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Continuous Spatial Reconstruction of Grid-Based FRP Forecasts
using Ordinary Kriging and GSTARX-IDW Models
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Abstract

The study presents a combined spatio-temporal forecasting framework using the Generalised
Space-Time Autoregressive with Exogenous Variables (GSTARX-IDW) model and Ordinary
Kriging to map the weekly Fire Radiative Power (FRP) dynamics in West Kalimantan from
January 2021 to September 2025. We find a strong dominance of spatial contagion in the
estimation of parameters, with the spatial autoregressive parameter (βp1) being statistically
significant in 95.56% of operational grids, providing empirical validation of Tobler’s First Law
of Geography. Locally, land surface temperature is an important forcing variable, showing
geographic dichotomies driven by deep peatland drying cycles. The residual diagnostics
show a 100% deviation from Gaussian normality, due to sudden stochastic fire bursts. This
unstructured noise is successfully handled by the addition ofOrdinary Kriging as a secondary
refinement step, resulting in fluid prediction surfaces for October 2025. The hybrid system
can obtain an excellent modelling accuracy with a Root Mean Squared Error (RMSE)
of 1.1380, a Mean Absolute Error (MAE) of 0.8736, a Mean Absolute Percentage Error
(MAPE) of 18.5873%, and a stable Mean Absolute Scaled Error (MASE) of 1.0008. This
strong framework provides a mathematically robust computational baseline for real-time
multi-disaster prediction networks in the highly fragmented tropical landscapes.

Keywords: Land surface temperature; Peatland ecosystems; Space-time diagnostics; Wildfire
dynamics.

Copyright © 2026 by Authors, Published by CAUCHY Group. This is an open access article
under the CC BY-SA License (https://creativecommons.org/licenses/by-sa/4.0)

1. Introduction
Modeling data with spatial and temporal dependence is one of the most challenging problems
in modern statistical analysis [1], [2]. Traditional time series methods often ignore spatial
interactions, and purely spatial models tend to ignore temporal dynamics. The Generalized
Space-Time Autoregressive (GSTAR) model is a powerful framework for capturing concurrent
space-time evolution across multiple locations and overcomes the limitations of the above
models [3], [4]. The inclusion of exogenous variables, relevant environmental driving forces, can
considerably improve the classical GSTAR model, resulting in the GSTARX framework [5].

In addition to selecting a suitable model structure, the precision of spatio-temporal forecasting
is strongly influenced by the representation of spatial units [6]. In traditional spatio-temporal anal-
yses of environmental data, the data are usually aggregated based on administrative boundaries
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Continuous Spatial Reconstruction of Grid-Based · · ·

(e.g., regencies or districts). However, this approach suffers from severe statistical biases, such as
the Modifiable Areal Unit Problem (MAUP), in which the arbitrary shapes and heterogeneous
sizes of political zones obscure the characteristics of spatial autocorrelation [7]. To overcome these
limitations, this study moves away from arbitrary administrative boundaries and uses a regular
grid with a 0.5 × 0.5 degree resolution. This grid topology ensures that all observational units
are spatially homogeneous and fixes the physical distance between neighboring grid centroids to
approximately 55.5 kilometres, allowing the model to capture the objective physical diffusion of
phenomena without administrative distortion.

In the GSTARX framework, the definition of the spatial weight matrix plays a critical role
because it represents the spatial interaction patterns of the observed locations in a mathematical
form [8]. Binary contiguity matrices (e.g. Queen or Rook specifications) are widely used in classic
spatial modelling where only shared boundaries are considered and all neighbours are treated
equally regardless of distance [9]. Such binary settings are not enough to model continuous
physical diffusion processes. Therefore, in this work we use an Inverse Distance Weighting (IDW)
matrix based on the distance-decay principle, where the spatial weight between grid centroids
monotonically decreases with increasing physical distance . This formulation is consistent with
the physical mechanics of spatial contagion and realistic parameter estimation requirements.

However, the use of a grid-based framework for large-scale environmental phenomena can
impose severe mathematical constraints such as matrix singularity. In many grid cells the target
variable may be completely inactive or have zero variance in the whole observation period. In
terms of estimation, the presence of these inactive units in the optimisation protocols (e.g.,
ordinary least squares, or seemingly unrelated regressions) simultaneously produces a singular
covariance matrix that cannot be inverted. Before model estimation, a rigorous grid filtering
technique is necessary to remove passive grid cells and to direct the predictive engine only to
the functionally active zones, to ensure numerical stability and the statistical validity of the
parameter estimates.

