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ABSTRACT. Wildfires in Indonesia have a widespread impact on health, the environment, society, and the economy.
The number of hotspots, detected through satellite imagery, is a key indicator in monitoring the severity of fires. Be-
cause hotspot data is seasonal and prone to spikes due to extraordinary events such as El Nifio, an adaptive forecasting
method is needed. The SARIMA model is effective for capturing seasonal patterns, but it is less responsive to extreme
spikes. Therefore, intervention analysis with pulse functions is used as an alternative to model sudden and temporary
changes in time series data. This study aims to compare the performance of the SARIMA model and an intervention
model using a pulse function in forecasting the number of hotspots in Indonesia. The data used in this study were
obtained from the Ministry of Environment and Forestry through the SiPongi platform, consisting of monthly data
from January 2014 to December 2022. The modeling results show that the SARIMA model produced a MAPE value
of 36.93%, an RMSE of 66.27, and an MAE of 47.83. In contrast, the intervention model with a pulse function at
order b = 0, s = 0, and r = 1 achieved a MAPE of 8.06%, an RMSE of 8.45, and an MAE of 6.67, substantially
outperforming the SARIMA model across all metrics. These findings indicate that the intervention model provides
much more accurate forecasts of hotspot occurrences in Indonesia. Furthermore, forecasts up to 2025 indicate a de-
clining trend in the number of hotspots over time. However, seasonal patterns remain evident, with expected increases
in hotspot activity during the months of February, August, and October. These results are expected to contribute

valuable insights for developing more effective forest fire mitigation strategies in Indonesia.

1. Intoduction

Indonesia possesses one of the world’s largest tropical for-
est ecosystems, earning it recognition as “The Lungs of the Earth”
due to its critical role in global carbon sequestration and bio-
diversity conservation. However, Indonesia’s forest area contin-
ues to experience significant deforestation, largely driven by land
clearing practices that employ burning for agricultural expansion
and plantation development [1]. Forest and land fires are not
only triggered by human activities but also by natural conditions
including the El Nifio phenomenon [2],[3] which leads to pro-
longed dry seasons due to increased sea surface temperatures
and reduced rainfall [4],[5]. This phenomenon makes Indonesia
vulnerable to forest fires (6], especially in areas with extensive
peat cover [7] and during the dry season [8]. Forest and land fires
are a global environmental problem. Beyond causing ecological
destruction and severe peatland degradation [9], forest fires con-
tribute to increased carbon dioxide (CO3) emissions [10], public
health problems [11], and a decline in social and economic well-
being [12]. The severity of this issue in Indonesia is evidenced by
the 2024 National Disaster Management Agency (BNPB) report,
which documented 1,478 forest fire incidents that caused 363 fa-
talities and 783 injuries, highlighting the immediate human cost
of this environmental disaster. Furthermore, the 2023 Global For-
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est Watch report revealed that Indonesia lost 292,000 hectares of
primary forest in a single year, equivalent to 218 megatonnes of
CO- emissions—approximately 0.4% of global annual greenhouse
gas emissions.

For forest fire prevention and control, the Indonesian Min-
istry of Environment and Forestry (KLHK) operates a satellite-
based monitoring system that detects thermal anomalies or
“hotspots”, geographic locations exhibiting significantly elevated
surface temperatures (typically > 50°C above ambient) that indi-
cate active fires or high fire risk. Hotspot data is seasonal time
series data because it shows recurring patterns on a monthly
basis [13]. Time series forecasting methods have been increas-
ingly applied to environmental and atmospheric data in Indone-
sia, including air pollution monitoring [14]. A commonly used
forecasting model for seasonal data is Seasonal Autoregressive In-
tegrated Moving Average (SARIMA), which is capable of capturing
seasonal patterns in time series data. However, SARIMA mod-
els exhibit limitations when confronted with time series contain-
ing extreme outliers or structural breaks caused by exogenous
events such as El Nifio-induced drought conditions, policy inter-
ventions, or catastrophic natural disasters. These models assume
stationarity and may fail to accurately capture sudden, transient
shocks that deviate substantially from established patterns. To
address this limitation, intervention analysis incorporating pulse
functions provides a robust framework for explicitly modeling
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sudden, short-duration shocks in time series data. Pulse inter-
ventions quantify the magnitude and duration of transient im-
pacts, enabling more accurate forecasting in the presence of ex-
ceptional events [15].

