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Interpolation of Fire Radiative Power Based on GSTAR Model1

Predictions with Queen Contiguity Weights Using Ordinary2

Kriging3
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Abstract7

Forest fires are a persistent environmental issue in West Kalimantan, Indonesia, driven by8

both natural and human factors. Fire Radiative Power (FRP) serves as a vital indicator9

for assessing wildfire intensity and energy release. This study aims to model and predict10

the spatial temporal dynamics of FRP using the Generalized Space Time Autoregressive11

[GSTAR(1;1)] model combined with Ordinary Kriging interpolation. The dataset covers West12

Kalimantan from July 2024 to September 2025, comprising four attributes: observation date,13

longitude, latitude, and FRP value. Data filtering was applied from the national to provincial14

level, focusing on three regencies Sanggau, Sekadau, and Ketapang across 14 sub-districts15

represented by a 1.25 × 1.25 grid. The data consisted of 65 weekly observations, with 61 used16

for training and 4 for testing. The GSTAR(1,1) model with a spatial area-based framework17

achieved an optimal MAPE of 12.63% and satisfied the white noise assumption, indicating18

reliable performance. Predictions for October 2025 indicated relatively stable fire intensity,19

with a slight FRP decrease in Nanga Tayap and Sandai during the final week. Overall,20

the integrated GSTAR–Kriging framework effectively captured both temporal and spatial21

variations, supporting improved fire risk assessment and regional decision making for wildfire22

management in West Kalimantan.23
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Copyright © 2025 by Authors, Published by CAUCHY Group. This is an open access article25
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27

1 Introduction28

Fire Radiative Power (FRP) serves as a fundamental indicator for characterising fire behaviour,29

as it reflects the rate at which heat energy is released during combustion [1]. In addition, FRP30

functions as an important parameter for assessing wildfire intensity, providing more detailed31

quantitative information than conventional fire perimeter or burned area datasets that typically32

offer only binary classifications [2]. Furthermore, FRP represents a valuable quantitative indicator33

of fire activity and its temporal variations over the study period [3]. Over the past two decades,34

numerous operational remote sensing approaches have been developed and widely implemented to35

estimate FRP, enabling the evaluation of combustion intensity and emission levels [4]. Therefore,36

accurate prediction of FRP is essential not only for improving the effectiveness of wildfire37
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Interpolation of Fire Radiative Power . . .

management and suppression strategies but also for assessing the environmental pollution38

impacts arising from such events [5].39

Forest fires are among the most frequent environmental disasters in Indonesia, particularly40

in the province of West Kalimantan. These events are driven by a combination of natural41

factors, such as prolonged droughts and the El Niño phenomenon, alongside human activities42

like land clearing through burning practices [6]. Additionally, forest fires also referred to as43

bushfires or vegetation fires can be triggered by climatic shifts that are further intensified by44

increasing greenhouse gas emissions and global warming [7]. In fact, more than 90% of forest45

fires are attributed to human activities, while the remaining cases are primarily caused by46

natural phenomena such as lightning strikes [8]. In this study, the analysis focuses on three47

regencies: Sanggau, Sekadau, and Ketapang, which collectively represent the primary hotspot48

corridor in West Kalimantan (see Figure 1). Figure 1b classifies the regencies based on their49

total accumulated FRP, with colors indicating the ranking: Red (highest), Pink (moderate),50

and Yellow (lower). Ketapang (319.1 MW) and Sanggau (279.2 MW) record the highest peak51

FRP intensities, whereas Sekadau (199.0 MW), despite a lower maximum value, was included52

because it geographically connects the two major hotspot regions. These three regencies thus53

form a spatially contiguous zone of intense fire activity extending from the central region to the54

southern coast, making them suitable for spatial temporal interaction analysis.55

(a) (b)
Figure 1: Spatial distribution of FRP in (a) West Kalimantan and (b) the selected study area comprising
Sanggau, Sekadau, and Ketapang regencies.

