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Abstract

This paper proposes a negative binomial conditional autoregressive generalized random
forest model for overdispersed spatial count data. The framework combines a flexible
nonparametric mean function estimated via generalized random forests with conditional
autoregressive spatial random effects under a negative binomial likelihood. We evaluate
the proposed method through a simulation study and an empirical application to satellite-
derived wildfire hotspot counts in Kalimantan, Indonesia (September 2024), using rainfall,
air temperature, relative humidity, wind speed, and the number of rainless days as covari-
ates. Across simulation scenarios, negative binomial conditional autoregressive generalized
random forest yields lower prediction errors than the benchmark negative binomial con-
ditional autoregressive random forest. In the Kalimantan application, the model achieves
a root mean squared error of 3.64 and a mean absolute error of 2.11 hotspots per grid
cell. Variable importance analysis indicates that air temperature is the most influential
predictor of the spatial distribution of hotspots.

Mathematics Subject Classification (2020). 62M30, 62P12, 62H11
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1. Introduction

Modelling overdispersed count data, where the variance exceeds the mean, often requires
distributional choices and inferential procedures beyond the classical Poisson framework.
In many applied contexts, including public health, insurance, ecology, and disaster risk,
the negative binomial (NB) distribution is widely adopted because it introduces a disper-
sion parameter and provides a more realistic likelihood for overdispersed outcomes. Recent
empirical evaluations report that NB models and their extensions, including zero-inflated
variants, frequently outperform Poisson models when overdispersion and zero inflation are
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pronounced, in both simulations and real-world studies. These findings underscore that
selecting a likelihood consistent with the underlying data-generating process is fundamen-
tal for estimation stability and predictive accuracy in count-data modelling [2, 16,29, 30].
Such characteristics are common in satellite-derived wildfire hotspot counts used for early
warning and risk mapping.

Many count processes are also spatially structured, in the sense that observations in one
location tend to be influenced by neighbouring areas through shared environmental, so-
cial, or physical mechanisms. Ignoring spatial dependence can bias inference and degrade
prediction, particularly when residual correlation remains after controlling for observed
covariates. Conditional autoregressive (CAR) models offer a principled approach for rep-
resenting structured areal random effects, and modern formulations based on Gaussian
Markov random fields are widely used for areal and spatio-temporal settings [21]. Recent
methodological developments have extended CAR models to NB outcomes, including for-
mulations with constant or spatially varying dispersion, enabling more realistic modeling
of local nonstationarity in spatial count data [3,10,16]. Reviews in spatial epidemiology
and related fields likewise emphasize that spatial components are essential for mapping,
cluster detection, and prediction in spatial count models [25,32].

Hierarchical CAR-based models are effective in capturing residual spatial correlation.
In contrast, machine-learning methods such as random forests (RF) [6] excel at learning
nonlinear relationships and complex interactions between covariates. However, standard
RF assumes conditionally independent observations and does not explicitly account for
spatial autocorrelation. Consequently, conventional random cross-validation can yield
overly optimistic performance estimates when spatial dependence is present, motivating
spatially aware validation strategies and hybrid algorithms that combine flexible learners
with explicit spatial structure [11,17,24,26]. In this line of work, iterative frameworks
have been proposed that alternate between a forest-based mean function and a CAR-type
spatial effect to absorb residual dependence while preserving nonlinearity in the covariate—
response relationship [20].

In the specific context of overdispersed spatial count data, Azis et al. [5] proposed
the negative binomial conditional autoregressive random forest (NBCAR-Forest) model
to predict wildfire hotspot counts in Kalimantan. This framework combines an NB likeli-
hood to accommodate overdispersion, a CAR component to represent spatial dependence,
and an RF engine to capture nonlinearities and interactions. Although NBCAR-Forest
demonstrated promising performance, the study also reported practical challenges, includ-
ing a tendency toward overestimation under specific configurations and sensitivity to the
choice of spatial validation scheme. These limitations motivate further methodological
development to enhance robustness, mitigate systematic prediction bias, and strengthen
inferential reliability for the spatial prediction of overdispersed counts.

A complementary strand of research addresses spatial heterogeneity through localized
learning, such as geographically weighted random forest approaches. However, these meth-
ods typically do not represent residual spatial autocorrelation through CAR-type priors
and are less developed for NB count likelihoods [11,18,27]. More broadly, existing NB—
CAR—forest hybrids rely on standard RF, which is primarily predictive and can be sensi-
tive to validation design and tuning. This leaves a gap for a likelihood-consistent forest
component with a clearer inferential target within an NB-CAR framework.

Motivated by this gap, we use the generalized random forest (GRF) framework [4].
GRF generalizes standard forests by targeting parameters defined through local moment
conditions and provides a formal basis for asymptotic inference under suitable regularity
conditions [4]. This inferential structure makes GRF a natural candidate for strengthening
the learning component within an NB-CAR hybrid model.

Consequently, we propose the negative binomial conditional autoregressive generalized
random forest (NBCAR-GRF) model. The proposed approach integrates three elements:
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an NB likelihood for overdispersed counts, CAR spatial random effects to account for resid-
ual areal dependence, and a GRF-based mean function to capture nonlinear predictor—
response relationships and complex interactions. Relative to NBCAR-Forest, the key
methodological change is replacing the RF component with GRF to enhance the flex-
ibility of the estimated mean structure and to provide a clearer inferential foundation
for the forest-based component [4—6]. Unlike standard RF, GRF targets parameters de-
fined through local moment conditions, making the forest component explicitly parameter-
seeking rather than purely predictive. This aligns naturally with the likelihood-based NB—
CAR layer because the mean structure can be updated through well-defined estimating
equations, while the CAR component retains residual spatial dependence [4—6].