Intervention analysis is a time series methodology de-
signed to quantify and model the effects of specific exogenous or
endogenous events on temporal data patterns. Two primary in-
tervention functions are distinguished based on impact duration:
step functions for permanent regime changes and pulse functions
for transient shocks. A step intervention models a long-term or
permanent change in the time series level and is suitable for pol-
icy changes, corporate decisions, regime shifts, or travel warn-
ings. In contrast, a pulse intervention captures temporary shocks
or short-term disruptions, such as natural disasters, bombings,
wars, promotional discounts, or protests [15],[16]

The use of intervention models has been widely applied
in various fields, such as the research by [17] assessing the im-
pact of policies to reduce antipsychotic drug doses in Australia,
and by [18] analyzing the impact of rebellions on tourist arrivals
in Thailand. In Indonesia, [19] used a pulse function interven-
tion model to model hotspot spikes in East Kalimantan. While
this provincial-level study demonstrated that pulse intervention
modeling can be applied to Indonesian hotspot data, several im-
portant limitations remain. The focus on a single province re-
duces the relevance of the findings for national policymaking,
since forest fire dynamics in Indonesia vary considerably across
provinces due to differences in land cover, peatland extent, and
regional climate conditions. Previous studies have also not ex-
amined whether the intervention modeling approach can be ef-
fectively applied to aggregated national hotspot data, where fire
events from multiple provinces interact and may create more
complex time series patterns than those observed at the provin-
cial level. In addition, there has been no comprehensive compar-
ison between SARIMA and pulse intervention models using rig-
orous out-of-sample forecasting evaluation at the national scale.
Addressing these gaps is essential, particularly because Indone-
sia requires accurate national early warning systems to support
evidence-based forest fire mitigation strategies and improve cen-
tralized decision-making for resource allocation.

This study addresses this research gap by comparing the
forecasting performance of standard SARIMA and pulse inter-
vention models for national-scale monthly hotspot forecasting
in Indonesia. The novelty of this research lies in three aspects:
(1) extending the intervention modeling framework from provin-
cial to national scale, thereby capturing aggregate fire dynam-
ics across Indonesia’s diverse ecosystems; (2) providing rigorous
model validation using out-of-sample testing on 2022 data with
multiple error metrics; and (3) generating multi-year forecasts
(2023-2025) to support proactive national fire prevention plan-
ning. Specifically, the research objectives are to: (1) develop and
validate optimal SARIMA models for pre-intervention hotspot
data, (2) incorporate pulse intervention functions to model the
September 2019 El Ni no event, (3) quantitatively compare model
performance using MAPE, RMSE, and MAE as evaluation metrics,
and (4) generate forecasts for January 2023 to December 2025 to
support proactive fire prevention strategies.

| Jambura J. Probab. Stat.

2. RESEARCH METHOD
2.1. Data Sources

This study utilized secondary data on monthly hotspot
occurrences obtained from the Indonesian Ministry of Envi-
ronment and Forestry’s SiPongi (Sistem Informasi Pemantauan
Kebakaran Hutan dan Lahan) Monitoring System (accessible at
https://sipongi.menlhk.go.id). The dataset comprised
108 monthly observations spanning January 2014 to December
2022. Hotspots were detected using MODIS (Moderate Resolution
Imaging Spectroradiometer) and VIIRS (Visible Infrared Imaging Ra-
diometer Suite) satellite sensors with a confidence level threshold
of > 80%.

2.2. Data Partitioning

The dataset was partitioned into training and testing sub-
sets to enable model validation. The training set consisted of
96 observations (January 2014 to December 2021), which was
used for all model estimation stages: (1) the SARIMA baseline
model was estimated on pre-intervention data (January 2014 to
August 2019, t = 1 to 68) to identify the noise model structure,
and (2) the complete intervention model, incorporating both the
SARIMA noise component and the pulse intervention parame-
ters, was fitted using the full training data spanning January 2014
to December 2021 (all 96 observations), ensuring that the inter-
vention effects at t = 69 and the post-intervention dynamics
were captured in the final model estimation. The testing set
comprised 12 observations (January 2022 to December 2022),
reserved exclusively for out-of-sample forecast evaluation using
MAPE, RMSE, and MAE metrics. This partitioning strategy en-
sures that model fitting leverages the complete available training
history while maintaining a hold-out period for unbiased perfor-
mance assessment.