To analyze the spatial and temporal dynamics of fire activity in the study area, this research56

employs the Generalized Space–Time Autoregressive (GSTAR) model with a spatial weight57

matrix based on the Queen contiguity criterion. The GSTAR(1;1) specification is particularly58

suitable for modelling the interdependence of fire behaviour across neighbouring regions over59

time, allowing the identification of spatial autocorrelation and temporal persistence in FRP60

values, since the GSTAR model explains the manner in which patterns of change and interactions61

occur between locations within a spatial-temporal system [9]. By incorporating both spatial62

and temporal components, this model can effectively capture the propagation patterns of fire63

activity between adjacent grid areas [10]. The best-performing GSTAR model is then used64

to generate FRP predictions, which are subsequently interpolated using the Ordinary Kriging65

technique. This method is recognised as the most effective linear and unbiased interpolation for66

estimating unknown spatial values [11] and provides a geostatistical framework for estimating67

FRP intensity at unsampled locations and enhancing spatial continuity. The integration of68

GSTAR and Ordinary Kriging enables a comprehensive spatial-temporal assessment, revealing not69

only how fire activity evolves over time but also how it spreads spatially across West Kalimantan.70

Several previous studies have explored FRP prediction using spatial approaches. A study71

combining the GSTAR and Ordinary Kriging models analyzed CO2 emission variability in Asia,72

identifying China, India, and Indonesia as the largest contributors. The GSTAR(3; 1, 1, 1) model73

provided optimal forecasts with low RMSE and MAPE values, while the isotropic spherical74

semivariogram in Kriging produced accurate spatial predictions, indicating persistently high75
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Interpolation of Fire Radiative Power . . .

emissions in northeastern Asia until 2027 [12]. Another study utilizing FRP data from MODIS76

satellites across countries such as Nepal, Bhutan, and Sri Lanka applied spatial statistical77

methods including the Spatial Lag Model, Spatial Error Model, and Kriging to map and predict78

FRP distribution. Kriging interpolation was used to estimate fire potential in unobserved79

areas, offering a comprehensive overview of fire risk and impact [13]. Additionally, a study on80

peatland fires in Kubu Raya Regency, West Kalimantan, analyzed fire dynamics using temporal,81

spatial, and spatial temporal approaches. The ARIMA model captured temporal trends, Kriging82

interpolation mapped spatial hotspot distribution, and the GSTAR model identified areas with a83

high potential for future fire spread [14].84

This study aims to model and predict the spatial-temporal dynamics of FRP across 14 selected85

sub-districts within the regencies of Sanggau, Sekadau, and Ketapang in West Kalimantan86

Province using the GSTAR model combined with the Ordinary Kriging method. The main87

objective is to capture both the spatial interaction and temporal persistence of fire activity,88

enabling a more detailed understanding of fire propagation patterns within the study area. By89

integrating FRP with geostatistical and spatial-temporal modelling techniques, this research90

aims to produce accurate and continuous predictions of fire intensity distribution. The novelty of91

this study lies in combining GSTAR for temporal forecasting and Ordinary Kriging for spatial92

interpolation, providing a robust framework to improve fire risk assessment and support regional93

decision-making for wildfire management and environmental protection in West Kalimantan.94

2 Methods95

This study adopts a quantitative research approach that integrates spatial and temporal analysis96

through the GSTAR model. The objective is to analyse and model the spatial-temporal dynamics97

of FRP across selected sub-districts in Sanggau, Sekadau, and Ketapang Regencies, West98

Kalimantan. The best GSTAR model results are further refined using the Ordinary Kriging99

method to generate spatially continuous predictions of fire intensity.100

2.1 Generalized Space-Time Autoregressive Model (GSTAR)101

The Generalized Space-Time Autoregressive (GSTAR) model is commonly applied in conducting102

spatio-temporal analysis [15]. The autoregressive (AR) model served as the foundation for103

the development of the space-time autoregressive (STAR) model, which later evolved into the104

generalized spatio-temporal autoregressive (GSTAR) model that extends its predecessors by105

incorporating both spatial interactions among locations and temporal variations over time [6],106

[16]. The GSTAR model can be represented as follows.107

Yt =
p∑

s=1

Φs0 +
λs∑

k=1
ΦskWk

 Yt−k + et (1)

where Wk is weight matrix. Assuming that Yt follows the GSTAR(1;1) model, then:108

Yt = Φ10W(0)Yt−1 + Φ11W(1)Yt−1 + et (2)

where,109

Yt =
[
Y

(1)
t Y

(2)
t . . . Y

(N)
t

]t

Φ10 = diag
(
ϕ

(1)
10 , ϕ

(2)
10 , . . . , ϕ

(N)
10

)
Φ11 = diag

(
ϕ

(1)
11 , ϕ

(2)
11 , . . . , ϕ

(N)
11

)
et =

[
e

(1)
t e

(2)
t . . . e

(N)
t

]t

Gita Fitriyana 429

2

55

6

6

12

Page 7 of 20 - Integrity Submission Submission ID trn:oid:::1:3407406702

Page 7 of 20 - Integrity Submission Submission ID trn:oid:::1:3407406702



Interpolation of Fire Radiative Power . . .