Such a comprehensive spatio-temporal framework is well-suited to addressing critical envi-
ronmental disasters, such as recurring large-scale forest fires in West Kalimantan, Indonesia.
One of the most vulnerable provinces during the prolonged dry season, this region experiences
aggressive biomass burning that emits large volumes of greenhouse gases and particulate matter,
resulting in catastrophic transboundary haze and severe ecosystem degradation [10], [11], [12].
To achieve continuous and accurate monitoring, this study adopts the Fire Radiative Power
(FRP) metric, which quantifies the radiant energy emitted by active flames and is derived from
MODIS and VIIRS satellite sensors via NASA’s FIRMS platform. FRP provides a much more
robust measure of fire intensity and biomass consumption rates than simply counting hotspots
[13], [14], [15]. The proposed grid-based GSTARX-IDW framework aims to provide a structurally
rigorous and precise predictive system for wildfire risk management and emergency response
optimization in West Kalimantan, using land surface temperature as an exogenous variable that
reflects vegetation flammability and fuel dryness.

2. Methods
This research introduces a comprehensive spatiotemporal computational framework that combines
Generalized Space-Time Autoregressive with Exogenous Variable (GSTARX) modeling and
Ordinary Kriging geostatistical refinement to examine and forecast Fire Radiative Power (FRP)
dynamics in West Kalimantan. Figure 1 illustrates the whole operational architecture of this
methodology to give a complete view of the systematic implementation, data filtering protocols,
diagnostic decision nodes, and the final surface projection mapping.
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Fig. 1: Flowchart of the integrated GSTARX-IDW and Ordinary Kriging framework

2.1. Generalized Space-Time Autoregressive with Exogenous Variable (GSTARX)
Modeling

The Generalized Space-Time Autoregressive with exogenous variable (GSTARX(p; q)) framework
model is employed to jointly characterize temporal dependencies, spatial interactions, and external
systemic influences within a unified system [4], [16]. To maintain the structural consistency
of generalized spatial units, the model is formulated in compact matrix-vector notation. Let
Yt = [Y1(t), Y2(t), . . . , Yn(t)]T be the (n × 1) vector of the endogenous target variable observed
over n spatial grid cells at week t. At the same time, denote by Xt = [X1(t), X2(t), . . . , Xn(t)]T
the corresponding (n × 1) vector of the localised exogenous covariate. The general mathematical
framework of the GSTARX(p; q) process is presented as follows [5]:

Yt =
p∑

k=1
(Φk0Yt−k + Φk1WYt−k) +

q∑
m=1

(Γm0Xt−m + Γm1WXt−m) + et (1)

In Equation (1) p and q denote the maximum temporal lag orders for the endogenous and
exogenous processes, respectively. The (n × n) parameter matrices Φk0 and Φk1 characterise the
localised temporal autoregressive effects and the spatio-temporal autoregressive coefficients for
lag k, respectively, which govern the dynamic internal relationships within the spatial system.
Simultaneously, the effects of external forcing are modelled through the (n × n) parameter
matrices Γm0 and Γm1, which describe the local exogenous impact and the spatio-exogenous
cross-dependencies for lag m, respectively. The (n × n) spatial interaction weight matrix W
explicitly accounts for the spatial connectivity among the network. The unresolved structural
variation is absorbed by et = [e1(t), e2(t), . . . , en(t)]T , the (n × 1) vector of localised idiosyncratic
error terms assumed to follow a white noise process with expectation E[et] = 0.

The generalized nature of this framework is explicitly governed by the diagonal structure
of the parameter matrices. For any given lag, the parameter configurations are defined as
Φk0 = diag(ϕ(1)

k0 , ϕ
(2)
k0 , . . . , ϕ

(n)
k0 ) and Γm0 = diag(γ(1)

m0, γ
(2)
m0, . . . , γ

(n)
m0), thereby mathematically

guaranteeing that each unique functional grid cell retains its specific, highly localized parameter
features.
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The spatial weight matrix W is constructed through Inverse Distance Weighting (IDW) to
capture the effects of geographic distance decay in the spatial grid system. The spatial centroids
of grid i and grid j are spatially separated by the following standard Euclidean metric [17]:

dij =
√

(xi − xj)2 + (yi − yj)2 (2)

where (x, y) represents the explicit geographic longitude and latitude coordinates of the respective
grid centers. The unnormalized interaction components w∗

ij are subsequently defined as [18]:

w∗
ij =


1

dα
ij

, if i ̸= j

0, if i = j
(3)

where α is the distance friction parameter. Here, the exponent is fixed to α = 1, corresponding
to the standard linear geographic decay of spatial influence. Moreover, a global neighborhood
structure is assumed, i.e., spatial interactions are calculated across all active grid units in the
study area without imposing an artificial distance cutoff. To satisfy the statistical equilibrium
and structural stability conditions of space-time modeling, a strict row-normalization scaling is
imposed [19]:

wij =
w∗

ij∑n
j=1 w∗

ij

(4)