2.3. Seasonal Autoregressive Integrated Moving Average (SARIMA)
Model

The Seasonal Autoregressive Integrated Moving Average
(SARIMA) model extends the classical ARIMA framework by in-
corporating seasonal components. This model is denoted as
SARIMA(p, d, q)(P, D, Q)°, where lowercase letters represent
non-seasonal orders and uppercase letters denote seasonal or-
ders, with S indicating the seasonal period (S' = 12 for monthly
data). The general SARIMA equation is [20]:

0,(B)Oq(B%)a;

2= 5 (B)ap(BS)(1 - BYU(1— BS)D

where ¢, and 6, are the non-seasonal AR and MA parame-
ters of orders p and g, respectively; ® » and ©¢ are the seasonal
AR and MA parameters of orders P and @, respectively; (1 — B)?
and (1 — B%)P denote the non-seasonal and seasonal differenc-
ing operators of orders d and D; a; is a white-noise error term;
and B is the backshift operator.

The SARIMA modeling procedure follows the Box—Jenkins
methodology and begins with stationarity diagnostics. Variance
stationarity is assessed through Box—Cox transformation analysis,
where A values significantly different from 1 indicate the need
for variance stabilization. Mean stationarity is evaluated using
the Augmented Dickey—Fuller (ADF) unit root test, where rejection
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of the null hypothesis (p < 0.05) confirms stationarity. Non-
stationary series undergo differencing transformations until the
stationarity criteria are satisfied. If the data are stationary, the
model order is identified by analyzing the Autocorrelation Func-
tion (ACF) and Partial Autocorrelation Function (PACF) plots. The
seasonal and non-seasonal orders are selected based on the cor-
respondence between the empirical patterns observed in the ACF
and PACF plots and the theoretical patterns of the SARIMA com-
ponents.

After the initial model has been identified, the next step
is parameter estimation. Subsequently, parameter significance
testing is conducted to determine whether the estimated coef-
ficients are statistically significant. Model diagnostics are then
performed using the Kolmogorov—Smirnov test to assess residual
normality and the Ljung—Box test to evaluate whether the residu-
als constitute a random process (white noise).

2.4. Intervention Model

Time series data can be influenced by specific events or
occurrences, such as government policies, advertising promo-
tions, natural disasters, human behavior, and other external fac-
tors known as interventions. Changes in the patterns of time
series data may arise due to such interventions, and their effects
can be analyzed using intervention models. The objective of in-
tervention analysis is to determine the magnitude and duration
of the intervention effects on the observed time series [15].

Intervention analysis incorporates two types of interven-
tion functions, namely the step function and the pulse function.
These functions are distinguished based on the duration of the
intervention effect. The step function represents an intervention
that begins at time 7" and produces a sustained impact over a rel-
atively long period. In contrast, the pulse function represents an
intervention that occurs only at time 7" and does not persist in
subsequent periods [21].

This study employs the pulse intervention function rather than
the step function due to the transient nature of fire events and
their impact on hotspot time series data. Although forest fires
may generate long-term ecological consequences, the hotspot
count response typically exhibits a sharp and temporary increase
during the fire event and subsequently returns to its normal pat-
tern. Therefore, the pulse function is considered more appropriate
for capturing these short-duration anomalies than the step func-
tion, which is designed to model permanent shifts in the level of
a time series.

The pulse intervention function is denoted by Pt(T) and is

defined as
1
Pt(T) — { ?
0,

Based on figure 1, there are two possible responses to an
intervention, namely direct permanent intervention and gradual
permanent intervention. A direct intervention occurs when the
intervention effect begins immediately at time ¢ = T and re-
mains permanent thereafter. In contrast, a gradual permanent
intervention occurs when the intervention effect starts at time
t = T and increases progressively over time, while its impact
remains permanent.

The general form of the intervention model is given by

t=T,
t£T,

| Jambura J. Probab. Stat.

d

Figure 1. The Pulse Function in Intervention Analysis

ws(B)B®

2= 5,(B)

It + Nt
where:
I, : intervention variable in the form of a step or pulse func-
tion,
ws(B) : moving average operator of order s,
0,(B) : autoregressive operator of order r,
b : delay time before the intervention effect appears,
s : duration of the intervention effect on the series after
time b,
r : pattern of the intervention effect after orders b and s,
N; : noise model.

Analysis Method
The steps undertaken in this study are as follows:

. Describing and grouping data based on the time of interven-

tion

. Model the data prior to intervention using the ARIMA mod-

eling procedure
(a) Testing stationarity in variance using the Box—Cox
transformation, assessed through the rounded value of
A. If X # 1, a transformation is required. Stationarity
in mean is examined using the Augmented Dickey—Fuller
(ADF) test with the following hypotheses:

Hy : The series contains a unit root (non-stationary)

H; : The series is stationary

The null hypothesis is rejected when the ADF test
statistic is less than the critical value at a = 0.05.