The variables in the model are defined as follows: Yt is observations in period t, while Yt−1 is110

observations in the preceding period, t−1. The parameter Φ10 is the autoregressive coefficient for111

the influence of the location itself, whereas Φ11 is the autoregressive coefficient for the influence112

of neighboring locations. Furthermore, W(0) is an identity matrix, W(1) is the spatial weight113

matrix, and et is the error term in period t. Equation 2 can alternatively be expressed as follows114

for the GSTAR(1;1) model:115

2.2 Queen Contiguity Weight Matrix116

The spatial weight matrix plays a crucial role in constructing the GSTAR model, as it helps117

represent the spatial relationships among different locations [17]. It also serves as a fundamental118

element in spatial analysis, providing a means to evaluate the interactions and dependencies119

that occur among geographic areas [18]. A spatial weight matrix can be built in several ways,120

one of which is the queen contiguity method. In this method, the weight of each location is121

based on nearby areas that share common boundaries or corner points [16]. The spatial weight122

matrix must satisfy specific conditions. A primary requirement is that a location has no spatial123

influence on itself, meaning the diagonal elements of the matrix are zero (wij = 0 for i = j, where124

i = 1, 2, . . . , N). Therefore, the general form of the N × N weight matrix, denoted as W, can be125

represented as follows [19]:126

W(ℓ) =


0 w

(ℓ)
12 . . . w

(ℓ)
1N

w
(ℓ)
21 0 . . . w

(ℓ)
2N

...
... . . . ...

w
(ℓ)
N1 w

(ℓ)
N2 . . . 0

 (3)

where W(ℓ) represents the spatial weight matrix at spatial lag ℓ.127

2.3 Ordinary Kriging128

Kriging is a geostatistical technique used to perform spatial interpolation [20]. It encompasses a129

set of interpolation methods grounded in geostatistics that aim to provide unbiased estimates of130

variable values across a surface [21]. In general, various types of kriging methods are available,131

including ordinary, simple, universal, Poisson probability, and others [22]. Among these, Ordinary132

Kriging is recognized as an effective and efficient approach for interpolating sparse geospatial133

data across extensive areas [20]. This method utilizes spatial data from sampled points along134

with variograms that describe the correlation between spatial locations to estimate values at135

unsampled sites, where the predicted values are influenced by their proximity to the sampled136

locations [23]. This method assumes that the study variable at any given location is a stationary137

random function, meaning that its mean value remains constant throughout the study area,138

although the exact value of the mean is unknown [24]. The equation of the Ordinary Kriging139

model is expressed as follows [25].140

Ẑ(u0) =
n∑

i=1
wiZ(u0) (4)

where the value at an unobserved location, u0, is estimated and denoted by Ẑ(u0). This estimate141

is calculated as a weighted average of the observed values, Z(ui), from n surrounding data points142

at locations ui. Each of these observations is assigned a specific weight, wi, which is determined143

by the distance and spatial relationship between the points. One of the main objectives of the144

Kriging method is to obtain an optimal, linear, and unbiased estimate (BLUE) [26].145
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2.4 Variogram and Semivariogram146

The variogram is a key instrument in geostatistics that illustrates the spatial autocorrelation147

and measurement variability among the data points being analyzed [20], and it plays a crucial148

role in determining the weighting factors used for interpolation in the Kriging process [24]. The149

estimated experimental variogram can be expressed as follows [23]:150

2γ̂(h) ≡ 1
|N(h)|

∑
N(h)

[z(si) − z(sj)]2 (5)

where z(si) and z(sj) are field values at locations si and sj , respectively. The set of all location151

pairs separated by the lag distance h is denoted by N(h) = {(si, sj) : si − sj ∈ h for i, j =152

1, . . . , N}, whereas |N(h)| denotes the number of distinct pairs in N(h).153

The semivariogram is defined as one-half of the variogram value [2]. In general, semivariograms154

are categorized into two types: the empirical semivariogram and the theoretical semivariogram155

[23]. The experimental semivariogram represents a plot of semivariance values γ(h) as a function156

of the separation distance h [27]. The experimental semivariogram is derived from observed or157

sampled data using the following equation [28].158

γ̂(h) ≡ 1
2|N(h)|

∑
N(h)

