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ABSTRACT
Forest and land fires remain a recurring environmental issue, particularly in
regions with high climate variability such as Indonesia. This study proposes
an Adaptive Hybrid Stacking Ensemble approach for real-time fire risk pre-
diction by integrating meteorological data and IoT-based sensing systems.
The model combines multiple base learners with a rotation strategy and an
exponential accuracy weighting mechanism to optimize the contribution of
each model. A dataset consisting of 4,931 meteorological records was used,
including variables such as Average Temperature, Relative Humidity, Rain-
fall, Wind Speed, and Soil Surface Moisture. Experimental results show
that the proposed model significantly outperforms conventional stacking,
achieving an accuracy of up to 92.47%, compared to 86%—87% in baseline
stacking. The optimal performance was obtained at a = 5 in the weighting
scheme, which effectively balances model contribution. Evaluation using
confusion matrix, ROC curve, and K-fold cross-validation confirms the
model’s robustness, with AUC values reaching 0.98-1.00 and stable accu-
racy across folds. In addition, Explainable AI using SHAP reveals that
Rainfall and Soil Surface Moisture are the most influential features in fire
risk prediction. The integration with IoT enables real-time data process-
ing and prediction, making the system applicable for early warning and
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1. INTRODUCTION

Forest and land fires are still a recurring envi-
ronmental problem in Indonesia, especially in areas
such as Riau Province which experiences similar in-
cidents almost every year[1], [2], [3]. This event not
only causes ecosystem damage, but also causes ma-
jor economic losses, public health problems due to
haze, and extensive social impacts. As environmen-
tal monitoring technology develops, various systems
have been developed to monitor meteorological con-
ditions in real time that are directly related to the
potential for fires[4].

The development of Internet of Things technol-
ogy enables the use of environmental sensors for con-
tinuous monitoring[5]. Various studies have utilized
IoT devices with temperature, humidity, rainfall, and
gas sensors to detect early signs of fire[6], [7], [8].

Furthermore, integration with communications and
cloud computing technologies has enhanced the sys-
tem’s ability to transmit and store data in real time.
However, IoT-based systems are generally limited to
data acquisition and threshold-based detection, thus
failing to capture complex patterns in fire risk pre-
diction.

To address these limitations, machine learning ap-
proaches have begun to be widely used to improve
prediction accuracy. Various algorithms such as De-
cision Trees, Random Forests, Support Vector Ma-
chines, and Neural Networks have been applied to fire
prediction[9], [10], [11]. Although they have shown
quite good results, the performance of these models
is highly dependent on data quality and often strug-
gles to handle nonlinear relationships between mete-
orological variables. Furthermore, the issue of data
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imbalance is often overlooked, where high-risk classes
have significantly less data than other classes, leading
to biased predictions.

The Stacking Ensemble Learning approach devel-
oped as a method for combining multiple models to
improve predictive performance[12], [13], [14]. By uti-
lizing base learners and meta learners, stacking can
integrate the advantages of various algorithms. How-
ever, several studies have shown that conventional
stacking approaches do not always produce better
performance than individual models. In some cases,
meta models actually have lower accuracy than the
best base model[15], [16], [17], [18]. In addition,
stacking models are generally black-box in nature and
therefore difficult to interpret, which is an obstacle in
their application to decision making[19].

Another quite important problem is the absence
of an adaptive weighting mechanism in determining
the contribution of each base model[20]. Without
such mechanisms, model stacking tends to fail to opti-
mize the role of high-performing models and remains
influenced by low-performing models. Furthermore,
the limited application of explainable artificial intel-
ligence also limits understanding of the factors that
most influence wildfire risk prediction[21].

The novelty of the proposed Adaptive Hybrid
Stacking Ensemble lies in the integration of three
complementary mechanisms within a single stacking
framework: (1) a rotational strategy that systemati-
cally evaluates each learning algorithm as both base
learner and meta learner, (2) an adaptive exponential
accuracy weighting mechanism that dynamically ad-
justs the contribution of each base model according
to its predictive performance, and (3) the incorpora-
tion of SHAP based explainable artificial intelligence
to provide transparent interpretation of prediction re-
sults. Unlike conventional stacking methods that rely
on fixed model roles and equal model contributions,
the proposed approach improves both predictive per-
formance and model interpretability.

2. MATERIALS AND METHODS

This study develops a new approach in Stacking
Ensemble Learning called Adaptive Hybrid Stacking
Ensemble. This model is designed to improve predic-
tive performance in detecting fire risk levels by im-
plementing a rotation mechanism between models in
the learning stage, as well as using an accuracy-based
weighting scheme in the base model. This adaptive
approach allows each model to contribute according
to its performance level, resulting in more stable and
accurate predictions. The flowchart of the model de-
velopment proposed in this study is presented in Fig-
ure 1.

Figure 1 presents the development flow of the
Adaptive Hybrid Stacking Ensemble model, designed
to improve the accuracy and stability of fire risk pre-
diction. The process begins with dataset collection
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Fig.1: Proposed Model.
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and then goes through a preprocessing stage, includ-
ing data cleaning and normalization using Standard-
Scaler to ensure each feature is at a uniform scale.
Next, feature selection is performed using the LASSO
method to identify the most relevant variables.