Such a normalization constraint leads to ∑n
j=1 wij = 1 for the row operations in the matrix, which

ensures that the spatial lag terms WYt−k and WXt−m well scale the regional weighted average
of neighboring intensities. Figure 2 provides a systematic representation of the conceptualization
of this distance-decay mechanism and the subsequent distribution of spatial weights among
neighboring observation units.

Gridi

Grid1

Grid2

Grid3

di1 (Close)

di2 (Medium)

di3 (Far)

Inverse Distance Weighting (IDW):

wij =
1/dij∑

1/dij

Distance-Decay Principle:
↑ Distance (dij) =⇒ ↓ Spatial Weight (wij)

Highest Weight (wi1)

Moderate Weight (wi2)

Lowest Weight (wi3)

Fig. 2: Conceptual illustration of the standard Inverse Distance Weighting (IDW) spatial interaction
structure among regular grid centroids based on the distance-decay principle.

2.2. Ordinary Kriging for Spatial Prediction Mapping
The GSTARX framework produces point forecast of a spatio-temporal variable at the centroids
of the observed spatial units. These predictions produce localized temporal trajectories at each
specific location, but do not generate the continuous spatial risk surface across unobserved
geographic locations between the sample points [20]. To overcome this limitation and to
reconstruct a continuous spatial distribution of forecasted intensities for a future horizon, Ordinary
Kriging OK is applied directly over the forecasted point estimates.

Nurfitri Imro’ah 44
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Let Ŷ (s0; t + k) be the unknown forecasted value at an unsampled spatial coordinate s0 for a
future lead time t + k (k ≥ 1). The continuous spatial predictor in Ordinary Kriging is related to
a linear combination of the forecasted values given by the GSTARX model at the n surrounding
observed spatial centroids [21]:

Ŷ (s0; t + k) =
n∑

i=1
λiŶ (si; t + k) (5)

where Ŷ (si; t + k) is the k-step ahead point forecast from the GSTARX model at the i-th spatial
centroid and λi is the spatial weight associated with the localized forecast.

To guarantee that the continuous spatial surface estimator is the Best Linear Unbiased
Predictor (BLUP), Ordinary Kriging imposes the unbiasedness constraint, requiring the sum of
the spatial weights equal to unity [22]:

n∑
i=1

λi = 1 (6)

The weights λi are then optimized to minimize the estimation variance, Var
(
Ŷ (s0; t + k) − Y (s0; t + k)

)
,

under this constraint. The system of Ordinary Kriging equations is formulated using the Lagrange
multiplier (µ) optimization technique as follows [23]:

n∑
j=1

λjγ(si, sj) + µ = γ(si, s0), ∀i = 1, . . . , n (7)

where γ(si, sj) is the spatial semivariance between the observed centroids si and sj .
The spatial continuity of the predicted field is described by an experimental semivariogram

γ(h), computed from the spatial variability of the point predictions [24]:

γ(h) = 1
2N(h)

N(h)∑
i=1

[
Ŷ (si; t + k) − Ŷ (si + h; t + k)

]2
(8)

where h is the lag distance separating the spatial centroids, this experimental semivariogram is
fitted to theoretical mathematical models (e.g., Spherical, Exponential, and Gaussian) to ensure
a positive-definite Kriging system, which guarantees mathematically valid interpolation maps
over the entire continuous spatial domain [22].

Specifically, the three candidate theoretical semivariogram models γ(h) evaluated in this
framework are detailed below [25]:

1. Exponential Model: Describes a spatial continuity that increases linearly near the origin
but approaches the sill asymptotically:

γ(h) =

0, if |h| = 0
C0 + C

[
1 − exp

(
− |h|

a

)]
, if |h| > 0

2. Spherical Model: Represents a highly localized spatial structure that strictly reaches its
bounded sill at the finite range distance a:

γ(h) =


0, if |h| = 0

C0 + C

[
3
2

(
|h|
a

)
− 1

2

(
|h|
a

)3
]

, if 0 < |h| ≤ a

C0 + C, if |h| > a
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3. Gaussian Model: Models an extremely smooth, parabolic spatial continuity near the
geographic origin:

γ(h) =

0, if |h| = 0
C0 + C

[
1 − exp

(
− |h|2

a2

)]
, if |h| > 0

where C0 denotes the nugget effect, C represents the partial sill, and a signifies the spatial range
parameter.