(b) Identifying the SARIMA model order (p,d, q, P, D, Q)
through the ACF and PACF plots of the differenced se-
ries. The non-seasonal MA order ¢ is identified from
the cutofflag in the ACF, while the non-seasonal AR or-
der p is identified from the cutoff lag in the PACE The
seasonal orders P and () are determined from signif-
icant lags at multiples of the seasonal period s = 12.
All candidate models are subsequently evaluated for
stationarity and invertibility.

Volume 7 | Issue 1 | May 2026
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(c) Performing parameter significance tests using the t-
test (Hop: parameter = 0, rejected if |to] > t0.025)
and verifying model adequacy through several diag-
nostic checks: (a) The Ljung—Box test is used to assess
residual independence with the null hypothesis that
the residuals are white noise, which is not rejected if
Q < X3, (b) the Kolmogorov-Smirnov test for resid-
ual normality with the null hypothesis that the resid-
uals are normally distributed, which is not rejected if
Dy < D,, (c) residual ACF plot to visually confirm ab-
sence of autocorrelation, (d) residual histogram to as-
sess approximate normality, and (e) Q-Q plot to evalu-
ate the normality of residuals graphically.

3. Forecasting the post-intervention period using the se-
lected SARIMA intervention model. The intervention orders
(b, s, ) are determined based on the residual response plot.
Forecast performance is evaluated using the following accu-
racy measures:

1 n }/t—i/;:
MAPE = — x 100%
1 & N\ 2
RMSE = fZ(Yt—YQ
nt:l
1 — .
MAE:—Z Y, -V,
n
t=1

where Y, denotes the actual observation and Y; denotes the
forecasted value at time ¢.

3. RESULT AND DISCUSSION

3.1. Data Exploration

Data on the number of hotspots from January 2014 to De-
cember 2021, totaling 96 data points, was used in the modeling
process. Meanwhile, data on the number of hotspots from Jan-
uary 2022 to December 2022 was used to evaluate the accuracy
of the model.

Plot Data Titik Panas di Indonesia Januari 2014 - Desember 2021

15000

‘September 2019
1=69

T T T T T T
2014 2015 2016 2017 2018 2019 2020 2021

10000

5000

Periode(t)

Figure 2. The Number of Hotspots from January 2014 to De-
cember 2021

Figure 2 reveals a pronounced spike in hotspot occurrences
during September 2019, with counts reaching approximately
15,000. This extreme anomaly coincided with a strong El Nifio
event characterized by the Indian Ocean Dipole (I0D) in its posi-
tive phase, which induced severe drought conditions across the
Indonesian archipelago, particularly in Sumatra and Kalimantan.

| Jambura J. Probab. Stat.

The identification of ¢ = 69 was determined through visual in-
spection of the time series plot and corroborating climatological
records. While formal structural break tests such as the Chow
test could further validate this, the use of domain knowledge and
graphical evidence for intervention point identification is a well-
established practice in intervention analysis, as noted by Wei [15].
The magnitude of the spike exceeding 15,000 hotspots compared
to the typical range of fewer than 500 provides unambiguous em-
pirical evidence for this breakpoint.

In data modeling that considers interventions, the dataset
is conceptually divided into two parts. First, pre-intervention
data at ¢ < 69 covering the period from January 2014 to August
2019, which is used to build the baseline SARIMA noise model.
Second, post-intervention data at ¢ > 69 which is used to iden-
tify the intervention order (b, s, r) and evaluate the pattern of its
impact. It is important to note that while the data is conceptu-
ally divided for noise model identification and intervention order
determination, the final intervention model parameters are esti-
mated using the complete training dataset (January 2014 to De-
cember 2021, n = 96 observations). This ensures that all avail-
able information, including both pre- and post-intervention dy-
namics, is utilized in fitting the intervention model.

3.2.  SARIMA modelling

The initial stage in SARIMA modeling is to check the sta-
tionarity of the data in variance through the Box—Cox plot and in
mean through the ACF plot. Figure 3 shows that the A\ # 1 in-
dicating that a Box—Cox transformation is necessary to improve
the data distribution and stabilize the variance. Then, a Box—Cox
transformation is performed with A = —0.135886 so that the
data is stationary in variance.