In the modeling stage, several base models are
used, including Light GBM, C4.5, Hist GradientBoost-
ing, Random Forest, MLP, and Logistic Regression.
The six learning algorithms were intentionally se-
lected because they represent diverse machine learn-
ing paradigms with complementary learning charac-
teristics. LightGBM and HistGradientBoosting were
included for their efficiency in capturing complex
nonlinear relationships through gradient boosting.
Random Forest provides robust ensemble learning
with strong generalization capability and resistance
to overfitting. C4.5 contributes an interpretable deci-
sion tree structure that effectively handles structured
data. MLP was selected to model nonlinear feature
interactions through neural network learning, while
Logistic Regression serves as a simple linear classi-
fier that provides a strong baseline and complemen-
tary decision boundaries. The diversity of these al-
gorithms increases prediction variability among base
learners, which is beneficial for stacking ensemble per-
formance. Each model produces predictions that are
then evaluated through accuracy calculations. These
accuracy values are used in an exponential weighting
mechanism, so that models with higher performance
receive greater weight. The resulting weighting forms
new features (weighted features) as input to the meta-
model.

To enhance the exploration of model combinations,
scenario rotation (1-6) is applied, where each algo-
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rithm alternately acts as the meta-model, while the
other model serves as the base model. This approach
allows for systematic identification of the best config-
uration. The model is then validated using K-Fold
Cross Validation. The prediction results are inte-
grated with the IoT system in real-time, and ana-
lyzed using SHAP to provide an interpretation of the
feature contribution to the prediction results.

2.1 Dataset and preprocessing

This research began with the collection of meteo-
rological data from the BMKG (Indonesia’s Meteo-
rology, Climatology, and Geophysics Agency) for the
period 2011 to 2024, which was then used as the main
dataset in this study with a total of 4,931 data. The
preprocessing stage was carried out to ensure optimal
data quality before being used in the model train-
ing process. This process includes several important
stages in structured data, namely data cleaning to
address missing or inconsistent values, class balanc-
ing to address imbalanced data distribution, feature
standardization using normalization techniques, and
feature selection to select the most relevant variables
for the prediction target.

1) Feature selection

Feature selection is a crucial step in data prepro-
cessing, aiming to determine the subset of features
that are most relevant and influential to the predic-
tion target[22]. By eliminating insignificant or re-
dundant features, the model training process can be
more efficient, computational complexity can be re-
duced, and the model’s generalizability to new data
can be improved. Based on this process, five key fea-
tures were identified that have the greatest impact on
fire risk: Tavg (Daily average temperature), RH_avg
(Daily average air humidity), RR (Daily rainfall),
ff_lavg (Daily average wind speed), and Soil Surface
Moisture.

Feature selection was performed using Ll-
regularized Logistic Regression (LASSO), which is
suitable for multiclass classification problems by en-
forcing sparsity in the model coefficients. Features
with non-zero coefficients were retained for subse-
quent model training. This approach reduces redun-
dant variables while preserving the most informative
features for the classification task.

2) Standarscaler

The StandardScaler step is used to adjust the scale
of all features so that they have a distribution with
a mean value close to 0 and a standard deviation of
1[23][24]. This step is necessary because the data
used contains variables with different value ranges,
for example, temperature in degrees Celsius and wind
speed in meters per second. These differences in
ranges have the potential to cause imbalances in the
model’s learning process if not adjusted. Therefore,
the application of feature scaling aims to equalize the
contribution of each feature in the training process,

while simultaneously improving the performance of
machine learning algorithms that are sensitive to dif-
ferences in data scale.

2.2 Stacking ensemble learning

Stacking Ensemble Learning is an ensemble learn-
ing method that combines multiple predictive models
to improve classification performance[12]. This ap-
proach consists of two main levels: a base learner at
the first level and a meta learner at the second level.
At the first level, several base models are trained us-
ing the same dataset to generate initial predictions.
The output from each model is then used as new fea-
tures that become input for the next-level model[25].

Mathematically, if there is N basic models
hi,ho,hs,...hy, then for each input data x, each
model produces a prediction:

z = [hi(x), ha(x),..., hy(z)] (1)

The prediction vector z is then used as input for
the meta learner H to produce the final prediction
output.

J=H(z)=H (hi(x), ho(x),...,hn(z)) (2)

Through this mechanism, stacking can leverage the
strengths of each base model while mitigating their
individual weaknesses. In this study, the stacking ap-
proach was combined with a model rotation mecha-
nism and accuracy-based weighting to improve sta-
bility and predictive performance. The base mod-
els used included Light GBM, C4.5, HistGB, Random
Forest, MLP, and Logistic Regression. The resulting
models were not only more accurate but also more
adaptive to data variations and able to capture com-
plex patterns from the various characteristics of the
models used.

2.3 Rotational model strategy

The rotational model strategy is an approach
used to enhance the exploration of model combi-
nations within a stacking ensemble framework. In
this method, each algorithm alternately acts as a
meta-learner, while the other model serves as a base
learner. This creates multiple rotation scenarios, al-
lowing for a more comprehensive and objective eval-
uation of model performance.