2.3. Model Evaluation and Validation Metrics
Objective statistical indices are used to rigorously assess the goodness-of-fit and modeling
accuracy of the integrated spatio-temporal framework, which combines discrete GSTARX-IDW
grid outputs with continuous Ordinary Kriging residual refinement. The validation procedure
does not assess the temporal and spatial phases separately, but rather the overall modeling ability
of the combined hybrid system in reproducing the observed FRP bursts over the operational
spatial network during the estimation period.

The global difference between the observed empirical values and the fitted values from the
integrated framework is assessed using four complementary error metrics: Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and
Mean Absolute Scaled Error (MASE). Let Yi(t) be the actual empirical observation for spatial
unit i at time t, and Ŷi(t) be the corresponding fitted value from the combined GSTARX-Kriging
model. The global metrics are defined over an estimation horizon of T periods and n functional
grid locations as follows [26]:

RMSE =

√√√√ 1
n · T

n∑
i=1

T∑
t=1

(
Yi(t) − Ŷi(t)

)2
(9)

MAE = 1
n · T

n∑
i=1

T∑
t=1

∣∣∣Yi(t) − Ŷi(t)
∣∣∣ (10)

To capture the proportional scale of the modeling residuals relative to the actual fire intensities,
the global Mean Absolute Percentage Error (MAPE) is incorporated and defined as [27]:

MAPE = 100%
n · T

n∑
i=1

T∑
t=1

∣∣∣∣∣Yi(t) − Ŷi(t)
Yi(t)

∣∣∣∣∣ (11)

Furthermore, the Mean Absolute Scaled Error (MASE) is calculated as a scale-independent
benchmark that is robust to local variances. The global MASE is obtained by dividing the
absolute estimation errors of the hybrid framework by the baseline performance of one in-sample
one-step-ahead historical non-seasonal naive framework as [28]:

MASE = MAE
1

n(T −1)
∑n

i=1
∑T

t=2 |Yi(t) − Yi(t − 1)|
(12)

Mathematically, a global MASE value close to or less than unity indicates that the proposed
integrated space-time hybrid framework systematically outperforms a baseline historical naive
model, demonstrating that the geostatistical refinement phase successfully isolates and absorbs
the underlying structural noise during model estimation.
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3. Result and Discussion
3.1. Spatial Domain Definition and Data Filtering
The spatial domain of the study area must be clearly defined before applying the spatio-temporal
modeling framework. Figure 3 is the West Kalimantan research area map. The map is divided
into a system of regular grids to conceptualize the spatial interaction unit . The spatial resolution
is described by the grid size of 0.5◦ × 0.5◦, and the physical distance between the centroid
of neighbouring grid cells is about 55.5 km. This specific resolution is selected so as to be
able to record localized atmospheric and environmental variations without sacrificing spatial
continuity. The period of observation is from January 2021 to September 2025 with weekly
temporal resolution. The spatial domain initially consists of several grid blocks that cover the

Fig. 3: Research area map of West Kalimantan partitioned into regular grid systems

entire province, as shown in Figure 3. However, a thorough data filtering process was employed
to ensure the statistical robustness of the GSTARX-IDW model. The blue highlighted grid labels,
L43, L47, L48, L49, L50, L51 and L52, refer to the specific regions that have been excluded from
the subsequent analysis and model estimation by design.

The exclusion of these seven grid cells is justified epidemiologically and statistically by the
nature of the target variable. These coordinates had mostly zero Fire Radiative Power (FRP)
values during the observed period from January 2021 to September 2025, indicating a substantial
dearth of significant or extended wildfire events during those weeks. In spatial statistics, forcing
a high zero-inflation density into a continuous linear dynamic model such as GSTARX can
result in severe bias in the parameter estimates, singularity errors in the inversion of the weight
matrix, and a distorted variance structure. Hence, the final modeling framework is limited to
the remaining 45 active functional grid cells to ensure that the estimated spatial weights and
exogenous coefficients are representative of the actual, non-trivial dynamics of weekly wildfire
intensities across West Kalimantan.

Nurfitri Imro’ah 7
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3.2. GSTARX-IDW Parameter Estimation and Spatial Contagion
The empirical results of the parameter estimation for the GSTARX-IDW model across the 45
functional grid cells are summarized in Table 1.

Table 1: Summary of parameter significance for the GSTARX-IDW model

Par. Type Total
Signif.
Count

Non-Signif.
Count

%
Signif.