500 400 300
AN
\

\
e

700 600

Figure 3. Box-Cox Plot for the Number of Hotspots from Jan-
uary 2014 to December 2021

The next step is to examine the stationarity of the data with
respect to the mean using an ACF (Autocorrelation Function) plot.
Based on Figure 4, the ACF plot shows that the data is not sta-
tionary with respect to the mean. This is indicated by the lines
on the correlogram that still cross the confidence interval and
form a sinusoidal pattern that repeats every 12 lags. This pat-
tern indicates that the data has a seasonal component. To ad-
dress this non-stationarity, a non-seasonal first-order differencing
is performed, followed by a seasonal first-order differencing on
the transformed data. This step aims to remove trends and sea-
sonal patterns so that the data becomes stationary and can be
used in further time series modeling. Data that is stationary in
both variance and mean can then be used to identify the model.

Data that is stationary in variance and mean can then be
used to identify the model through ACF and PACF plots in Figure

Volume 7 | Issue 1 | May 2026
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Series datatrans

02 o

ACH

02 00

Figure 4. ACF Plot for Data on The Number of Hotspots from
January 2014 to December 2021

5. Based on Figure 5, a seasonal ARIMA model can be identified,
which is then referred to as SARIMA. The ACF plot shows a cutoff
correlation coefficient after lag 1 for non-seasonal data, while no
cutoff occurs at seasonal lags. For visualization, the PACF plot
shows a cutoff in the correlation coefficients after lag 2 for non-
seasonal data and a cutoff after lag 12 for seasonal data.

these formal tests with visual diagnostics for a more comprehen-
sive assessment of model adequacy.

Results presented in Table 2 indicate that SARIMA
(0,1,1)(0,1,0);2 uniquely satisfied both criteria (p-values >
0.05), confirming normally distributed, independently dis-
tributed residuals. This model was therefore selected as
the optimal pre-intervention specification. The SARIMA
(0,1,1)(0,1,0)12 model formed is:

91 (B)at

A= a-Ba-Bm)

and obtained:

ACF

Series datadiff2

Series datadiff2

00

01

i

Partal ACF

00

01

Zt = Zt—l + Zt_lg — Zf,_l?, +ar + 0.38526 at—1

3.3.  Modeling with Intervention Methods

‘ M\ “ il
e
T T T T

0 20 3

T
0 10 20 20 40 0 40

Lag Lag

Figure 5. ACF and PACF Plot for The Number of Hotspot
From January 2014 to December 2021 (Stationary
Data)

The models obtained from the identification of the ACF and
PACF plots are AR(1), AR(2), MA(1), and SAR(1) models with one-
step differencing for non-seasonal and seasonal data, as summa-
rized in Table 1.

The formed model was tested for stationarity using the Aug-
mented Dickey—Fuller (ADF) test. At a significance level of 5%, all
models show test statistic values smaller than the critical table
value, so the null hypothesis is rejected. This indicates that all
models come from a stationary process. From the ten SARIMA
models developed, the model that meets the diagnostic criteria
will be selected through parameter significance tests and other
diagnostic tests. Based on the test results, it was found that
the SARIMA (0,1,1)(0,1,0)12, SARIMA (1,1,0)(0,1,0);2, and
SARIMA (2,1,0)(0,1,0);2 models meet the parameter signifi-
cance test, as the value of |¢h;| for each parameter in the three
models is greater than the value of ¢.pe. This indicates that all
parameters used in the three models are statistically significant.

Residual diagnostics were conducted at @ = 0.05 signifi-
cance level to verify model adequacy. Formal statistical tests in-
cluded the Kolmogorov—Smirnov test for residual normality and
the Ljung—Box Q-statistic for residual independence (white noise
property). Visual diagnostic tools such as residual ACF plots,
residual histograms, and Q-Q plots were not produced in this
study; however, the formal Kolmogorov—Smirnov and Ljung—Box
tests are statistically sufficient to confirm residual normality and
independence. Future studies are encouraged to supplement

| Jambura J. Probab. Stat.

The process of forming a SARIMA model for data before
intervention begins with checking the stationarity of the data,
both in variance and in mean. The Box—Cox visualization results
in Figure 6 show that the value of the transformation parameter
A is not equal to 1, indicating that the data does not meet the
assumption of stationarity in variance. Therefore, a transforma-
tion is carried out using the Box—Cox function with the parame-
ter A = —0.08659638. This transformation aims to stabilize the
variance, and after it is done, the data is declared stationary in
variance.