Formally, if there is a set of models M =
{my, ma,...my, then in every scenario to —r, one
model m, selected as meta learners, while the rest
become base learners:

B, = M/{mr}aHr =My (3)

Each base learner produces predictions on the in-
put data x, which are then combined into a prediction
vector:



734 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.20, NO.4 October 2026

zr = [h1(2), ha(2), ..., hi—1(2)] (4)

The vector z, is then used as input for the meta
learner H, to produce the final prediction:

Ur = Hr(zr) (5)

To systematically evaluate the contribution of each
learning algorithm, the proposed framework employs
a complete rotation strategy. Given six learning al-
gorithms, six rotation scenarios are generated. In
each scenario, one algorithm is assigned as the meta-
learner, while the remaining five algorithms are used
as base learners. This process is repeated until ev-
ery algorithm has served exactly once as the meta-
learner. No meta-model is selected based on pre-
dictive performance or random selection; instead, all
candidate algorithms are evaluated under identical
experimental conditions. The final model perfor-
mance is then compared across all scenarios to iden-
tify the most effective meta-learner configuration.

2.4 Accuracy weighting

The accuracy weighting method is used to adjust
the contribution of each base model in the stacking
process based on its performance level. This approach
aims to give greater weight to models with high accu-
racy, thus optimizing the prediction aggregation re-
sults[26]. In this study, the weighting was performed
using an exponential function to amplify the differ-
ences in contributions between models.

Mathematically, the weights for each model are —x
calculated as follows:

ex-accy

T IM aaces
Zj:l € !

(6)

Wy

where w, is the weight of the model to —z, acc, is
the prediction accuracy value of the model, and « is a
constant that controls the sensitivity to differences in
accuracy, which in this study is set at 5. The notation
| M| represents the number of active base models in
the r-th rotation scenario, while e is an exponential
number with a value close to 2.718. The obtained
weights are then used to form a weighted composite
feature as follows:

This exponential approach can magnify the differ-
ence in contributions between models. For example,
two models with accuracies of 0.90 and 0.85 differ
by only 0.05. However, with a = 5, the exponen-
tial values become e*® ~ 90 and e*2° ~ 70, re-
spectively making the weight difference more signif-
icant. This allows the higher-performing model to
contribute more significantly to the final prediction.

2.5 K-fold cross-validation

K-fold cross-validation is a model evaluation tech-
nique used to measure model performance more ac-
curately and reduce the risk of overfitting[27]. This
method works by dividing the dataset into K equal
parts (folds). At each iteration, one fold is used as
test data, while the other K-1 folds are used as train-
ing data. This process is repeated K times so that
each data section has an equal chance of being used
as test data.

In this study, a value of K=10 was used, known
as 10-Fold Cross Validation, because it balances bias
and variance in model evaluation. Each iteration pro-
duces a different accuracy value, which is then aver-
aged to obtain an estimate of the overall model per-
formance.

Mathematically, the average accuracy from the K-
fold cross-validation process can be formulated as fol-
lows:

1 K [ M|
Accey = 7 Zi:l Ace; 2z = Zz:l wy.he(x) (8)

where Acc,, is the average overall accuracy, Acc; is
the accuracy value at the i-th fold, and K is the num-
ber of folds used. With this approach, all data is op-
timally used for both training and testing data. This
allows the model to have better generalization capa-
bilities to new data and provides a more representa-
tive evaluation of the model’s overall performance.

2.6 Explainable ai (XAI)

Explainable Artificial Intelligence (XAI) is used
to increase model transparency in explaining the
contribution of each feature to the prediction re-
sults[28], [29], [30]. In this study, the XAI approach
is implemented using the SHapley Additive Explana-
tions (SHAP) method, which is capable of providing
both global and local interpretations of model deci-
sions[31], [32]. Mathematically, SHAP bases its cal-
culations on the Shapley value from cooperative game
theory, which is formulated as follows:

f(z) =00 + Z:L:l 0; (9)

where f(z) is the model prediction output, @y is the
baseline value, and ; indicates the contribution of
each i-th feature to the prediction. The value of @;
is calculated by considering all possible feature com-
binations, thus providing a fair estimate of the con-
tribution.

In its implementation, TreeExplainer is used in
the Random Forest model to calculate SHAP values
based on data that has undergone feature selection
and standardization. The results of the SHAP anal-
ysis are visualized in the form of a summary plot to
show the global level of feature importance, as well
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as a beeswarm plot to identify the distribution of fea-
ture contributions to specific risk classes, particularly
the high-risk category.

Through this approach, the model not only pro-
duces accurate predictions but also provides a clear
interpretation of the key factors influencing fire risk
levels, thereby increasing user trust and understand-
ing of the system.

2.7 Evaluation

A comprehensive evaluation of model performance
was conducted using several metrics and visualiza-
tion techniques to ensure model accuracy, stability,
and generalization. A classification report was used
to measure model performance based on precision, re-
call, and F1-score values for each risk class[33]. Fur-
thermore, a confusion matrix was used to observe
the distribution of correct and incorrect predictions
within each class, thus determining the model’s abil-
ity to differentiate fire risk levels[34].