To our knowledge, this is the first study to integrate GRF with a likelihood-based NB—
CAR model for overdispersed spatial count data within an iterative hybrid estimation
framework. Integrating a flexible forest learner with a spatial random-effects model is
non-trivial: joint estimation can be sensitive to tuning and stopping criteria, and care
is needed to prevent the forest component from absorbing structured spatial signal that
should be captured by the CAR. We therefore design the algorithm and validation strategy
to balance nonlinear learning with explicit spatial dependence modelling.

The specific objectives of this study are:

e to develop the NBCAR-GRF framework and an estimation procedure that couples
a GRF mean function with NB-CAR spatial random effects for overdispersed areal
counts;

e to evaluate predictive performance and numerical stability against NBCAR-Forest
under controlled simulation scenarios with varying spatial autocorrelation and dis-
tributional settings; and

e to demonstrate the proposed model on Kalimantan wildfire hotspot counts using
ERAS5 meteorological covariates and to assess key predictors of spatial variation in
predicted hotspots.

To evaluate NBCAR-GRF, the study comprises two components. First, a simulation
study systematically varies the sample size, strength of spatial autocorrelation, feature
variability, distributional settings, and the magnitude of spatial random effects. This
design enables a direct comparison between NBCAR-GRF and the benchmark NBCAR-
Forest under controlled scenarios that reflect realistic data conditions. Second, an empiri-
cal application focuses on satellite-derived wildfire hotspot counts in Kalimantan, Indone-
sia, for September 2024. Covariates include rainfall, air temperature, relative humidity,
wind speed, and the number of rainless days derived from the ERA5 reanalysis of the
European Centre for Medium-Range Weather Forecasts (ECMWF). ERA5 is widely used
in atmospheric and hydrometeorological applications and provides near-real-time updates
[13]. The remote-sensing literature on Kalimantan indicates that wildfire hotspot dynamics
are strongly linked to climate anomalies and land use and land cover patterns, supporting
the use of meteorological covariates to model spatial variation in wildfire hotspot counts
[8,12,28]. These meteorological drivers also exhibit spatial structure and jointly influence
fuel moisture and fire-spread potential, further motivating their use in a spatial modelling
framework. By improving spatial prediction of wildfire hotspot counts for monitoring and
early warning, this work also supports Sustainable Development Goal 13 on climate action
through strengthened climate-related risk information.

Figure 1 provides an overview of the NBCAR-GRF framework, highlighting the novel
components and main outputs. The remainder of this article is organized as follows. Sec-
tion 2 presents the NBCAR-GRF methodology, including estimation and validation pro-
cedures. Sections 3 and 4 report simulation results and empirical findings for Kalimantan
wildfire hotspots. Section 5 provides discussion and concluding remarks.
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2. Methods

Figure 1 summarizes the overall NBCAR-GRF workflow. The model integrates three
components within an iterative scheme: (i) a negative binomial likelihood for overdispersed
counts, (ii) CAR-based spatial random effects (estimated via INLA), and (iii) a GRF mean
function to capture nonlinear covariate effects. The highlighted block in the figure indicates
the novel GRF-NB—CAR coupling that differentiates NBCAR-GRF from NBCAR-Forest.
Model performance is evaluated using RMSE and MAE.
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Figure 1. Overview of the NBCAR-GRF framework. Dashed boxes highlight
the novel components, while the right panel summarises the main outputs and
contributions.

2.1. Model formulation

Following [5], we model the count response Yj observed in areal unit k, for k =
1,2,..., K. Let z; € RP denote the covariate vector at location k. We assume a neg-
ative binomial model with mean p; > 0 and dispersion (size) parameter § > 0, written as
Y} ~ NegBin(ug,#). Under this parameterization,

E(Y;) = e, Var(Yy) = m:(l 4 ’“é’“) ,

which explicitly accommodates overdispersion.
Using a log link, the linear predictor is

log (i) = 1 = 4, B+ Bis (2.1)

where [ is a regression parameter vector and ¢ is a CAR-type spatial random effect
capturing residual dependence among neighbouring areal units. In [5], a decorrelated
response is constructed to remove ¢, from the learning target. In this study, we adopt
an IRLS-based working-response construction tailored to the negative binomial likelihood
and perform decorrelation by subtracting the spatial-effect estimate from the previous
iteration.

2.2. Negative binomial likelihood and TRLS-based working response

Let yi be a realisation of Yj. Using NB(ug, ) parameterisation with

0
BCE

Dk € (07 1)7
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the probability mass function can be written as

Iwyk+—9>( i >yk( 0 >9
Pr(Y; = .0) = : =0,1,2,.... (2.2
r(Ye = yk | 1, 0) PO ol \0+ ik FE— Yk (2:2)
The log-likelihood contribution from location k is
Iy +0
k) = Tog gzggm,) T yilog o — (i +0)log(0+ ) + Ologd,  (2.3)

where terms not depending on pj; may be absorbed into a constant.
Because n = log(ux) and pp = exp(ng), we have

% = Mk
O,
Differentiating (2.3) yields the score with respect to pup,
Ol _ Yk Yk t0
ope  px O+’

and, by the chain rule, the score with respect to n; becomes

%c:%camc:(ylc_yk+9> _ 0y — ) (2.4)
Ok Ok O, pr 0+ O+ '
The second derivative with respect to 7y is
oy (0 + )
Using E(Yy) = pk, the Fisher information for ny is
82€k 0 125
J =_FK = . 2.6