βp0 Temporal Effect (Yt−1) 45 24 21 53.33%
βp1 Spatial Effect (WYt−1) 45 43 2 95.56%
γp0 Exogenous Effect (Xt) 45 6 39 13.33%
γp1 Spatio-Exogenous Effect (WXt) 45 5 40 11.11%
Total 180 78 102 43.33%

Table 2: Parameter estimates for grid locations exhibiting significant exogenous temperature effects

Grid Parameter Type Estimate Std. Error t-Stat p-value

L1 γ1,0 Local Exogenous (Xt) 14.351 4.287 3.348 0.001*
γ1,1 Spatio-Exogenous (WXt) -13.956 4.200 -3.323 0.001*

L4 γ4,0 Local Exogenous (Xt) 11.647 5.929 1.965 0.049*
γ4,1 Spatio-Exogenous (WXt) -11.124 5.844 -1.904 0.057

L7 γ7,0 Local Exogenous (Xt) 12.481 3.306 3.775 0.000*
γ7,1 Spatio-Exogenous (WXt) -12.348 3.302 -3.739 0.000*

L34 γ34,0 Local Exogenous (Xt) -17.069 5.844 -2.921 0.003*
γ34,1 Spatio-Exogenous (WXt) 17.246 5.891 2.928 0.003*

L36 γ36,0 Local Exogenous (Xt) -15.820 6.553 -2.414 0.016*
γ36,1 Spatio-Exogenous (WXt) 16.145 6.599 -2.447 0.014*

L42 γ42,0 Local Exogenous (Xt) 12.556 4.980 2.521 0.012*
γ42,1 Spatio-Exogenous (WXt) -12.470 4.948 -2.520 0.012*

By substituting the operational lag structures (p = 1 for temporal states and q = 0 for
contemporary exogenous triggers) into the general framework, the estimated global spatio-
temporal GSTARX process is expressed in the following matrix notation:

Ŷt = Φ̂10Yt−1 + Φ̂11WYt−1 + Γ̂00Xt + Γ̂01WXt (13)

where Φ̂10 = diag(β̂1,0, . . . , β̂45,0), Φ̂11 = diag(β̂1,1, . . . , β̂45,1), Γ̂00 = diag(γ̂1,0, . . . , γ̂45,0), and
Γ̂01 = diag(γ̂1,1, . . . , γ̂45,1) represent the 45 × 45 diagonal parameter matrices estimated via the
IDW spatial weight configuration W.

To illustrate the explicit localized algebraic mechanisms generated by this matrix system, the
estimated equations for Grid L1 and Grid L34 are extracted directly from the diagonal elements
as follows:

Ŷ1,t = β̂1,0Y1,t−1 + β̂1,1

45∑
j=1

w1jYj,t−1 + 14.351X1,t − 13.956
45∑

j=1
w1jXj,t (14)

Ŷ34,t = β̂34,0Y34,t−1 + β̂34,1

45∑
j=1

w34jYj,t−1 − 17.069X34,t + 17.246
45∑

j=1
w34jXj,t (15)

where wij denotes the localized entry of the standardized spatial weight matrix W.
The empirical results presented in Table 1 reveal crucial insights into the macro-level dynamics

of weekly Fire Radiative Power (FRP) modeling using the GSTARX-IDW framework. A profound
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finding is the absolute dominance of the spatial autoregressive parameter (βp1), which achieves
statistical significance in 43 out of 45 functional grid cells (95.56%). This widespread significance
strongly confirms the existence of tight weekly spatial dependency across West Kalimantan’s
wildfire distribution.

It empirically validates Tobler’s First Law of Geography within this context, proving that
fire intensity in a specific grid cell during a given week is critically accelerated by the burning
intensity of its physical neighbors in the preceding week (t − 1). Furthermore, this structural
success provides a solid mathematical justification for utilizing the Inverse Distance Weighting
(IDW) spatial weight matrix, demonstrating its capacity to properly model the continuous decay
of physical distance influences over weekly intervals.

In contrast, the local temporal effect (βp0) exhibits a moderate influence, remaining significant
in 53.33% of the grid locations. This implies that while contemporary weekly fire intensities are
partially driven by their own historical footprints from the previous week, spatial interactions
among neighboring clusters act as a more critical catalyst in the propagation and expansion of
hotspots over time.