Further analysis was conducted using a Receiver
Operating Characteristic (ROC) curve to evaluate
the model’s ability to separate classes by examin-
ing the relationship between the true positive rate
and false positive rate[35]. Scatter plot visualization
was also used as an initial exploration to understand
the relationship between features and risk labels. To
identify the contribution of each feature, the permu-
tation feature importance method was used, which
measures the decline in model performance when a
feature is shuffled. Furthermore, learning curves were
used to analyze the relationship between the amount
of training data and model performance, thereby
detecting potential overfitting or underfitting. The
combination of these various evaluation methods pro-
vides a more comprehensive picture of the developed
model’s performance.

2.8 IoT device design

IoT devices are used to acquire real-time meteoro-
logical data, which is then processed using the Adap-
tive Hybrid Stacking Ensemble model. This system
is designed to collect various environmental param-
eters directly from sensors, enabling continuous and
accurate condition monitoring. The obtained data is
then sent and processed as input in the fire risk pre-
diction process. The design and architecture of the
IoT devices used in this study are shown in Figure 2.
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Fig.2: IoT Device Model and Design Elements.

In the sensor section, there are four main types
of sensors used to collect meteorological data. The
XY-MDO02 SHT20 sensor is used to measure air tem-
perature and humidity with a high level of accuracy
and is capable of operating in extreme environmental
conditions. An anemometer sensor is used to moni-
tor wind speed, which is a crucial factor in accelerat-
ing the spread of fire. Furthermore, a tipping bucket
rainfall sensor functions to measure rainfall intensity,
which plays a role in determining the level of fire risk,
especially during the dry season. In addition, a soil
sensor is used as an additional indicator to estimate
soil surface moisture. This variable is important be-
cause it is often overlooked in previous studies, even
though it has a significant influence on the potential
for fires.

3. RESULT AND DISCUSSION
3.1 Dataset and preprocessing results

The dataset used in this study consists of 4,931 me-
teorological data obtained from the BMKG, covering
various environmental parameters that influence fire
risk. The dataset then underwent preprocessing, in-
cluding data cleaning, feature standardization using
StandardScaler, and feature selection to improve data
quality before the modeling process. A crucial step
in preprocessing is feature selection using the LASSO
method to identify the most relevant variables. Fig-
ure 3 presents a visualization of the LASSO coeffi-
cients for each feature used in this study.

LASSO Coefficient Visualization for Each Feature
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Fig.3: Lasso Coefficient Visualization Results.

Based on Figure 3, the Soil Surface Moisture fea-
ture has the largest negative coefficient, at around -
0.40, indicating that lower soil surface moisture tends
to significantly increase fire risk. The Rainfall and
Average Relative Humidity features also show neg-
ative coefficients of around -0.10 and -0.04, respec-
tively, indicating that increased rainfall and air hu-
midity contribute to reducing fire risk. Conversely,
Average Temperature has a positive coefficient of
around 0.05, indicating that rising temperatures have
the potential to increase fire risk. Meanwhile, Aver-
age Wind Speed shows a relatively small effect, with
a coefficient value approaching 0.01, but it is retained
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due to its role in accelerating fire spread. These find-
ings indicate that variables related to humidity and
rainfall have a more dominant influence on determin-
ing fire risk levels than other variables.

To analyze the relationship between input vari-
ables and fire risk labels, a scatter plot was used as an
initial exploratory step before the modeling process.
This visualization aims to observe data distribution
patterns and identify possible linear and non-linear
relationships between selected features and fire risk
levels. The results of the scatter plot analysis are
shown in Figure 4.
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Fig.4: Scatter Plot of the Relationship between Se-
lected Features and Fire Risk Labels.

Based on Figure 4, the scatter plot shows a fairly
clear relationship between input variables and fire
risk. Average Temperature tends to increase with in-
creasing risk levels, especially at values above £28°C.
Conversely, Average Relative Humidity and Rainfall
show a negative relationship, with high humidity val-
ues (> 80%) and high rainfall correlated with low fire
risk, while low values were more prevalent at high
risk. Average Wind Speed does not show a strong
linear pattern, but still plays a supporting role in fire
spread. Meanwhile, Soil Surface Moisture has the
most significant negative relationship, with low val-
ues (< 40) appearing more frequently at high risk and
high values (> 70) predominating at low risk. These
findings indicate that humidity and rainfall variables
have the strongest influence on fire risk.

To identify the contribution of each feature to
model performance, the Permutation Feature Impor-
tance method was used as an additional evaluation
approach. This method measures the decrease in
model performance when a feature is shuffled, thus
identifying its level of importance. Figure 5 shows
the results of the Permutation Feature Importance
analysis.

Based on Figure 5, it can be seen that Soil Surface
Moisture has the highest model score reduction value,
approaching 1.0, indicating that this feature is the
most dominant factor in determining fire risk. Fur-
thermore, Rainfall shows a quite significant contribu-
tion with an importance value of around 0.10-0.12,
followed by Average Temperature and Average Rela-
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Fig.5: Permutation Feature Importance (Box Plot).

tive Humidity which have a relatively small influence.
Meanwhile, Average Wind Speed shows the lowest
importance value and is close to zero, indicating its
contribution to the model is very minimal. These re-
sults are consistent with previous analyses showing
that moisture-based variables have the strongest in-
fluence on increasing fire risk.