2.3. IRLS update, working response, and weights

Following the IRLS (Newton-Raphson/Fisher scoring) scheme [1, 23], the update at
iteration r is

ot
_ Ok | (r—

() _ =1, 9klr-1) (2.7)

Jk(nk)’(rfl)

Substituting (2.4) and (2.6) evaluated at (r — 1) yields the working-response form

-1
e — Y

(r-1)

77]27‘) — nk; + (rfl) (28)
H;
Equivalently, the IRLS working response can be defined as
") (r—1) |, Yk — i
R =M + (r—1) ) (2.9)
g,
so that z,(f) = 77,(;) in (2.8). The corresponding IRLS weight is
. g Y M(T—l)
w = )y = — 5 = — (2.10)
0+, 14 P
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2.4. Decorrelation of the working response

To learn the non-spatial component of the mean structure, we remove the spatial-effect
estimate from the previous iteration. Specifically, we define the decorrelated working
response as

L R (2.11)

This construction follows the spirit of Azis et al. [5]—namely, training the learner on a

target that is as free as possible from the spatial random effect—Dbut here Z,gT) is obtained
from the NB-IRLS working response rather than from the original count scale.

In this study, the GRF component is trained on {(x, Zlgr))}i{:1 without applying the
IRLS weights in (2.10). Distributional calibration and residual spatial dependence are
subsequently handled through the NB-CAR update step in the NBCAR-GRF iteration.

2.5. NBCAR-GRF algorithm

The proposed NBCAR-GRF procedure modifies NBCAR-Forest [5] by replacing the
random forest learner with a generalized random forest (GRF) [4]. The algorithm proceeds
as follows:

Algorithm 1. NBCAR-GRF algorithm
Step 0 (Initialization). Set tuning parameters for GRF (e.g., Niree, Miry, and minpede),
the neighbourhood specification (D), and the maximum number of iterations (R). Initialise

A =0fork=1,2,... K.

Step 1 (For r=1,...,R).

Step 1A (NB-GLM update and decorrelation). Fit an NB-GLM with a log link using
gggq_l) as an offset:

Y}, ~ NegBin(uy, 0), log(px) = nx = x1, B + QAS,(;_l). (2.12)

Obtain ,u,,(:_l) and 77,(;_1) = log(,u,(:_l)). Compute the working response z,(;) using (2.9)

and the decorrelated response Z,(CT) using (2.11).
Step 1B (GRF fit on decorrelated responses). Fit a GRF using predictors x; and response
Z,S"). Obtain out-of-bag predictions for training units and predictions for test units. De-

note the fitted non-spatial mean component by m,(j).

Step 1C (NB-CAR update via INLA). Treat m,(f) as fixed and fit an NB-CAR model via
INLA:

Y}, ~ NegBin(uy, 0), log(uk) = m,ﬂf’ + or, (2.13)
where ¢ = (¢1,...,¢k) follows a CAR prior defined on the adjacency graph induced by
the areal units. INLA provides posterior summaries for ¢ and #. Update the spatial

effect using the posterior mean qgl(:) =E(¢r | Y) and pass le(;) to Step 1A as the offset for
the next iteration.

Stopping rule. Iterate until r = R or maxk‘qg,(:) - (;AS,(CT_l)| < ¢, with ¢ typically set to 1074,
Step 2 (Prediction). At the final iteration, obtain predicted means

~ ~ (R (R

ik = exp(ing” + o), (2.14)
and report predicted wildfire hotspot counts based on fi.
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2.6. Simulation design

This study consists of (i) a simulation study to evaluate robustness under controlled
data-generating conditions and (ii) an empirical application using satellite-derived wild-
fire hotspot counts over Kalimantan, Indonesia, for September 2024, with meteorological
covariates. NBCAR-Forest is used as the benchmark model throughout. For both simu-
lation and empirical analyses, the data are randomly split into training and testing sets
using an 80:20 proportion, and predictive performance is evaluated on the held-out testing
set. The simulation workflow is summarized as follows:

1.
2.

10.

11.

Sample size. Specify the number of areal units as n € {700, 1200, 2500}.
Spatial lattice and neighbourhood structure. Construct a regular spatial
grid with a resolution of 0.25° x 0.25°. Define the spatial weight matrix W using
a k-nearest neighbour (KNN) graph with k£ = 5, and row-standardise W where
applicable.

. Spatial dependence strength. Set the spatial autocorrelation coefficient p to

represent three levels: low (0-0.40), medium (0.41-0.80), and high (0.81-0.99).
Forest hyperparameters. Fix GRF hyperparameters at m,y = 1, mingege = 9,
and Niree = 1000.

. Covariate generation and collinearity check. Generate X; and Xs from a bi-

variate uniform distribution on (0, 27). Assess multicollinearity using the variance
inflation factor (VIF).

. Nonlinear mean structure. Specify a nonlinear predictor-response relationship

as m(x) = A -sin(X;) + log(X2 + 0.5), where A € R controls the magnitude of
the nonlinear component. Calibrate A to achieve the desired relative contribution
of covariate effects and spatial random effects. Verify nonlinearity using a likeli-
hood ratio test that compares the nonlinear specification against a nested linear
alternative.

Spatial random effects and response generation. Generate spatial random
effects ¢ from a Gaussian model with covariance structure ¢ ~ N(0, (I —C)~1M),
where C = B+ BT — BBT, B = pW, and M = diag(c?,...,02). Generate the
count response from a negative binomial distribution Y; ~ NegBin(u,6) with
log(pk) = m(zk) + ¢k

Train—test split. Randomly split the simulated dataset into training (80%) and
testing (20%) sets.