[z(si) − z(sj)]2 (6)

The experimental semivariogram values are subsequently compared with theoretical models159

to determine the best-fitting one, which is then used in calculating the weights for the Kriging160

interpolation process. In general, theoretical semivariograms are classified into three main types:161

Spherical, Exponential, and Gaussian [29].162

The research workflow is presented in Figure 2, outlining the sequential procedures carried163

out in this study from data acquisition and preprocessing to model development, validation, and164

spatial interpolation using the GSTAR–Kriging approach.165

Figure 2: Research flowchart

3 Results and Discussion166

The data used in this study comprise Fire Radiative Power (FRP) values obtained from the167

VIIRS NOAA-20 satellite through the official NASA FIRMS platform. FRP represents the168

Gita Fitriyana 431

7

7

11

13

19

21

Page 9 of 20 - Integrity Submission Submission ID trn:oid:::1:3407406702

Page 9 of 20 - Integrity Submission Submission ID trn:oid:::1:3407406702



Interpolation of Fire Radiative Power . . .

rate of radiant energy released by active fires, expressed in megawatts (MW), and serves as an169

indicator of fire intensity and combustion efficiency. An illustration of the FRP data distribution170

can be seen in Figure 3 [30].171

Figure 3: Ilustration of Fire Radiative Power

The dataset covers West Kalimantan Province over the period from July 2024 to September172

2025 and includes four key attributes: observation date, longitude, latitude, and FRP value.173

The initial stage of data processing involved applying a geographical filter, starting from the174

national scale (covering all of Indonesia), which was then narrowed to Kalimantan Island and175

further refined to West Kalimantan Province specifically focusing on three regencies: Sanggau,176

Sekadau, and Ketapang. From these regencies, 14 sub-districts were selected as the spatial units177

of analysis (see Figure 4a).178

Subsequently, the 14 sub-districts were transformed into spatial representations using 1.25 ×179

1.25 grid, resulting in three research zones labeled A1, A2, and A3 (see Figure 4b). Following180

the spatial transformation, data preprocessing was carried out to ensure the dataset met the181

assumptions required for model development. The FRP data were aggregated into 65 weekly182

observations, with each observation representing the maximum FRP value recorded during that183

week for each grid area. From this dataset, 61 observations (July 2024–August 2025) were used184

as the training set, while the remaining 4 observations (September 2025) served as the testing185

set. The trained model was then used to generate predictions for October 2025.186

(a)

(b)
Figure 4: Illustration of the data preprocessing process for (a) spatial area-based and (b) 1.25 × 1.25
grid cells.

To visually examine the temporal dynamics and characteristics of the prepared data, time187

series plot of the weekly maximum FRP values are presented in Figure 5. The figure illustrates188

the data from two perspectives: the aggregated grid locations that serve as the direct input189

for the GSTAR model, and the original administrative sub-districts, which provide contextual190
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comparison.191

A visual examination of the plots reveals a distinct seasonal pattern in fire activity across192

the study area. The time series at both the district level (see Figure 5a) and the grid-based193

representation (see Figure 5b) exhibit two prominent peaks, occurring approximately around194

weeks 11–13 and week 56, which coincide with the dry season when fires are most prevalent. In195

Figure 5a, only a subset of representative districts three selected areas is displayed to illustrate196

the general temporal trend observed across all regions. After spatial aggregation into grid form,197

this temporal pattern remains evident and demonstrates strong synchronization among locations,198

indicating the presence of spatial dependence in fire occurrences, which provides the key rationale199

for applying the GSTAR model.200

(a) (b)
Figure 5: FRP data plot and ilustration of Queen Contiguity weight for (a) spatial area-based and (b)
1.25 × 1.25 grid cells.

While these plots effectively illustrate the temporal dynamics and spatial co-movement of fire201

activity, a more formal quantitative summary is necessary to compare the statistical characteristics202

of each location accurately. Therefore, a descriptive statistical analysis was conducted, and the203

results are summarized in Table 1.204

Table 1: Statistical summary. The bolded numbers represents the maximum values.