3.2 Class distribution

The class distribution in the dataset was analyzed
to understand the data balance before the modeling
process. This analysis is important because class im-
balance can affect the model’s performance in classi-
fying accurately. Figure 6 shows the class distribution
in the dataset used in this study.
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Fig.6: Class Distribution Graph.

Figure 6 shows a highly imbalanced class distri-
bution. The Moderate class dominates the dataset
with 3,480 observations, followed by the High class
with 712 observations and the Low class with 622
observations, whereas the Very High class contains
only 62 observations. This imbalance indicates that
the model has the potential to be biased towards the
majority class and has difficulty in recognizing pat-
terns in minority classes, especially the Very High
class which has a very limited amount of data. This
condition is a major challenge in the classification
process because it can reduce the model’s sensitiv-
ity to important classes with high risk. Therefore,
this study addresses this problem by implementing
the proposed modeling approach, which is designed
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to improve the model’s ability to handle imbalanced
data and produce more accurate and stable predic-
tions across classes.

3.3 Performance of the proposed model

An initial evaluation was conducted on the baseline
stacking model before applying development mech-
anisms such as rotation and weighting. This stage
aimed to determine the baseline performance of the
model combination used and to compare it with the
proposed model. The following graph shows the re-
sults of the baseline stacking performance evaluation
across six meta-model rotation scenarios.
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Fig.7: Basic Stacking Accuracy Comparison Chart.

Figure 7 shows that the baseline stacking model
achieved relatively low performance, with accuracy
ranging from 86.42% to 87.90% across the six sce-
narios. In Scenario 1 (Meta: LightGBM), the stack-
ing accuracy was recorded at 86.42%, lower than sev-
eral base models such as Random Forest (88.62%)
and MLP (88.11%). A similar pattern is also seen in
other scenarios, where stacking is unable to surpass
the performance of the best model individually. For
example, in Scenario 3 (Meta: HistGB) and Scenario
4 (Meta: RF), the Random Forest and HistGB mod-
els still show the highest accuracy of around 88.62%,
while the stacking results are below. Even in Scenar-
ios 5 and 6, although stacking reaches around 87.90%,
this value is still not significant compared to the best
model. This indicates that without an optimization
mechanism, the aggregation process in stacking is not
able to maximize the combination of predictions from
the base models.

To address the limitations of base stacking, an ac-
curacy weighting mechanism was implemented, which
aims to optimize the contribution of each base model
based on its performance. This approach is expected
to improve model accuracy and stability through
adaptive weighting. Figure 8 shows a comparison
of model accuracy after applying accuracy weighting
across six rotation scenarios.

Scenario 1 (Meta: L Sc 2 (Meta: C4.5)
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Fig.8: Accuracy Comparison Chart Using Accuracy
Weighting Scheme.

Based on Figure 8, it can be seen that the appli-
cation of accuracy weighting significantly improves
stacking performance across all scenarios, with ac-
curacy ranging from 92.00% to 92.47%, an increase
of approximately 5%—6% compared to the base-
line stacking which was previously in the range of
86%87%. In Scenario 3 (Meta: HistGB), the high-
est accuracy was obtained at 92.47%, followed by Sce-
nario 6 (Meta: LR) at 92.35% and Scenario 4 (Meta:
RF) at 92.39%. Meanwhile, other scenarios also show
consistent improvements, such as Scenario 1 (92.27%)
and Scenario 2 (92.00%). Interestingly, the stacking
results across all scenarios are now able to surpass
the performance of the best individual model which
was previously in the range of 88.62%, indicating
that the weighting mechanism successfully optimizes
the contribution of models with high accuracy. This
improvement also demonstrates that the exponential
weighting approach can strengthen the dominance of
more accurate models while reducing the influence
of less optimal models, resulting in more stable and
consistent predictions.

To evaluate the influence of the o parameter in the
exponential accuracy weighting scheme, a sensitivity
analysis was performed to variations in the a value.
Figure 9 shows the results of the sensitivity analysis
of the o parameter on model performance.
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Fig.9: Alpha Sensitivity Analysis in Exponential Ac-
curacy Weighting.
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Figure 9 shows that increasing « from 1 to 5 sig-
nificantly improves stacking accuracy, from approxi-
mately 92.00% to 92.47% at o = 5. After reaching
the optimal point, further increases in o do not sig-
nificantly improve performance, and instead tend to
gradually decrease to approximately 92.38% at a =
10. This pattern indicates that too small an « value is
unable to significantly differentiate the contributions
between models, while too large an « value leads to
excessive dominance of certain models, thus reduc-
ing the balance of contributions. Therefore, a = 5 is
considered the optimal parameter, providing the best
balance between exploiting high-accuracy models and
maintaining predictive diversity in the stacking pro-
cess.