. Model fitting and prediction. Fit NBCAR-GRF and NBCAR-Forest using the

training set. For each model, obtain the final predicted means on the testing set
using Step 2 of the corresponding algorithm, denoted by jig.

Repetition. Repeat Steps 1-9 for 50 replications per scenario to assess stability
and consistency.

Performance evaluation. Compute RMSE and MAE by comparing the ob-
served counts Yj with the final algorithmic predictions jix:

1 1

> (Yi—m)®, MAE=
Ntest keT

> Vi — -

test keT

n

RMSE = \l

Here, T denotes the index set of testing units and nesy = |7|. Lower RMSE and
MAE indicate better predictive accuracy. Because the response exhibits spatial
dependence, random holdout evaluation may be optimistic relative to spatially
blocked validation; the reported results should therefore be interpreted as baseline
predictive performance under random splitting.
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Overall, 27 simulation scenarios are considered. For each scenario, the model with
smaller RMSE and MAE is regarded as providing better predictive performance. The
simulation results are then used as supporting evidence for the empirical application.

2.7. Empirical analysis

This empirical application is a single-month (September 2024) case study intended as
a proof-of-concept demonstration of NBCAR-GRF in an operational hotspot-mapping
setting. The response variable is the number of hotspots within each 0.25° x 0.25° grid
cell over Kalimantan.

Predictor variables include air temperature, total precipitation, the number of rainless
days, wind speed, and relative humidity, extracted from the ECMWF-ERAS5 reanalysis
for the same period. These meteorological drivers exhibit coherent spatial gradients over
Kalimantan and jointly govern fuel moisture, ignition potential, and fire spread, which
motivates their inclusion within a spatial NB-CAR modelling framework rather than a
conditionally independent count model [13, 19,22, 33].

Higher precipitation generally suppresses hotspots by increasing surface wetness, while
prolonged dry spells (rainless days) intensify fuel dryness and elevate hotspot occurrence
[22].  Warmer air temperatures can further exacerbate drying through enhanced evap-
otranspiration, increasing fire susceptibility. Wind speed facilitates fire propagation and
ember transport, and lower relative humidity is commonly associated with more flammable
conditions [33].

The empirical analysis proceeds as follows:

1. Compile wildfire hotspot counts for all grid cells over Kalimantan for September
2024.
2. Extract meteorological covariates from ECMWF-ERAS5 at matching spatial reso-
lution.
Split the empirical dataset into training (80%) and testing (20%) sets.
4. Fit the proposed NBCAR-GRF model using the training set and obtain testing-set

predictions via Step 2.

5. Evaluate predictive performance using RMSE and MAE computed on the testing
set.

6. Interpret results in terms of predictive performance, influential covariates, and
implications for spatial prediction of wildfire hotspot risk.

&

3. Results of simulation study

This section reports simulation results for the proposed NBCAR-GRF model and com-
pares its predictive performance with the benchmark NBCAR—-Forest under the scenarios
described in Section 2.6. Tables 1-2 summarise out-of-sample accuracy on the held-out
20% testing set using RMSE and MAE. To standardise reporting of extreme failures, both
metrics were capped at 500 on the testing set. Accordingly, entries shown as “> 500" indi-
cate configurations in which the testing error exceeded this threshold, which is consistent
with severe numerical instability or divergence of the iterative fitting procedure.
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Table 1. RMSE values of simulation for the NBCAR-Forest and NBCAR-GRF

models.

. RMSE NBCAR-Forest RMSE NBCAR-GRF

Scenario 2 8 - -
plow pmedium phigh plow p medium p high
var(x) < var(¢) 700 12.71 17.55 20.87 10.61 12.21  16.95
1200 11.86 14.63 19.01 10.25 12.81 17.03
2500 13.24 440.68 31.51 11.35 13.11  18.69
var(z) =~ var(¢) 700 152.36 117.13 122.54 22.51 21.35 26.16
1200 75.15 >500 204.05 20.00 24.63  30.40
2500  >500 >500 >500 22.06 27.08 35.23
var(x) > var(¢) 700  >500 >500 >500 193.84 189.24 259.59
1200 >500 >500 >500 201.01 249.41 293.71
2500  >500 >500 >500 214.18 276.70  399.07

Table 2. MAE values of simulation for the NBCAR-Forest and NBCAR-GRF

models.

. MAE NBCAR~Forest MAE NBCAR-GRF

Scenario . - - -
p low pmedium p high plow p medium p high
var(x) < var(¢) 700 6.68 7.47 8.73 5.71 6.23 7.54
1200 6.44 7.06 8.43 5.71 6.36 7.50
2500 6.53 26.48 9.26 5.82 6.41 7.72
var(z) ~ var(¢) 700 23.94 21.47 23.13 9.07 9.55 11.16
1200  15.03 71.25 26.26 891 10.36  11.58
2500 182.04 64.15 15.00 9.35 10.58  12.61
var(x) > var(¢) 700  >500 >500 >500 64.66 67.47 83.10
1200 >500 >500 >500 69.59 7773 88.05
2500  >500 >500 >500 74.86 88.77 111.15

The results in Tables 1-2 cover 27 configurations (3 variance regimes x3 sample sizes x3
spatial dependence levels). Using the capped reporting rule, NBCAR-Forest exceeds the
RMSE threshold in 13 of the 27 configurations (Table 1) and exceeds the MAE threshold
in 9 of the 27 configurations (Table 2). In contrast, NBCAR-GRF returns finite RMSE
and MAE values in all configurations reported in both tables, indicating a substantially
lower frequency of extreme failures under the same simulation and evaluation protocol.