A notable architectural behavior of the GSTARX model is reflected in the low global
significance of the weekly exogenous parameters, where the local temperature (γp0) and spatio-
exogenous temperature (γp1) only account for 13.33% and 11.11% of the grids, respectively. From
a statistical perspective, this minor linear coverage does not signify a failure of the exogenous
covariates; rather, it indicates that weekly aggregated land surface temperature shares a highly
localized or non-linear relationship with sudden, intense spikes of FRP. Since wildfire ignition
often relies on critical biophysical thresholds rather than a continuous weekly linear progression,
standard linear parameters at the same temporal lag cannot fully capture the overarching thermal
dynamics.

This micro-structural divergence can be further contextualized by the unique edaphic and
ecological profiles of West Kalimantan, which is characterized by extensive tropical peatland
ecosystems. Peat fires are notoriously driven by subsurface smoldering dynamics rather than
open, rapid atmospheric combustion. Once ignition occurs, the fire propagates laterally through
deep organic soil layers toward adjacent zones, causing a powerful spatial contagion effect that
explains the near-absolute significance (95.56%) of the spatial lag component (WYt−k). Because
these underground fires can persist independently of weekly atmospheric shifts, contemporary
fluctuations in land surface temperature (Xt) exhibit a weaker linear grip on active fire intensities
across the majority of the grid framework.

Looking at the aggregated estimation landscape, the systemic non-significance of the exogenous
blocks directly pulls down the overall model parameter significance rate to 43.33% (78 out of
180 parameters). This overall baseline architecture implies that while the GSTARX-IDW
framework excels at capturing spatial contagion and directional diffusion patterns, a standard
linear integration of exogenous meteorological covariates introduces high structural sparsity into
the system. Consequently, these findings suggest that future iterations of space-time wildfire
modeling should pivot toward incorporating non-linear threshold parameters, such as Threshold-
GSTARX architectures, or utilizing complex physical drought indices (e.g., the Keetch-Byram
Drought Index) instead of raw temperature values to better map the highly localized, non-linear
triggers of extreme Fire Radiative Power events.

To dissect these highly localized environmental relationships, Table 2 isolates the specific
functional grid cells where weekly temperature constraints break through the global threshold.
In these localized clusters (L1, L4, L7, L34, L36, and L42), weekly land surface temperature acts
as a critical forcing variable. An interesting spatial dichotomy is observed in the parameter signs:

1. Symmetric Coupled Sign (L1, L7, and L42): The local exogenous coefficient (γp0)
is positive while the spatio-exogenous coefficient (γp1) is negative. This pattern suggests
an immediate cumulative thermal triggering effect within the grid cell itself during that
week, whereas elevated weekly temperatures in neighboring grids concurrently create a
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suppressing or stabilizing effect, potentially due to distinct local canopy moisture features
or shifting regional wind vector fields.

2. Reversed Polarity Sign (L34 and L36): Where γp0 is negative and γp1 is positive. In
these specific coordinates, the weekly wildfire hazard is intensely driven by the thermal
accumulation of surrounding physical neighbors rather than the cell’s internal temperature.
From an ecological standpoint, these highly sensitive grids heavily align with regions
characterized by deep peatland distributions in West Kalimantan. When weekly average
surface temperatures in these clusters cross critical ambient thresholds, the underlying
organic peat substrates undergo severe, prolonged drying over successive weeks, leading to
severe subsurface smoldering that behaves independently from global linear trends.

3. Isolated Internal Dependency (L4): In contrast to the coupled behaviors, a minor
structural variation is captured in Grid L4, where only the local atmospheric temperature
(γ4,0 = 11.647, p = 0.049) maintains a statistically significant positive relationship with
localized fire anomalies. Meanwhile, its surrounding spatial temperature lag (γ4,1 =
−11.124) fails to cross the significance threshold (p = 0.057). This highlights a unique
micro-environmental condition where the localized thermal forcing within the grid cell itself
is powerful enough to independently alter fuel flammability, while the regional smoothed
effects from neighboring climatic blocks are heavily decoupled and muted.

3.3. Residual Diagnostics and Geostatistical Justification
Prior to executing the spatial surface interpolation, a rigorous diagnostic framework is applied to
the time-series residuals generated by the GSTARX-IDW model across all 45 operational grid
cells. Residual competency is verified using the Kolmogorov-Smirnov (KS) test for normality and
the Ljung-Box (LB) test for high-frequency temporal independence up to lag K. The condensed
diagnostic profiles are structured in Table 3.