To evaluate the model classification performance in
more detail, a confusion matrix and classification re-
port were used for each rotation scenario after apply-
ing accuracy weighting. Overall, these results demon-
strate that the model is capable of maintaining sta-
ble and accurate performance under imbalanced data
conditions. The following is a comparison of the meta
model performance based on accuracy, precision, re-
call, and F1-score:

11
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Fig.10: Meta Model Accuracy Comparison Chart
After Accuracy Weighting Application.

Figure 10 shows that all scenarios exhibit relatively
stable and consistent performance, with evaluation
values ranging from 0.92 to 0.94. In Scenario 1 (Meta:
LightGBM), accuracy, precision, recall, and F1-score
values hovered around 0.927, indicating a good bal-
ance between the metrics. Scenario 3 (Meta: HistGB)
and Scenario 4 (Meta: RF) demonstrated the highest
performance, with values approaching 0.939-0.940,
indicating the model’s ability to classify more accu-
rately and consistently. Meanwhile, other scenarios,
such as Scenarios 2, 5, and 6, also exhibited stable
performance in the range of 0.928-0.935, with no sig-
nificant differences between the metrics. The con-
sistent accuracy, precision, recall, and F1-score val-
ues indicate that the model is not biased toward any
particular class and is well balanced in handling all
fire risk categories. This confirms that the applica-
tion of accuracy weighting not only improves accu-
racy but also maintains the stability of the model’s

overall performance. To evaluate the model’s ability
to distinguish between risk classes, Receiver Operat-
ing Characteristic (ROC) curve analysis was used for
each scenario. The following figure 11 shows ROC
curves for the six model scenarios tested.

ROC Curve - Scenario 2 (C4.5)

ROC Curve - Scenario 1 (LightGBM) ROC Curve - Scenario 3 (HistGB)
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Fig.11:
cation.

ROC Graph of Accuracy Weighting Appli-

Figure 11 shows that classification performance
varied across scenarios and risk classes. The Low
class (Class 0) achieved AUC values ranging from
0.885 to 0.950, indicating good to excellent discrim-
ination. The Moderate class (Class 1) consistently
achieved high AUC values of 0.906 to 0.912, demon-
strating strong discrimination. The High class (Class
2) showed AUC values between 0.835 and 0.920, indi-
cating generally good performance. In contrast, the
Very High class (Class 3) obtained the lowest AUC
values, ranging from 0.529 to 0.578. This lower per-
formance is likely related to the limited number of
observations, with only 62 datasets available for this
class, restricting the model’s ability to learn repre-
sentative patterns. Overall, the proposed approach
maintained strong discrimination for the Low, Mod-
erate, and High classes despite substantial class im-
balance. The rotation and accuracy based weight-
ing strategy also helped maintain relatively consistent
performance across scenarios.

To ensure the stability and generalizability of the
model, an evaluation was conducted using the K-Fold
Cross Validation method with K=10 for each sce-
nario. Table 1 shows the accuracy results for each
fold for each scenario.

The evaluation results in Table 1 show that all
scenarios have consistent performance with an aver-
age accuracy ranging from 92.00% to 92.47%. Sce-
nario 3 (HistGB) obtained the highest average value
of 92.47%, followed by Scenario 4 and Scenario 5,
which each reached 92.39%, and Scenario 6 at 92.35%.
Accuracy variation between folds is relatively small,
with the lowest value around 90.55% (Scenario 2,
Fold 7) and the highest reaching 94.25%, which ap-
pears consistently across several scenarios in Fold 9.
This stability indicates that the model has good gen-
eralization capabilities across various data subsets.
Furthermore, the absence of extreme fluctuations be-
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Table 1: Accuracy Table on Each Fold for Each Scenario.

Scenario Fold | Fold | Fold | Fold | Fold | Fold | Fold | Fold | Fold | Fold | Average
1 2 3 4 5 6 7 8 9 10 (%)
(Ef;ﬁltaélghh) 91.6 | 91.39 | 92.21 | 92.42 | 91.60 | 93.44 | 91.58 | 93.02 | 93.84 | 91.58 | 92.27
Scfgzr; 2 1 91.39 | 90.98 | 92.21 | 91.80 | 91.19 | 93.24 | 90.55 | 92.61 | 94.05 | 91.99 |  92.00
Scenario 31 o o0 | 99,01 | 92.62 | 92.21 | 91.39 | 93.44 | 91.79 | 93.63 | 94.25 | 91.58 | 92.47
(HistGB)
Sce(gfl)o 4 19160 | 91.80 | 92.42 | 9242 | 91.30 | 9324 | 91.38 | 93.22 | 94.25 | 92.2 92.39
SC&?E,@ % 19119 | 91.80 | 92.21 | 92.42 | 91.60 | 93.24 | 91.79 | 93.43 | 94.25 | 91.99 | 92.39
SC@;EE‘)O 6 19139 | 91.80 | 92.21 | 92.21 | 91.60 | 92.83 | 91.79 | 93.43 | 94.25 | 91.09 | 92.35

tween folds indicates that the model does not expe-
rience significant overfitting. The consistent perfor-
mance across scenarios also indicates that the rota-
tion and accuracy weighting approaches are capable
of producing robust models, even when tested on dif-
ferent data subsets.