In the regime where spatial variation dominates covariate variation, var(x) < var(¢),
both approaches generally yield small, finite errors, but NBCAR-GRF consistently im-
proves accuracy. For example, at n = 700, NBCAR—-Forest RMSE ranges from 12.71
to 20.87 as p increases from low to high, whereas NBCAR-GRF reduces this range to
10.61-16.95 (Table 1). A similar pattern holds for MAE: 6.68-8.73 under NBCAR-Forest
versus 5.71-7.54 under NBCAR-GRF (Table 2). Across sample sizes, NBCAR-GRF re-
mains stable in magnitude (RMSE approximately 10-19; MAE approximately 5.7-7.7),
suggesting consistent out-of-sample behaviour in this regime.

A notable exception in this regime occurs for NBCAR—Forest at n = 2500 under medium
p, where RMSE increases sharply to 440.68 (Table 1) and MAE rises to 26.48 (Table 2),
despite much smaller errors in adjacent dependence levels. NBCAR-GRF does not show
a comparable spike for the same configuration (RMSE 13.11; MAE 6.41). Because the
data-generating mechanism, split proportion, and evaluation protocol are fixed within
each configuration, such abrupt departures are consistent with occasional instability of the
iterative fitting procedure under certain parameter combinations, rather than a systematic
increase in difficulty across the entire regime.
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When covariate-driven and spatial-effect-driven variations are comparable, var(z) =~
var(¢), the performance gap becomes more pronounced and instability is more frequent
for NBCAR-Forest. At n = 700, NBCAR-Forest RMSE remains large (117.13-152.36
across p levels), whereas NBCAR-GRF maintains RMSE between 21.35 and 26.16 (Ta-
ble 1). MAE shows a similar reduction, from 21.47-23.94 (NBCAR-Forest) to 9.07-11.16
(NBCAR-GRF) (Table 2). At n = 1200 with medium p, NBCAR-Forest exceeds the cap
(RMSE > 500), while NBCAR-GRF remains finite (RMSE 24.63; MAE 10.36). Most
notably, at n = 2500 NBCAR-Forest exceeds the RMSE threshold across all dependence
levels (“> 500”), whereas NBCAR-GRF remains finite and relatively stable (RMSE 22.06—
35.23; MAE 9.35-12.61). The consistent ranking under both RMSE and MAE suggests
that NBCAR-GRF reduces both extreme errors (captured by RMSE) and typical absolute
errors (captured by MAE) on the testing set.

The most challenging setting is var(z) > var(¢), where NBCAR-Forest exceeds the re-
porting threshold in every configuration for both RMSE and MAE (Tables 1-2). NBCAR~-
GRF, while still producing finite predictions, exhibits substantially higher errors compared
with the previous regimes: RMSE ranges approximately from 189 to 399, and MAE ranges
from about 65 to 111 across n and p. For example, at n = 700 RMSE increases from
193.84 (low p) to 259.59 (high p), and MAE increases from 64.66 to 83.10; at n = 2500,
RMSE increases further to 214.18-399.07 and MAE to 74.86-111.15. These results indicate
that when the covariate signal dominates and the spatial random effect is comparatively
weaker under the simulation design, the prediction task becomes difficult for both ap-
proaches; however, NBCAR-GRF remains numerically stable under the capped reporting
rule, whereas NBCAR-Forest frequently produces extreme errors.

Stronger spatial dependence (from low to high p) is generally associated with increased
error whenever predictions remain finite. This is visible, for instance, in var(z) < var(¢) at
n = 700, where NBCAR—-Forest RMSE increases from 12.71 to 20.87 and NBCAR-GRF
RMSE increases from 10.61 to 16.95 as p rises (Table 1); a similar monotone increase is
observed in MAE (Table 2). The effect of sample size is more nuanced and should not
be overstated as uniformly beneficial: in var(z) ~ var(¢), increasing n coincides with a
marked deterioration in NBCAR-Forest stability (e.g., RMSE “> 500" at n = 2500), while
NBCAR-GRF remains finite with only moderate changes in error.

3.1. Stability across replications

Beyond average testing-set errors, we assess numerical stability across the 50 replica-
tions by reporting the standard deviation (SD) and interquartile range (IQR) of RMSE
and MAE within each configuration. Larger SD/IQR indicate greater run-to-run variabil-
ity, which is consistent with less stable out-of-sample behaviour under repeated simulation
draws. Entries shown as “> 500” indicate that the dispersion measure exceeds the report-
ing cap, consistent with repeated extreme errors or divergence under the corresponding
configuration.
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Table 3. Dispersion of RMSE across 50 replications (KNN neighbourhood). SD
and IQR are computed from testing-set RMSE within each configuration.

. SD RMSE Forest SD RMSE GRF IQR RMSE Forest IQR RMSE GRF
Scenario n

low medium  high low medium  high  low medium high low medium  high

700  3.40 16.94 9.43  2.77 5.77 828 4.32 5.31 1238  2.70 4.06  7.07
var(z) < var(¢) 1200  2.91 4.71 740 2.64 4.14 687 3.84 454 815 236 459  7.83
2500 3.50 >500 5541 242 3.76 718 417 6.83 8.65 2.84 3.24 577

700 >500 349.32 351.11 13.91 8.60 12.36 20.02 26.83 29.73  7.76 10.61 15.34
var(z) ~ var(¢) 1200 134.77 > 500 472.07 5.74 8.36 14.68 30.82 60.90 34.97 5.83 10.99 13.27
2500 >500 >500 >500 7.25 10.88  12.76 53.18 123.05 77.53 3.91 9.79 17.12

700 >500 >500 > 500 107.44 72.24 138.78 > 500 > 500 > 500 115.26 86.19 143.66
var(z) > var(¢) 1200 >500 >500 >500 89.97 104.16 155.03 >500 > 500 > 500 76.92 97.47 180.04
2500 >500 >500 >500 48.12 144.97 167.33 >500 >500 > 500 57.15 104.89 177.44

Table 4. Dispersion of MAE across 50 replications (KNN neighbourhood). SD
and IQR are computed from testing-set MAE within each configuration.