Spatial Unit Locations (i) Maximum Minimum Mean Std. Deviation

Area

Jelai Hulu (1) 133.18 0.51 16.22 27.73
Kapuas (2) 252.09 2.66 18.05 42.37
Kendawangan (3) 110.97 3.86 10.55 16.98
Manis Mata (4) 193.07 2.33 10.21 26.81
Marau (5) 173.68 1.16 14.17 31.67
Meliau (6) 279.19 3.28 25.41 49.03
Nanga Taman (7) 145.93 3.13 14.32 31.03
Nanga Tayap (8) 107.59 2.54 10.71 20.79
Sandai (9) 255.43 3.23 19.01 42.36
Sekadau Hilir (10) 182.54 3.66 13.37 30.52
Sekadau Hulu (11) 198.95 2.35 16.13 36.51
Simpang Hulu (12) 319.12 2.31 17.52 47.28
Sungai Laur (13) 280.29 2.59 17.58 47.13
Tumbang Titi (14) 82.48 0.91 8.48 16.99

Grid 1.25 × 1.25
A1 (1) 279.19 0.48 50.05 67.91
A2 (2) 319.12 2.26 33.89 60.60
A3 (3) 193.07 2.37 31.18 40.95
Note: All FRP values are expressed in Megawatts (MW).

Based on Table 1, the analysis at the polygon (sub-district) level shows clear variations in fire205

intensity across regions. The highest maximum FRP values are observed in Simpang Hulu (319.12206

MW) and Sungai Laur (280.29 MW), which occurred during week 61, corresponding to August207

2025, indicating that the most intense fire events took place in these sub-districts. Regarding208

the average FRP, Meliau (25.41 MW) records the highest value within the past year, suggesting209
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that this area consistently experienced elevated fire activity compared to other sub-districts such210

as Marau (14.17 MW) and Tumbang Titi (8.48 MW). The relatively high standard deviations211

observed in Meliau (49.03) and Simpang Hulu (47.28) further indicate fluctuating fire intensity212

patterns characterized by intermittent peaks of extreme fire activity.213

When the data are aggregated into the 1.25 × 1.25 grid system, which serves as the direct214

input for the GSTAR model, a clearer picture of the broader hotspot zones emerges. A key215

observation is that Grid A1 exhibits the highest mean FRP value (50.05 MW), substantially216

exceeding that of Grid A2 (33.89 MW) and Grid A3 (31.18 MW). This indicates that Grid A1217

consistently experienced higher fire intensity throughout the past year of observation.218

Conversely, the most extreme single event occurred within Grid A2, which recorded a219

maximum FRP of 319.12 MW. This peak was observed in week 61, corresponding to August 2025,220

and directly aligns with the highest FRP detected in the Sekadau Hilir sub-district, confirming221

that this major fire event was geographically located within the A2 grid boundaries. The relatively222

high standard deviations in Grid A1 (67.91) and Grid A2 (60.60) further reinforce the visual223

findings from the plots, suggesting that these two grids are not only the most active but also the224

most volatile areas.225

3.1 Stasionarity Test226

In constructing the GSTAR model, it is necessary to ensure that the data exhibits stability227

in both its mean and variance [31]. Furthermore, the Augmented Dickey-Fuller (ADF) test is228

performed to assess whether the data is stationary with respect to its mean [32]. The results229

of the ADF test indicate that the data are non-stationary in the mean for both the spatial230

area-based model and the 1.25 × 1.25 grid. This is evidenced by ADF values greater than 0.05.231

Therefore, differencing was applied to both datasets, as presented in Table 2. After differencing,232

the analysis could proceed to the next stage.233

Table 2: ADF Test Results

ADF Test Locations (i)

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Area 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.18 0.04 0.01
Grid

1.25×1.25 0.01 0.04 0.01

3.2 Queen Contiguity Weight Matrix234

The Queen Contiguity rule will be applied in the next step to construct the spatial weight matrix.235

By implementing this rule on the generated location, two matrices are defined as W
(1)
Q1 for the236

spatial area-based model and W
(1)
Q2 for the 1.25 × 1.25 grid, where W

(1)
Q1 denotes the first-order237

for spatial area-based model.238

W(1)
Q1 =


0 0 0 0.33 0.33 0.33 · · · 0.33
0 0 0 0 0 0.25 · · · 0
0 0 0 0.5 0.5 0 · · · 0
...

...
...

...
...