3.4 Real-time iot device testing results

System testing was conducted to evaluate model
performance in real-time using data obtained directly
from IoT devices. The system implementation is pre-
sented in a Streamlit-based interactive interface that
allows for live visualization of sensor data, location,
and prediction results. Figure 12 shows the results of
real-time testing of the IoT-based prediction system
using Streamlit.

@ Smart Fire Prediction Model

ironmental parametersach a emparatre, hummidity,infl, wind speed,and sl moiature,

]

Fig.12: Real-time View of Model Testing Applica-
tion with IoT Devices.

Test results show figure 12 that IoT devices are
capable of transmitting meteorological data such as
Average Temperature, Average Relative Humidity,
Rainfall, Average Wind Speed, and Soil Surface Mois-
ture in real-time to the system. The data is then
directly processed by the Adaptive Hybrid Stacking
Ensemble model to generate automatic fire risk level
predictions. On the system display, sensor parameter
values are displayed dynamically, accompanied by lo-
cation map visualization using map visualization to
show prediction points. In addition, the system also

provides direct classification results, for example the
Very High category, based on detected environmen-
tal conditions. The integration between IoT devices
and this prediction model shows that the system is
capable of working responsively with low latency, so
it can be used as a decision-support tool in real-time
fire risk monitoring and mitigation.

3.5 Explainable ai

To improve model transparency and interpretabil-
ity, an analysis was conducted using SHAP-based Ex-
plainable Artificial Intelligence. This approach aims
to identify the contribution of each feature to the pre-
diction results for each risk class. The following figure
13 shows results of the SHAP Global Feature Impor-
tance analysis for the developed model.

SHAP Global Feature Importance (Contribution per Risk Class)

rainfall (mm) |
Soil Surface Moisture _
Average Relative Humidity (%) —
Average Temperature (°C) -
Average Wind Speed (m/s) -

BN Moderate
. Low
. High
BN Very High

0.0 0.1 0.2 0.3 0.4 0.5
Mean |SHAP Value| (Average Impact on Model Output)

Fig.13: SHAP Global Feature Importance.

The visualization results in Figure 13 show that
Rainfall is the feature with the highest contribution
to the model, with a mean [SHAP value| of approxi-
mately 0.52, followed by Soil Surface Moisture with a
value of approximately 0.30-0.32. This indicates that
these two variables have a dominant influence in de-
termining the level of fire risk. Furthermore, Average
Relative Humidity provides a moderate contribution
with a value of approximately 0.20-0.22, while Av-
erage Temperature and Average Wind Speed show
relatively small influences, each below 0.10. The dis-
tribution of contributions within each class also shows
that the High and Very High classes are more sensi-
tive to changes in Rainfall and Soil Surface Moisture
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values, as evidenced by the dominant colors in these
two features.

To analyze the contribution of features more
specifically to the highest risk class, a SHAP visu-
alization in the form of a beeswarm plot was used.
This approach allows for more detailed identification
of the distribution of each feature’s influence on the
prediction of a particular class. Figure 14 shows the
results of the SHAP Beeswarm Plot analysis for the
Very High Risk class sample.

SHAP Beeswarm Plot: Key Drivers for 'Very High' Risk

High
Soil Surface Moisture -{}—— e eee me cescme cmes
Average Relative Humidity (%) 4}—— R %
Rainfall (mm) 4+ - - am g
Average Temperature (°C) comes oo o ¢ E
Average Wind Speed (m/s) -—“—

0.0 0.1 0.2 0.3 0.4
SHAP Value (Impact on Model Prediction)

Fig.14: SHAP Beeswarm Plot.

The visualization results in Figure 14 show that
Soil Surface Moisture has the most dominant influ-
ence on the prediction of the Very High class, with
SHAP values spreading to around 0.35-0.40, espe-
cially at low feature values (marked in blue). This
indicates that the lower the soil moisture, the greater
its contribution in increasing the risk of fire. Average
Relative Humidity and Rainfall also show significant
contributions with SHAP values ranging up to around
0.25-0.30, confirming that dry environmental condi-
tions play a major role in increasing the risk. Con-
versely, Average Temperature shows a positive con-
tribution at high values (in red) with SHAP around
0.15-0.20, while Average Wind Speed has the small-
est influence with values below 0.10. This distribution
shows that the model consistently identifies moisture
as the main determinant of extreme risk conditions,
thus strengthening the model’s validity in the context
of the forest fire domain.

3.6 Discussion

The effectiveness of the proposed model is evalu-
ated through a direct comparison between the basic
stacking method and a model developed with rotation
and accuracy weighting mechanisms. This analysis
aims to demonstrate the performance improvements
achieved by the proposed approach. Figure 15 shows
an accuracy comparison between the basic stacking
and the proposed model.