SD MAE Forest SD MAE GRF IQR MAE Forest IQR MAE GRF

Scenario

low medium high low medium high low medium high low medium high

700 1.10 241 203 0.73 1.05 1.64 1.77 141 2.65 0.99 1.36  2.19
var(z) < var(¢) 1200 0.78 0.98 1.85 0.70 0.83 149 1.15 1.30 2.06 0.85 1.10 1.75
2500  0.47 129.33  3.17 0.45 0.63 1.10 0.71 1.24 204 0.53 0.66 1.42

700 83.47 33.54 32.82 222 1.94 3.17  4.90 6.58 8.17 2.71 290 4.57
var(z) =~ var(¢) 1200 10.61 241.22 33.93 1.18 1.78 253 3.93 8.77 6.06 1.69 217 297
2500 > 500 188.33 > 500 1.30 1.79 223 448 11.35 7.36 1.17 2.10 2.67

700 >500 >500 > 500 18.82 17.21 27.75 463.00 > 500 > 500 24.68 19.16 36.77
var(z) > var(¢) 1200 >500 > 500 > 500 15.78 16.71 22.04 > 500 > 500 > 500 17.74 21.46 30.74
2500 > 500 > 500 > 500 10.76 21.82 25.32 >500 >500 > 500 14.45 23.99 34.67

Tables 3—4 show that NBCAR-GRF generally yields smaller SD and IQR than NBCAR-
Forest, indicating more stable predictive behaviour across repeated runs. The contrast is
particularly pronounced in the var(x) = var(¢) regime, where NBCAR-Forest exhibits
very large dispersion (often exceeding the reporting cap), whereas NBCAR-GRF remains
finite with substantially smaller SD/IQR across spatial dependence levels. Even in the
challenging var(x) > var(¢) regime, NBCAR-GRF retains finite dispersion measures,
while NBCAR-Forest frequently shows extreme dispersion consistent with repeated di-
vergence. For instance, under var(xz) ~ var(¢) with n = 700 and medium p, the SD of
RMSE is 349.32 for NBCAR~Forest versus 8.60 for NBCAR-GRF (Table 3), highlighting
a substantial reduction in run-to-run variability.

Overall, the simulation evidence indicates that NBCAR-GRF improves predictive ac-
curacy and exhibits substantially stronger numerical stability than NBCAR-Forest across
the considered scenarios. The advantage is clearest when spatial variation is non-negligible
relative to covariate variation (var(z) < var(¢)), where NBCAR-GRF yields consistently
smaller RMSE/MAE and avoids the severe spikes and threshold exceedances observed for
NBCAR-Forest. When var(z) > var(¢), prediction remains difficult for both methods;
however, NBCAR-GRF continues to provide finite predictions under the reporting rule,
whereas NBCAR—Forest frequently exceeds the error threshold. Taken together, the con-
sistent ranking under both RMSE and MAE supports the conclusion that NBCAR-GRF
improves both typical error behaviour and robustness to extreme failures on the testing
set within the scope of the simulation design.
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4. Results of the empirical study

The empirical analysis examines wildfire hotspot counts over Kalimantan, Indonesia,
in September 2024, represented on a regular 0.25° x 0.25° grid. September was selected
because hotspot activity typically peaks during the regional dry season, making this period
informative for evaluating predictive performance under elevated fire risk. Hotspot counts
were obtained from the Indonesian Agency for Meteorology, Climatology and Geophysics
(BMKG). Meteorological predictors include air temperature, total precipitation, number
of rainless days, wind speed, and relative humidity, all derived from the ECMWF-ERA5
reanalysis for the same period. Figure 2 visualises the spatial distribution of hotspot
counts across the study region.

Hotspot Map September 2024 in Kalimantan
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Figure 2. Wildfire hotspot counts in Kalimantan, September 2024.

Figure 2 shows substantial spatial heterogeneity in hotspot counts, characterised by
pronounced clustering rather than a spatially uniform pattern. Higher hotspot intensities
are primarily observed in a west-to-central corridor around 110-113°E near the equator,
and in a north-eastern cluster extending toward coastal areas around 116-118°E. In con-
trast, several southern and interior areas exhibit consistently low counts. This clustering is
consistent with residual spatial dependence in wildfire-related areal count data and moti-
vates the inclusion of a CAR-type spatial random effect to account for dependence among
neighbouring grid cells. Moreover, the sharp local contrasts suggest that hotspot intensity
may respond nonlinearly to meteorological conditions and their interactions, supporting
the use of flexible learners for the mean structure [15].

Beyond the presence of localised high-intensity patches, the map also indicates a large
proportion of low-count grid cells, including broad areas with near-zero or consistently
small values. This spatial sparsity, together with a small number of concentrated hotspots,
is consistent with an overdispersed count process in which the variance exceeds the mean.
This pattern provides empirical support for adopting a Negative Binomial likelihood rather
than a Poisson specification, as the former can better accommodate heavy-tailed behaviour
and heterogeneous variability across space.