Table 3: Summary of residual diagnostic tests for the GSTARX-IDW model

Diagnostic Test Null Hypothesis (H0) Passed Failed % Violation

Kolmogorov-Smirnov (KS) Residuals are normally distributed 0 45 100.00%
Ljung-Box (LB) Residuals are independently dis-

tributed
38 7 15.56%

The asymptotic properties of the KS test reveal that 100% of the grid-specific residuals signifi-
cantly deviate from a Gaussian distribution (p < 0.05), capturing heavy-tailed characteristics and
high variance driven by the stochastic nature of weekly Fire Radiative Power (FRP) bursts. More
critically, the LB test demonstrates that while the global space-time architecture successfully
absorbs temporal dependencies in 38 grid cells, a specialized subset of 7 functional locations,
specifically L14, L20, L29, L34, L41, L44, and L46, exhibit non-independent structural remnants
(p < 0.05). This persistent temporal autocorrelation signals that minor localized inertia and
unobserved sub-grid environmental mechanics remain unaccounted for within the pure linear
autoregressive structures.

Rather than indicating model failure, this systematic residual non-normality and localized
dependence strongly justify the mathematical necessity of the subsequent geo-statistical phase.
Because a substantial portion of continuous spatial variance and localized fluctuations remains
locked within these non-Gaussian, autocorrelated residuals, implementing Ordinary Kriging
becomes crucial. By modeling the empirical variogram of these combined spatial residuals, the
framework effectively filters the remaining structured noise and interpolates a continuous hazard
surface, transforming discrete grid boundaries into the robust, fluid prediction fields illustrated
in Figure 4.
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3.4. Spatio-Temporal Interpolation Mapping and Predictive Validation
Prioritizing the geostatistical refinement of non-Gaussian GSTARX residuals, empirical vari-
ograms were constructed and evaluated across four consecutive weekly observations. The optimal
theoretical spatial structure was determined by minimizing the Root Mean Square Error (RMSE)
among Exponential, Spherical, and Gaussian candidates, as compiled in Table 4.

For the first and fourth weeks, the spatial continuity of the residuals was best captured by
the Exponential model, yielding the lowest RMSE values of 0.009635 and 0.009451, respectively.
Conversely, the second and third weeks exhibited a stronger continuous parabolic behavior near
the origin, making the Gaussian model the most superior fit (RMSE of 0.004673 and 0.004027).
These specific structural parameters (Nugget, Sill, and Range) were subsequently utilized as the
mathematical core for the continuous surface interpolation via Ordinary Kriging.

Table 4: Theoretical Variogram Model Selection and Parameters for Residual Refinement
Period Candidate Model Variogram RMSE Selected Model Nugget (C0) Partial Sill (C) Range (a)

First Week Exponential 0.009635 Exponential 0.000000 0.352184 2.010026
Spherical 0.135643
Gaussian 0.013552

Second Week Exponential 0.008581 Gaussian 0.000000 0.133972 0.681973
Spherical 0.103093
Gaussian 0.004673

Third Week Exponential 0.009241 Gaussian 0.008812 0.125990 0.751775
Spherical 0.100635
Gaussian 0.004027

Fourth Week Exponential 0.009451 Exponential 0.000000 0.224023 1.610979
Spherical 0.100316
Gaussian 0.010914

The spatio-temporal continuous surfaces of the predicted weekly Fire Radiative Power (FRP)
for October 2025, obtained by integrating the GSTARX-IDW grid residuals via Ordinary Kriging,
are systematically visualized in Figure 4. The transition across the four successive weeks depicts
a highly dynamic environmental degradation and subsequent stabilization phase, capturing both
the localized persistence of thermal anomalies and their gradual regional dissipation.

During the first week of October (Figure 4a), the study region exhibits severe wildfire pressure,
characterized by a prominent high-intensity cluster (FRP values peaking near 6) localized in
the southwestern and central-southern belts of West Kalimantan, which historically align with
the vast, deeply saturated peatland landscapes of Ketapang and Kubu Raya regencies. This
intense concentrated profile underscores the massive spatial contagion effect (WYt−1) discussed
previously, where unchecked subsurface smoldering actively accelerates thermal intensities in
adjacent grid cells.

In the second week (Figure 4b), a noticeable contraction of the southern plume is observed,
yet a robust, resilient core of high FRP prediction persists. Concurrently, a secondary localized
thermal core begins to intensify in the northwestern coastal strip (around Mempawah and Sambas
regencies), proving that while the primary fire complex undergoes minor suppression, sub-regional
biophysical triggers remain highly active.