... . . . ...
0.33 0 0 0 0.33 0 · · · 0


W(1)

Q2 =

 0 1 1
0.5 0 0.5
0 1 0



In the spatial area-based, a value of 1 indicates that two sub-districts are adjacent, and239

0 otherwise. Based on Figure 5 the sub-district highlighted in cream (Jelai Hulu) represents240

the observed location, while the yellow areas indicate its first-order neighbours. Likewise, in241

the 1.25 × 1.25 grid, the red-hatched cell (A2) denotes the observed location, with A1 and A3242
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identified as its neighbours. These matrices clearly illustrate the spatial adjacency captured by243

the first-order Queen Contiguity rule. In the GSTAR(1;1) models, only this first-order spatial244

lag is considered, as it sufficiently represents the spatial dependencies required for accurate245

parameter estimation.246

3.3 Parameter Estimation and Diagnostic Test247

The parameter estimation for the GSTAR(1;1) models was conducted using the Ordinary Least248

Squares (OLS) method with the previously defined Queen Contiguity spatial weights. Table249

3 presents the results of this initial estimation, along with the diagnostic tests for the model250

residuals. For a model to be considered valid, its residuals must satisfy the white noise assumption,251

meaning they are both independent and normally distributed.252

The parameter estimation results in Table 3 reveal varied values across locations. In the initial253

estimation (before), several parameters were found to be statistically insignificant, as indicated254

by the red text. Here, the term before refers to the results of the first parameter estimation, prior255

to the re-estimation process, while after denotes the results obtained following the re-estimation.256

An insignificant parameter does not contribute meaningfully to the model’s predictive power and257

must be excluded to create a more parsimonious and robust model. Consequently, a re-estimation258

process was performed. The insignificant parameters were set to zero (highlighted in blue) and259

removed, and the model was refitted iteratively until only significant parameters remained. This260

refinement ensures that the final model is both statistically valid and efficient. The after results,261

representing the final set of fully significant parameters, are presented in Table 3.262

Table 3: Parameter estimation and diagnostic test. Red and blue values represent insignificant parameters
and those set to zero, respectively. “Yes” indicates that the normality and independence assumptions are
satisfied, while “No” indicates that they are not.

Spatial
Unit Loc. (i)

Before After

Parameter Diag.Test MAPE Parameter Diag.Test MAPE
ϕ

(i)
10 ϕ

(i)
11 Norm. Ind. ϕ

(i)
10 ϕ

(i)
11 Norm. Ind.

Area

Jelai Hulu (1) -0.02 0.36 Yes Yes

13.37%

0.00 0.34 Yes Yes

12.63%

Kapuas (2) -0.06 -0.36 Yes Yes -0.06 -0.36 Yes Yes
Kendawangan (3) -0.54 0.60 Yes Yes -0.54 0.60 Yes Yes
Manis Mata (4) 0.09 -0.10 Yes Yes 0.07 0.00 Yes Yes
Marau (5) -0.02 0.01 Yes Yes 0.00 0.00 Yes Yes
Meliau (6) 0.00 0.00 Yes Yes 0.00 0.00 Yes Yes
Nanga Taman (7) -0.03 0.00 Yes Yes 0.00 0.00 Yes Yes
Nanga Tayap (8) 0.01 -0.01 No Yes 0.00 0.00 Yes Yes
Sandai (9) 0.00 0.01 Yes Yes 0.00 0.00 Yes Yes
Sekadau Hilir (10) -0.02 0.02 No Yes 0.00 0.00 Yes Yes
Sekadau Hulu (11) -0.01 -0.02 No Yes 0.00 0.00 Yes Yes
Simpang Hulu (12) -0.05 0.12 Yes Yes 0.00 0.10 Yes Yes
Sungai Laur (13) -0.02 -0.50 Yes Yes 0.00 -0.52 Yes Yes
Tumbang Titi (14) -0.97 -0.76 Yes Yes -0.97 -0.76 Yes Yes

Grid
1.25 × 1.25

A1 (1) -0.02 0.13 Yes Yes
13.49%

0.00 0.15 Yes Yes
11.76%A2 (2) -0.04 0.05 Yes Yes 0.00 0.00 Yes Yes

A3 (3) -0.24 0.14 Yes Yes -0.24 0.14 Yes No

For the spatial area-based model, after the re-estimation process, the significant parameters263

were identified as: ϕ11 for Jelai Hulu; both ϕ10 and ϕ11 for Kapuas and Kendawangan; ϕ10 for264

Manis Mata; ϕ11 for Simpang Hulu and Sungai Laur; and both ϕ10 and ϕ11 for Tumbang Titi.265