Taken together, the observed spatial configuration suggests that a suitable model should
capture both (i) residual spatial dependence among neighbouring cells (via a CAR-type
random effect) and (ii) potentially complex, nonlinear relationships between hotspot in-
tensity and covariates. Accordingly, this application provides an appropriate setting for
the proposed hybrid formulation, which combines CAR-based dependence control with a
GRF-based mean component for nonlinear covariate effects and interactions.
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4.1. Predictive performance and variable importance

On the held-out testing set, NBCAR-GRF attains RMSE = 3.64 and MAE = 2.11
hotspots per grid cell. Variable-importance results are reported in Table 5. Air tempera-
ture is the most influential predictor (27.74%), followed by wind speed (20.34%) and the
number of rainless days (20.17%). Precipitation (16.65%) and relative humidity (15.11%)
also contribute to predictive performance, although with smaller marginal importance
than the top three predictors.

Table 5. Variable importance from NBCAR-GRF for the September 2024 Kali-
mantan application.

Variable Importance (%)
Air temperature 27.74
Wind speed 20.34
Number of rainless days 20.17
Precipitation 16.65
Relative humidity 15.11

Table 5 indicates that predictive skill is not driven by a single meteorological factor. The
top three variables (air temperature, wind speed, and number of rainless days) account for
68.25% of total importance, suggesting that the fitted model relies primarily on indicators
of drying conditions and fire-spread potential. Nevertheless, precipitation and relative
humidity together contribute a non-trivial 31.76%, indicating that short-term moisture
constraints provide complementary information rather than being negligible. This balance
aligns with the expectation that hotspot activity reflects both the build-up of flammability
and the suppression of ignition and spread through rainfall and atmospheric moisture.

The similar importance values for wind speed and rainless days (20.34% versus 20.17%)
suggest that these predictors play comparably sized roles in the fitted model for Septem-
ber 2024. The moderate contribution of precipitation (16.65%) relative to rainless days
(20.17%) may reflect the distinction between immediate wetting effects and accumulated
dry-spell conditions captured by the latter. While variable importance does not imply
causality, the ranking provides a transparent summary of which meteorological inputs
are most strongly used for out-of-sample prediction in this application and supports a
meteorologically interpretable reading of the fitted model.

Substantively, the ranking is consistent with established wildfire mechanisms: higher
temperatures accelerate fuel drying, extended dry spells increase effective drought du-
ration, and stronger winds facilitate fire spread and ember transport. Precipitation and
relative humidity act as moisture constraints that reduce ignition probability and limit fire
propagation. This interpretation is consistent with prior evidence highlighting the roles of
temperature, precipitation, humidity, and wind in wildfire hazard and hotspot variability,
including studies relevant to Kalimantan [7, 14,28, 31].

4.2. Spatial correspondence between observed and predicted hotspots

Figure 3 summarises empirical performance in terms of spatial agreement and pointwise
accuracy. Panels (a) and (b) show that the predicted hotspot surface broadly reproduces
the observed spatial structure: near-zero to low counts dominate much of Kalimantan,
while a smaller number of grid cells exhibit moderate-to-high hotspot activity. Impor-
tantly, the predictions preserve the main spatial contrast between low-activity zones and
concentrated pockets of higher activity, rather than producing an overly uniform surface.
This is desirable for spatial risk screening, where identifying higher-risk clusters is often
more important than fitting isolated extremes exactly.
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Actual Map of Hotspots in Kalimantan Prediction Map of Hotspots in Kalimantan
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(a) Observed hotspot counts. (b) Predicted hotspot counts (NBCAR-GRF).
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(c) Predicted versus observed hotspot counts on the testing set.

Figure 3. Observed and predicted hotspot patterns for Kalimantan (September
2024).

A closer comparison of panels (a) and (b) suggests that the model captures the loca-
tions of major activity corridors reasonably well, whereas matching the intensity of the
most extreme cells is more challenging. This behaviour is expected in overdispersed areal
count data where a small number of grid cells can attain unusually high values due to
localised and transient conditions. In addition, CAR-type spatial random effects borrow
information across neighbours and can smooth sharp peaks or redistribute part of an ex-
treme signal across adjacent cells. As a result, predicted high-count areas may appear as
small clusters rather than isolated spikes, improving spatial coherence while potentially
attenuating the highest observed maxima.

Panel (c) provides a complementary pointwise diagnostic through the predicted-versus-
observed scatter plot on the testing set. The dense concentration of points at low observed
values reflects the prevalence of low-count cells, for which predictions remain close to the
45° reference line on average. This behaviour is consistent with the reported RMSE
and MAE, indicating good accuracy in the low-to-moderate range that constitutes most
observations. At higher observed counts, dispersion around the reference line increases,
consistent with heteroscedastic prediction uncertainty typical of overdispersed counts with
a heavy right tail.

Larger deviations from the 45° line occur primarily for grid cells with very high hotspot
counts. In these extremes, the model shows occasional overprediction in some locations and
underprediction in others. Such tail behaviour is common in wildfire applications because
rare high-intensity events can reflect local combinations of prolonged dry spells, elevated
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temperature, wind conditions, and unobserved site characteristics (e.g., land cover and hu-
man activity). Moreover, because the model incorporates spatial dependence through the
CAR component, some extreme values may be partially smoothed by the neighbourhood
structure. Despite these tail deviations, the fitted model generally preserves relative risk
ordering: locations with higher observed counts tend to receive higher predicted values
than those with lower observed counts.

Overall, Figure 3 indicates that NBCAR-GRF produces a coherent spatial reconstruc-
tion of hotspot patterns while achieving reasonable pointwise agreement on held-out cells.
The combined evidence from the maps and the scatter plot supports the practical value of
integrating (i) a Negative Binomial likelihood for overdispersed counts, (ii) CAR spatial
random effects for residual areal dependence, and (iii) a GRF-based mean component for
nonlinear covariate effects. From an operational perspective, the ability to spatially lo-
calise higher-risk clusters—even when uncertainty increases at the upper tail—is relevant
for early warning screening and prioritisation of monitoring resources.