%

\
/

logrLikelihood

400 350 300 250 -2
By
a

Figure 6. Box-Cox plot for Pre-Intervention Data

Stationarity checks on the average are performed through
the Autocorrelation Function (ACF) plot shown in Figure 7. The
plot shows that the correlation is still significant at several lags,
and forms a sinusoidal pattern that repeats every 12 lags. This
pattern indicates the presence of seasonal components and non-
stationarity in the average and seasonality. To overcome this,
non-seasonal first-order differencing is applied, followed by sea-
sonal first-order differencing. The results of this transformation
and differencing produce data that is stationary with respect to
the average.
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Table 1. Combination of SARIMA models

No. Model No. Model
1 SARIMA (0,1,1)(0,1,0)2 6  SARIMA (0,1,1)(1,1,0)*2
2 SARIMA (1,1,0)(0,1,0)'2 7  SARIMA (1,1,0)(1,1,0)2
3  SARIMA (1,1,1)(0,1,0)!* 8  SARIMA (1,1,1)(1,1,0)*?
4 SARIMA (2,1,0)(0,1,0)'2 9  SARIMA (2,1,0)(1,1,0)'2
5 SARIMA (2,1,1)(0,1,0)!2 10 SARIMA (2,1,1)(1,1,0)*?
Table 2. Results of SARIMA Model Diagnostic Tests
Model Diagnostic Statistical test ~ Statistical Table Conclusion
Normality 0,12583 0,1377 Normality assumed
SARIMA Lag 12 16,592 19,6751 No autocorrelation
(0,1,1)(0,1,0)*2  Independence Lag 24 22,858 35,1725 No autocorrelation
Lag 36 30,791 49,8019 No autocorrelation
Normality 0,11981 0,1377 Normality assumed
SARIMA Lag 12 20,598 19,6751 Autocorrelation detected
(1,1,0)(0,1,0)*2  Independence Lag 24 25,897 35,1725 No autocorrelation
Lag 36 35,556 49,8019 No autocorrelation
Normality 0,14433 0,1377 Normality violated
SARIMA Lag 12 16,252 19,6751 No autocorrelation
(2,1,0)(0,1,0)*2 Independence Lag 24 23,755 35,1725 No autocorrelation
Lag 36 30,34 49,8019 No autocorrelation

ACF
2

;

2 ‘Mm\‘ ‘ L L \

& ‘MH \HHH\ \Wm
3

0 1 2

4

Lag

Figure 7. ACF Plot for Pre-Intervention Data

After the data becomes stationary, model identification is
performed using ACF and Partial ACF (PACF) analysis as shown
in Figure 8. The ACF plot shows a cutoff after the 2nd lag on
the non-seasonal component, and a similar pattern is seen in the
PACE However, there is no cutoff on the seasonal lag. Based on
this pattern and referring to Table 3, several candidate SARIMA
models are proposed as follows:

Series datadiff2 Series datadiff2

02

T — T
00 05 10 15 20 25 30
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Partial ACF

01 00 o1

02

03 02 01 00 01 02

Lag Lag

Figure 8. ACF and PACF Plot for pre-intervention data
A combination model was obtained between AR(1), AR(2),

MA(1), MA(2) with one-time differencing for non-seasonal and
seasonal and is summarized in Table 3.

| Jambura J. Probab. Stat.

Then, the stationarity test is performed using the Aug-
mented Dickey—Fuller (ADF) test. At a significance level of 5%, all
models show test statistic values smaller than the critical table
value, so the null hypothesis is rejected. This indicates that
all models come from a stationary process. Of the eight can-
didate models, parameter significance testing was carried out
using the ¢-test with a significance level of 5%. The SARIMA
(2,1,2)(0,1,0);2 was the only model in which all parameters
were statistically significant at the 5% significance level, with
t-hit| values exceeding the critical value for each parameter.
Next, a diagnostic evaluation of the model was carried out us-
ing two main tests, namely the Kolmogorov—-Smirnov Test to test
the normality of the residuals and the Ljung—Box Test to test the
independence of the residuals at lags 12, 24, and 36, and the
results are obtained in Table 4. Table 4 shows that the initial
hypothesis cannot be rejected in the Kolmogorov—Smirnov test
and the Ljung—Box test because the test statistic value is smaller
than the table statistic value. It is concluded that the residuals
for the model are normally distributed and independent. SARIMA
(2,1,2)(0,1,0);2 is then written as follows (noise model):

_ 02(3)(1,5
~ $2(B)(1-B)(1- B")

After obtaining the noise model, the next step is to deter-
mine the order of b, s, and r through the analysis of the residual
response diagram. This diagram is obtained from the difference
between the actual data and the forecasted data using the noise
model. Based on Figure 9, it can be seen that the residual value
is outside the significance limit at the time ¢ = 69. This indicates
that the intervention has an order of b = 0 because the impact
of the intervention is immediately visible when the intervention
occurs, without any delay.