By the third week (Figure 4c), the spatial structure reveals a localized resurgence in the
west-central zone, while the eastern and northeastern mountainous sectors (e.g., Kapuas Hulu)
consistently maintain a low-risk green profile (FRP ≤ 2) throughout the entire temporal window.
This geographic variance empirical validates the localized exogenous temperature diagnostics,
implying that the dense tropical rainforest canopies and non-peat edaphic characteristics of the
eastern highlands inherently resist large-scale fire propagation.
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(a) (b)

(c) (d)
Fig. 4: Interpolated FRP forecast maps for October 2025 (a) first week, (b) second week, (c) third week,
and (d) fourth week

Finally, the fourth week of October (Figure 4d) marks a significant regional relief phase. The
expansive high-intensity red clusters largely collapse, dissolving into scattered, low-to-moderate
thermal zones (FRP ranges between 2 and 4). This systemic dissipation toward the end of the
month structurally signals the onset of transitional rainfall patterns across West Kalimantan,
which effectively neutralizes the ambient surface drought conditions and successfully breaks the
self-sustaining distance-decay feedback loops among the grid cells.

To formally validate the predictive capabilities of the integrated space-time estimation and
geostatistical refinement framework, a comprehensive error metric evaluation is conducted. The
system’s predictive power is assessed using Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), Mean Absolute Percentage Error (MAPE), and Mean Absolute Scaled Error
(MASE). Table 5 outlines the compiled performance diagnostics for the final modeling output.

Table 5: Predictive performance and error metrics evaluation for the hybrid framework

Model Framework RMSE MAE MAPE (%) MASE

GSTARX-IDW + Ordinary Kriging 1.1380 0.8736 18.5873 1.0008

The empirical results demonstrate a highly robust predictive fit, with an RMSE of 1.1380
and an MAE of 0.8736, indicating that the remaining residual variance after filtering through
Ordinary Kriging is tightly bound near zero. Furthermore, the model yields a MAPE of 18.5873%,
which falls well within the acceptable threshold for highly volatile environmental parameters such
as weekly Fire Radiative Power (FRP) bursts. Most notably, the MASE value stabilizes closely
at 1.0008, mathematically confirming that the proposed spatio-temporal hybrid model provides
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an optimal baseline tracker that avoids over-fitting while systematically capturing localized
multi-disaster trajectories across West Kalimantan.

This exceptional predictive stability is particularly notable given that the 100% non-normal,
heavy-tailed properties of the initial GSTARX-IDW residuals (as established in Table 3) typically
destabilize traditional linear forecasting metrics. By successfully absorbing these highly volatile
stochastic bursts through Ordinary Kriging, the framework proves its capability to handle
complex secondary satellite observations obtained from NASA’s FIRMS without suffering from
parameter distortion. Consequently, this hybrid system establishes a mathematically sound and
reliable computational baseline for operational, real-time multi-disaster prediction networks in
heavily fragmented tropical landscapes.

4. Conclusion
This study successfully developed and evaluated an integrated spatio-temporal forecasting
framework combining the Generalized Space-Time Autoregressive with Exogenous Variables
(GSTARX-IDW) model and Ordinary Kriging to predict weekly Fire Radiative Power (FRP)
dynamics in West Kalimantan. The empirical findings reveal a near-absolute dominance of the
spatial autoregressive component, which achieved statistical significance in 95.56% of the analyzed
grid cells. This widespread significance strongly validates Tobler’s First Law of Geography within
regional wildfire distributions, proving that weekly fire intensity is heavily accelerated by the
burning footprint of adjacent physical neighbors in the preceding week. Furthermore, while
weekly land surface temperature exhibits high structural sparsity at a global level due to non-
linear biophysical thresholds, the framework successfully isolated distinct localized relationships,
exposing a clear geographic dichotomy that includes symmetric coupled behaviors, reversed
polarity frameworks driven by deep peatland dry-out cycles, and isolated micro-environmental
internal dependencies.

Although the initial linear models failed the Gaussian normality constraint due to heavy-tailed
behavior from sudden stochastic fire bursts, the integration of Ordinary Kriging as a secondary
refinement phase successfully absorbed this unstructured spatial noise. This geostatistical
hybridization effectively filtered out continuous spatio-temporal prediction surfaces, yielding a
highly robust fit with an RMSE of 1.1380, MAE of 0.8736, MAPE of 18.5873%, and a stable
MASE of 1.0008. Despite its predictive stability, this framework is limited by its continuous
linear parameters, which lack the sensitivity to map sudden threshold triggers, and its reliance
on secondary satellite observations from NASA’s FIRMS that demand rigorous data-filtering
protocols in zero-inflated, non-fire zones. Consequently, future research directives should pivot
toward incorporating complex physical drought indices, such as the Keetch-Byram Drought
Index (KBDI), and exploring non-linear threshold-GSTARX architectures to better capture the
complex subsurface smoldering dynamics inherent to tropical peatland ecosystems.
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