The resulting refined model achieved a significantly improved MAPE of 12.63%, and its residuals266

successfully met the assumptions of normality and independence. For the Grid 1.25 × 1.25 model,267

the re-estimation process yielded a final model where the significant parameters were the spatial268

parameter (ϕ11) for location A1, and both the temporal (ϕ10) and spatial (ϕ11) parameters for269
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location A3. Notably, for location A2, both parameters were found to be insignificant and were270

thus removed from the final model. This refined grid model produced a MAPE of 11.76%, with271

its residuals satisfying the normality assumption but not the independence assumption.272

3.4 Accuracy Model273

A comparison of the predictive accuracy between the two final models shows that both the274

spatial area-based model (MAPE = 12.63%, see the bolded value in Table 3) and the Grid275

1.25 × 1.25 model (MAPE = 11.76%, as shown in the MAPE column of Table 3) demonstrate276

strong forecasting performance. However, the spatial area-based model was selected as the final277

model because its residuals satisfied the white noise assumptions, whereas the Grid 1.25 × 1.25278

model did not. Although the MAPE value of 12.63% is slightly higher, it still indicates good279

predictive accuracy. Therefore, the spatial area-based model is considered the most appropriate280

for this study.281

The final GSTAR model reveals diverse and location-specific fire dynamics across sub-districts.282

Jelai Hulu and Simpang Hulu are characterized by positive spatial spillover effects, where fire risk283

intensifies alongside neighboring activity, while Sungai Laur shows a negative spatial correlation,284

indicating reduced local risk when adjacent areas burn. Manis Mata operates as a spatially285

independent system, influenced solely by its own temporal behavior, as shown by the orange-286

highlighted (see equation 7). In Kapuas and Tumbang Titi, spatial relationships are negatively287

correlated, whereas Kendawangan exhibits positive spatial reinforcement. Overall, these patterns288

demonstrate that fire behavior varies markedly across regions, with the model effectively capturing289

each sub-district’s unique spatial temporal interactions. The GSTAR(1;1) specification for the290

selected spatial area-based model employs the Queen Contiguity weight matrix, and the model291

equation can be expressed as follows:292

Ŷ
(1)

t = 0.113(Y (4)
t−1 + Y

(5)
t−1 + Y

(14)
t−1 )

Ŷ
(2)

t = −0.062Y
(2)

t−1 − 0.089(Y (6)
t−1 + Y

(7)
t−1 + Y

(10)
t−1 + Y

(11)
t−1 )

Ŷ
(3)

t = −0.537Y
(3)

t−1 + 0.300(Y (4)
t−1 + Y

(5)
t−1)

Ŷ
(4)

t = 0.071Y
(4)

t−1 (7)

Ŷ
(12)

t = 0.048(Y (6)
t−1 + Y

(13)
t−1 )

Ŷ
(13)

t = −0.259(Y (9)
t−1 + Y

(12)
t−1 )

Ŷ
(14)

t = −0.973Y
(14)

t−1 − 0.255(Y (1)
t−1 + Y

(5)
t−1 + Y

(8)
t−1)

To evaluate the performance of the selected spatial area-based GSTAR model, Figure 6293

presents a visual comparison between the actual observed FRP values and the model’s predictions294

for four representative sub-districts, illustrating the performance of the GSTAR(1;1) model by295

comparing the actual FRP values (green line) with in-sample predictions (blue line) and out-296

of-sample forecasts (yellow line). Overall, the in-sample predictions closely follow the observed297

FRP trends, capturing the main peaks during high-fire periods in August–September 2024 and298

July–August 2025. In Jelai Hulu (Figure 6a) and Kapuas (Figure 6b), the in-sample fits accurately299

replicate historical peaks, while the out-of-sample forecasts capture overall upward trends, albeit300

smoothing high-frequency fluctuations. In Kendawangan (Figure 6c), both in-sample and out-of-301

sample predictions closely match the observed patterns, including minor dips and subsequent302

rises. For Manis Mata (Figure 6d), the forecast successfully predicts the resurgence of fire activity303

following historical peaks. Despite minor discrepancies and a tendency to smooth sudden extreme304

spikes, the GSTAR model effectively captures temporal dynamics and periodic fire behavior in305

West Kalimantan.306
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(a) (b)

(c) (d)
Figure 6: Comparison of Actual Data (green line), In-Sample Fit (blue line), and Out-of-Sample (yellow
line) forecast for four representative sub-districts: (a) Jelai Hulu, (b) Kapuas, (c) Kendawangan, and (d)
Manis Mata

Consequently, the forecasts produced by the model are subsequently used for spatial interpo-307

lation via the Ordinary Kriging method, as reported in Table 4.308

Table 4: FRP Prediction for October. Yellow numbers represents locations (i)

