rook and IDW spatial
weight matrices is used to forecast FRP values for the next four weeks at each grid location and
can be seen in Table 4.
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Table 4. Result Prediction of FRP Maximum for Each Location
September
Aq A, Aj Ay As Ag A Ag
Week 62 146.41 42.07 323.50 167.40 280.29 240.82 62.03 6591
Week 63 14541 57.32 323.76 167.40 280.29 242.61 62.03 69.23
Week 64 146.12 4990 323.74 167.40 280.29 24249 62.03 68.82
Week 65 145.78 53.55 323.75 167.40 280.29 24251 62.03 68.85

Week

Based on Table 4, the predicted FRP values for locations A; — Ag over four weeks in
September are presented. In general, the predicted FRP values at several locations exhibit
variations across weeks, reflecting the Influence of temporal lag and spatial effects from
neighboring locations in accordance with the significant parameters of the model. However, the
predicted FRP values at locations 4,, A5, and A; remain constant across all weeks. This is
because the parameters associated with these locations do not meet the significance criteria
and were therefore set to zero. As a result, temporal dynamics and spatial influences at
locations A,, As, and A, do not contribute to the model, leading to identical FRP predictions for
these locations across all forecast periods. The comparison between actual and predicted FRP
values at several locations in September 2025 is presented in the following figures, as shown in
Figure 8. The graphs illustrate the temporal pattern of FRP, with actual values shown in orange
and model estimates in blue.

A; A,

FRP
FRI

(a) (b)
Figure 8. Comparison Plot of the Actual, Estimation, and Forecast Values
for each Location (a) A1 (b) 45

As shown by the strong correspondence between the estimated line and the actual data at
most locations, Figure 8 demonstrates that the model accurately represents the actual data
pattern. In general, the predictions closely follow the primary trend of the actual data across
many observation points, although some deviations persist at specific locations. This indicates
that the model performs reasonably well overall but still requires further refinement to
improve prediction accuracy in certain area.

D. CONCLUSION

GSTAR modeling was conducted by considering four spatial partitions, namely an areal
structure and grid combinations with sizes of 0.50° x 0.50°, 1.00° x 1.00°, and 1.25° X 1.25°, as
well as three types of spatial weight matrices: Queen Contiguity, Rook Contiguity, and Inverse
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Distance Weight (IDW). The evaluation results indicate that the GSTAR(1;1) model with a
1.00° x 1.00° grid and Rook Contiguity and IDW spatial weight matrices is the best-performing
model. At the first spatial lag, both weight matrices yield the same spatial structure, leading to
comparable model performance. The selected GSTAR(1;1) model satisfies the white noise
assumption based on the third-stage diagnostic test and yields an RMSE value of 6.866, which
is the lowest among the evaluated models. A lower RMSE indicates a smaller discrepancy
between predicted and actual values, implying higher predictive accuracy. The 1.00° x 1.00°
grid divides the study area into eight locations (4; — Ag), which is considered efficient for
representing spatial variation without generating an excessive number of locations.

The parameter estimation results indicate that FRP values Influence forest fire occurrences
at a given location in the previous period and that spatial effects from neighboring locations
also Influence them. Several locations exhibit statistically insignificant parameters that were
set to zero, resulting in constant predicted values across weeks. Overall, the forecasting results
show a decreasing trend in FRP hotspot values from the first to the fourth week of September
2025, which is presumed to be influenced by environmental factors, notably the transition from
the dry season to the rainy season, suggesting that the model results can support early and
targeted forest fire mitigation planning in high-risk areas.
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