Finally, the alignment between the spatial patterns in Figure 3 and the predictor ranking
in Table 5 provides an internally consistent descriptive interpretation: higher predicted
values tend to occur in areas where meteorological covariates jointly indicate conditions
favourable for ignition and spread. While this does not establish causality, it supports the
descriptive validity of the fitted model for predictive hotspot mapping in Kalimantan.

5. Conclusion and discussion

This study proposes and evaluates NBCAR-GRF, a hybrid framework for overdispersed
spatial count data that integrates (i) a Negative Binomial likelihood to accommodate
overdispersion, (ii) CAR-type spatial random effects to represent structured areal depen-
dence, and (iii) a Generalized Random Forest to capture nonlinear covariate effects and
interactions. Across the simulation study, which varies sample size, spatial dependence
strength, and the relative contribution of covariate signal and spatial random effects,
NBCAR-GRF consistently yields lower prediction errors and improved numerical stabil-
ity relative to the benchmark NBCAR-Forest.

Quantitatively, NBCAR—-Forest exhibits extreme failures under a substantial fraction of
configurations: across 27 settings, testing-set RMSE exceeds the reporting cap in 13/27
cases and MAE exceeds the cap in 9/27 cases (Tables 1-2). In contrast, NBCAR-GRF
returns finite RMSE and MAE in all configurations. This stability advantage is also re-
flected in the dispersion across 50 replications. NBCAR-GRF generally produces markedly
smaller SD and IQR of RMSE/MAE than NBCAR-Forest, particularly in regimes where
covariate and spatial effects are of comparable magnitude, Var(X) ~ Var(¢) (Tables 3—
4). For example, when n = 700 and p is medium in this regime, the SD of RMSE is
349.32 for NBCAR-Forest versus 8.60 for NBCAR-GRF (Table 3). Overall, performance
gains are most pronounced when spatial effects are non-negligible relative to covariate ef-
fects (Var(X) < Var(¢)), whereas prediction remains challenging when Var(X) > Var(¢);
nonetheless, NBCAR-GRF retains finite errors and dispersion measures, while NBCAR~-
Forest frequently diverges.

In the empirical application to satellite-derived wildfire hotspot counts over Kalimantan
in September 2024, using meteorological predictors on a 0.25° x 0.25° grid, NBCAR-GRF
achieves RMSE = 3.64 and MAE = 2.11 hotspots per grid cell on the held-out testing set.
Variable-importance analysis identifies air temperature as the most influential predictor,
followed by wind speed and the number of rainless days, consistent with established fire-
weather mechanisms. These findings support the practical relevance of NBCAR-GRF for
spatial hotspot mapping and early-warning-oriented risk screening.
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Overall, this study makes two main contributions. First, it introduces NBCAR-GRF
as an explicit integration of an overdispersed count likelihood, CAR-based spatial depen-
dence, and GRF-based nonlinear learning within a single iterative modelling procedure.
Second, it provides simulation and empirical evidence that replacing the forest compo-
nent with GRF improves predictive accuracy and, crucially, reduces numerical instability
relative to NBCAR—Forest under challenging configurations.

From an operational perspective, improved spatial prediction of hotspot counts can be
translated into actionable early warning products. For instance, predicted mean hotspots
can be converted into risk-ranked grids or threshold-based alerts that prioritise surveil-
lance, patrol deployment, and rapid-response allocation under constrained resources. More
reliable identification of emerging high-risk clusters—together with reduced unstable ex-
treme predictions—can support earlier targeting of monitoring and mitigation efforts (e.g.,
directing ground checks, water resources, or firefighting readiness to predicted hotspots).
In this way, NBCAR-GRF can strengthen climate-related risk information and decision
support aligned with Sustainable Development Goal 13 on climate action.

5.1. Limitations and future work

The current evidence has clear limitations. The iterative procedure uses an a priori
iteration budget R (with no fully data-driven stopping rule), uncertainty quantification is
limited, the likelihood does not explicitly accommodate zero inflation, and computational
demands may increase with finer spatial resolution or longer time windows. In addition,
the empirical demonstration is restricted to a single-month case study, limiting temporal
generalisability.

First, the current implementation fixes the iteration count R a priori, so efficiency and
reproducibility may depend on this choice. Second, the empirical analysis covers a single
month (September 2024), which restricts generalisability across seasons and interannual
variability. Third, although GRF is partly motivated by its inferential properties, the
present evaluation focuses on predictive accuracy and numerical stability; inferential out-
puts (e.g., local effect summaries with uncertainty) are deferred to future work. Fourth,
the model assumes a NB count process without an explicit zero-inflation mechanism, and
calibrated predictive uncertainty (e.g., prediction intervals) is not yet fully developed.
Finally, computational cost may become substantial for finer grids or extended spatio-
temporal windows.

Several extensions follow naturally. First, a data-driven stopping rule could be de-
veloped based on convergence of spatial effects, stabilisation of out-of-sample error, or
changes in the GRF mean component. Second, the framework could be extended to zero-
inflated or hurdle variants to separately model hotspot occurrence and intensity. Third,
future work can more directly leverage GRF’s inferential capabilities by reporting local
effect summaries and associated uncertainty. Fourth, calibrated prediction intervals could
be added via posterior predictive distributions in the NB-CAR stage, conformal predic-
tion adapted to counts, or other calibrated approaches. Finally, broadening the empirical
scope to multi-month or multi-year settings would enable a more rigorous assessment of
temporal robustness and operational value for early warning screening.
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