In addition, the value of the order s = 0 is obtained be-

Zy
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Table 3. Combination of SARIMA Models on Pre-Intervention Data

No. Model No. Model
1 SARIMA(0,1,1)(0,1,0)'2 5  SARIMA(1,1,2)(0, 1, 0)12
2 SARIMA(0,1,2)(0,1,0)'2 6  SARIMA(2,1,0)(0,1,0)'2
3 SARIMA(1,1,0)(0,1,0)'2 7  SARIMA(2,1,1)(0,1,0)'2
4 SARIMA(1,1,1)(0,1,0)'2 8  SARIMA(2,1,2)(0,1,0)*2
Table 4. Diagnostic Test Results of the SARIMA Model
Diagnostic Statistical Test Statistical Table Assumptions
Normality Dpi = 0,15168 D(O 05;68) = 0.1637  Normality assumed
Lag 12 @ = 4,6302 X(o 05:6) = = 12.5916  No autocorrelation
Independency Lag24 (@ = 20,505 No autocorrelation

Lag36 @ = 29,593

sz;w) = 28.8693
Xo.05:30) = 437730

No autocorrelation

cause the residual is stable again, which is below the significance
limit, immediately after the intervention time. From the diagram,
it can also be determined that the order » = 1 because one pe-
riod after the intervention there appears to be a decline process
that begins to form a linear pattern.
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Figure 9. Residual Response Diagram

Based on the data pattern of the number of hotspots, the
function used is pulse because the condition when the interven-
tion occurs directly at time ¢ = 69 and its influence is reduced.
Therefore, the intervention model formed is:

02(B)
$2(B)(1 - B)(1

7, = 713(69)
T 1-6B +

—B1) «

where Pt(69) will have a value of 0 when ¢ # 69 and a value
of 1 when ¢t = 69.

Based on the parameter significance test and model diag-
nostics, it was obtained that the SARIMA(2, 1, 2)(0, 1,0)12 pulse
function intervention model with order b = 0, s = 0, and
r = 1 has significant parameters and meets the model diagnos-
tics. After obtaining the noise model and the intervention order
is known, the next step is to conduct a significance test as ex-
plained in Table 5.

Table 5 shows that all intervention parameters are signifi-
cant because the |¢h;| value for each parameter is greater than
t(0.025,90) = 1.9822. After conducting a diagnostic examination
of the intervention model through the Kolmogorov—Smirnov test
and the Ljung—Box test, the results of which are summarized in
Table 6. It is concluded that the intervention model meets the
requirements for residual normality and all lags are independent.
The fulfillment of this assumption indicates that the intervention

| Jambura J. Probab. Stat.

Table 5. Significance Testing of Intervention Models

Parameter thit t(0,025,00)  Decision

¢1 = 0,195666 5,1434 Significant

$y = —0,947343  —23,4329 Significant
61 = —0,361393  —8,3405  ggyy  Significant
0> = 0,999984 13,4724 Significant

wo = —0,028275 —2,3110 Significant
6y = —0,865029  —9,4557 Significant

model is suitable for use in predicting the emergence of hotspots
in Indonesia.

3.4.  Comparison of Accuracy

To evaluate the forecasting performance of the SARIMA
model and the intervention model, three complementary error
metrics are used: MAPE (Mean Absolute Percentage Error), RMSE
(Root Mean Square Error), and MAE (Mean Absolute Error). MAPE
measures the average relative percentage deviation, RMSE pe-
nalizes larger errors more heavily due to the squared term and
is expressed in the same unit as the data, while MAE provides a
straightforward average of absolute deviations. Together, these
metrics provide a more robust and comprehensive assessment of
forecast accuracy than any single metric alone. All metrics are
calculated over the testing period from January 2022 to Decem-
ber 2022. Lower values for all metrics indicate higher forecast-
ing accuracy. The results are presented in Table 7. Based on
the results, the intervention model demonstrates superior per-
formance across all three metrics: a MAPE of 8.06% (compared
to 36.93% for SARIMA), a substantially lower RMSE (8.45), and a
lower MAE (6.67). This consistently superior performance across
multiple metrics confirms that the intervention model provides
more accurate forecasts, particularly in capturing extreme varia-
tions in the number of hotspots in Indonesia during the observed
period. The relatively high MAPE of the SARIMA model is partly
attributable to its sensitivity to small actual values (e.g., January
with only 23 hotspots), where even moderate absolute errors pro-
duce large percentage deviations, further validating the utility of
reporting RMSE and MAE alongside MAPE.