Regencies Subdistrict (i) Week 1 Week 2 Week 3 Week 4 Illustration

Sanggau Kapuas (2) 98.44 98.06 98.05 98.05
Meliau (6) 58.15 58.15 58.15 58.15

Sekadau
Sekadau Hilir (10) 111.17 111.17 111.17 111.17
Sekadau Hulu (11) 55.39 55.39 55.39 55.39
Nanga Taman (7) 80.15 80.15 80.15 80.15

Ketapang

Jelai Hulu (1) 83.83 84.50 84.52 84.51
Nanga Tayap (8) 68.43 68.43 68.43 68.43
Sandai (9) 64.11 64.11 64.11 64.11
Kendawangan (3) 64.86 68.00 69.05 69.08
Sungai Laur (13) 131.65 131.59 131.59 131.59
Simpang Hulu (12) 133.26 133.19 133.19 133.19
Marau (5) 173.68 173.68 173.68 173.68
Manis Mata (4) 82.45 83.29 83.38 83.39
Tumbang Titi (14) 86.37 85.97 85.67 85.51

Note: All FRP values are expressed in Megawatts (MW).

3.5 Interpolation of Fire Radiative Power (FRP)309

Before performing spatial interpolation, the forecasted FRP data were first evaluated to ensure310

compliance with the Kriging model assumptions. A visual inspection confirmed mean stationarity,311

while the Kolmogorov–Smirnov test indicated non-normality. Consequently, a logarithmic trans-312

formation was applied, successfully normalizing the data for geostatistical analysis. Subsequently,313

the spatial dependence structure was modeled using a semivariogram. The model selection314

process was based on the lowest Root Mean Square Error (RMSE) values, representing the best315

fit and highest estimation accuracy. The comparison of semivariogram models for each week is316

presented in Figure 7, which shows that all variogram models yielded the same RMSE value of317

0.08 across the four weeks.318
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(a) (b)

(c) (d)
Figure 7: Semivariogram model plots with RMSE value of 0.08 for each week: (a) Week 1 Exponential
model, (b) Week 2 Gaussian model, (c) Week 3 Gaussian model, and (d) Week 4 Gaussian model.

Therefore, spatial interpolation using Ordinary Kriging was conducted based on these models,319

and the resulting prediction maps are presented in Figure 8.320

(a) (b)

(c) (d)
Figure 8: Interpolated FRP forecast maps for October 2025 (a) first week, (b) second week, (c) third
week, and (d) fourth week
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The interpolated forecast maps for October indicate that there are no significant changes321

in spatial fire intensity patterns from the first to the fourth week. Overall, the predicted FRP322

distribution remains relatively stable throughout the month. However, in the fourth week, a323

slight decrease in FRP levels is observed in the Nanga Tayap and Sandai sub-districts, as reflected324

by the color transition from light green to a darker green shade (see Figure 8d). This subtle325

shift suggests a localized reduction in fire potential, while the general spatial configuration of fire326

activity remains consistent across the observed period. A comparative illustration of the initial327

map, the GSTAR forecast map, and the Kriging interpolation results can be seen in Figure 9.328

(a) (b) (c)
Figure 9: Comparison of spatial patterns: (a) actual FRP distribution, (b) Ilustration of GSTAR(1;1)
model prediction, and (c) interpolated prediction using Ordinary Kriging.

4 Conclusion329

This study successfully applied the GSTAR(1;1) and Ordinary Kriging methods to predict330

and visualize the spatial distribution of Fire Radiative Power (FRP) in Sanggau, Sekadau,331

and Ketapang Regencies. Using a spatial area-based approach, the model achieved optimal332

performance with a MAPE value of 12.63% and residuals that satisfied the white noise assumption,333

indicating good forecasting reliability. The prediction results for October 2025 show that the334

spatial fire intensity patterns remained relatively stable from the first to the fourth week. A minor335

decrease in FRP levels was observed in the Nanga Tayap and Sandai sub-districts during the final336

week, reflecting localized improvements in fire conditions. Overall, the integrated GSTAR–Kriging337

approach effectively captured both temporal and spatial patterns of FRP, making it a valuable338

tool for monitoring and managing fire risk in West Kalimantan. Furthermore, this integrated339

framework can support regional decision-making for wildfire management and environmental340

protection, providing a robust basis for preventive and mitigation strategies in fire-prone areas.341
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