Then, a model is formed based on the identification results
as a SARIMA intervention model SARIMA(2, 1, 2)(0, 1,0)!? with

Volume 7 | Issue 1 | May 2026



— Forecasting Fire Hotspots in Indonesia.... ...

Table 6. Diagnostic test of Intervention Model

Diagnostic Statistical Test Statistical Table Assumptions

Normality Dy = 0,10631 D 0,05;06) = 0,1378  Normality assumed
Lag 12 @ =9,4992 No autocorrelation  No autocorrelation

Independency Lag24 (@ = 15,651 No autocorrelation No autocorrelation

Lag36 @ = 20,485

No autocorrelation

No autocorrelation

Table 7. Comparison of Actual Data and Forecasts from SARIMA and Intervention Models

Period in 2022  Actual Data

SARIMA Model Forecast

Intervention Model Forecast

January 23 13 18
February 283 136 292
March 130 85 126
April 35 27 31
May 56 37 51
June 121 60 114
July 16 10 15
August 251 187 248
September 169 131 179
October 307 172 329
November 68 38 63
December 34 23 29
MAPE 36,93% 8,06%
RMSE 66,27 8,45
MAE 47,83 6,67

intervention parameters b = 0, s = 0, r = 1 as follows:

Zy = Zy1 + Zy_12 — Zy_13 + 0.195666 2,1 — 0.195666Z;_»
—0.1956662; 13 + 0.195666Z; 14 — 0.9473437; 5 + 0.947343Z; 3
4 0.9473437;_14 — 0.9473437;_15 — 0.8650297;_; + 0.8650297;_»
+0.865029Z; 13 — 0.865029Z; 14 + 0.169257Z; _5 — 0.169257Z;_3
—0.169257Z; _14 + 0.169257Z; _15 — 0.819479Z;_3 + 0.819479Z;_4

+0.819479Z;_15 — 0.819479Z;_16 — 0~028275Pt<69>
+0.028275 5% +0.028275 P, — 0.028275 P}
+0.005532P° — 0.005532P %) +0.005532P,°%
—0.005532P%%, — 0.026786P%) +0.026786 {3

+0.026786. 2%, — 0.026786 %)), + 0.361393a,_,
— 0.999984a;_ — 0.312615a, 2 + 0.865015a;_3 + a;

3.5. Forecasting

The results of forecasting the number of hotspots in In-
donesia for 2023 to 2025 using the intervention model are ex-
plained in Table 8. Seasonal patterns remain clear, with signifi-
cant spikes occurring in February, August, and October. Research
[22] shows that forest fires in Kalimantan and Sumatra tend to
increase in August and October due to extreme dry conditions.
Meanwhile, the spike in February in this model reflects the de-
layed impact of drought in the previous period. Several studies
also show that fire activity in early years can be triggered by dry
conditions that continue from the El Nino phase in the previous
year [23].

| Jambura J. Probab. Stat.

Table 8. Forecasting Result using Intervention Models

Month Year 2023  Year 2024  Year 2025
January 14 12 12
February 292 242 201
March 137 137 120
April 28 28 28
May 40 35 34
June 106 88 76
July 16 15 13
August 233 240 230
September 140 127 125
October 284 231 205
November 66 60 52
December 29 29 28

4. CONCLUSION

The results of the study show that the intervention model
with the pulse function has better forecasting performance com-
pared to the SARIMA model in predicting the number of hotspots
in Indonesia. Performance evaluation using three complemen-
tary metrics shows that the intervention model achieves a MAPE
of 8.06% (vs. 36.93%), an RMSE of 8.45 (vs. 66.27), and an MAE of
6.67 (vs. 47.83), consistently outperforming the SARIMA model
across all metrics. This indicates that the intervention model is
more accurate, especially in capturing extreme changes that oc-
cur in a certain period. The forecasting results using the inter-
vention model for the period 2023 to 2025 show a downward
trend in the number of hotspots each year. However, seasonal
patterns are still identified with a consistent increase in hotspots
occurring in February, August, and October. The results of this
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forecast can be used by the authorized government to address
forest fire problems by monitoring the results of hotspot fore-
casts.
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