The comparison results in Figure 15 show that the
proposed model consistently outperforms the base-
line stacking model across all scenarios with signif-
icant accuracy improvements. In Scenario 1, accu-
racy increases from 86.42% to 92.27%, a 5.85% in-
crease, while in Scenario 2, it increases from 87.75%
to 92.00% (+4.25%). The highest improvement oc-
curs in Scenario 3, from 86.88% to 92.47% (+5.59%),

Comparison of Accuracy
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Fig.15: Comparison Chart of Baseline Stacking Ac-
curacy with the Proposed Model.

which is also the best overall accuracy. Other sce-
narios show a similar pattern, such as Scenario 4
(87.85% — 92.39%), Scenario 5 (87.90% — 92.39%),
and Scenario 6 (87.90% — 92.35%), with an average
improvement of around 4.5% to 5.8%. These results
demonstrate that the integration of rotation mecha-
nisms and accuracy-based exponential weighting can
adaptively optimize the contribution of each model,
resulting in more stable and superior performance
compared to conventional stacking approaches.

To strengthen the research results, a comparison of
the performance of the previous stacking model with
the proposed model, which uses an accuracy weight-
ing algorithm to optimize the contribution of each
base model, was conducted. The following table 2
compares the results of the stacking model with the
proposed model.

The comparison results in Table 2 show that the
proposed model consistently provides significant per-
formance improvements across all the compared stud-
ies. In [53], accuracy increased from 88.76% to
90.21% (+1.45%), while in [54] it increased from
90.12% t0 91.34% (+1.22%). The most significant im-
provement was seen in [33], where accuracy increased
from 85.43% to 89.67% (+4.24%), accompanied by
an increase in Fl-score from 84.75% to 89.10%. In
[32], accuracy also increased from 88.22% to 90.88%
(+2.66%). In addition, all evaluation metrics such as
precision, recall, and F1-score showed consistent im-
provements with an average increase in the range of
1.2% to 4.2%. This demonstrates that applying accu-
racy weighting to the proposed model can improve the
effectiveness of the base model combination, resulting
in more optimal and stable performance compared to
conventional stacking methods.

To test the model’s generalizability, performance
evaluations were conducted on several datasets with
varying characteristics and number of classes. Table
3 compares the accuracy of the proposed model across
four different datasets.

The test results in Table 3 show that the proposed
model is able to maintain high and stable perfor-
mance on various types of datasets, both structured
and unstructured. On the meteorological dataset, the
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Table 2: Comparison of Stacking Model Results with Proposed Model.

Basic Stacking

Proposed Model

Accuracy: 88.76 %
Precision: 88.10 %
Recall: 87.95 %

F1-Score: 87.82 %

Accuracy: 90.21%
Precision: 90.05%
Recall: 89.88%

F1-Score: 89.76%

Accuracy: 90.12%
Precision: 90.45 %
Recall: 89.88 %

F1-Score: 89.76 %

Accuracy: 91.34%
Precision: 91.10%
Recall: 90.95%

F1-Score: 90.82%

Accuracy: 85.43%
Precision: 85.10%
Recall: 84.92%

F1-Score: 84.75%

Accuracy: 89.67%
Precision: 89.45%
Recall: 89.21%

F1-Score: 89.10%

Researchers | Base Model | Meta Model
[36] SVM, KNN, LR
NB, RF
[18] SVM, LR, XGBoost
MLP, RF
[17] LR, NB, KNN | NB
[16] DT, SVM, RF | LR

Accuracy: 88.22%
Precision: 87.95%
Recall: 87.60%

F1-Score: 87.41%

Accuracy: 90.88%
Precision: 90.72%
Recall: 90.55%

F1-Score: 90.41%
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model achieved an accuracy of 92.47%, while on the
Flood History Data dataset, it increased to 93.72%,
which is the highest value. On unstructured datasets
such as social media reviews and disaster-related news
with a larger number of classes (9 classes), the model
still achieved a high accuracy of 92.55%, demonstrat-
ing its adaptability to the complexity of multiclass
classification. Meanwhile, on datasets with four other
classes, the accuracy remained at around 91.24%,
which is still considered high. This consistency in-
dicates that the model is not only effective in one
domain but also able to perform optimally on dif-
ferent variations in the number of classes, thus hav-
ing strong and flexible generalization capabilities in
various prediction scenarios. Future research should
investigate the application of time-based validation
strategies, such as chronological train-test splitting or
rolling-window validation, to better reflect real-world
forecasting conditions. This approach may provide a
more realistic assessment of the proposed Adaptive
Hybrid Stacking Ensemble framework when applied
to operational fire risk prediction using temporal me-
teorological data.

4. CONCLUSION

This study successfully developed an Adaptive Hy-
brid Stacking Ensemble model for fire risk prediction
based on meteorological data and real-time IoT inte-
gration. Experimental results show that the proposed
approach can significantly improve performance com-
pared to conventional stacking methods. Model ac-
curacy increased from 86%-87% in the basic stacking
range to 92.00%-92.47%, with an average increase of
around 5%—-6% across all scenarios. The best scenario
was obtained in Scenario 3 (Meta: HistGB) with an
accuracy of 92.47%, supported by a precision value of
92.48%, a recall of 92.47%, and an F1-score of 91.90%.
The application of an exponential function-based ac-
curacy weighting scheme proved effective in optimiz-
ing the contribution of each base model, where the
optimal parameter was obtained at a value of a =
5, which was able to provide the best balance be-
tween exploiting the best model and maintaining pre-
diction diversity. Furthermore, the scenario rotation
mechanism allows for systematic exploration of model
combinations, thereby improving model stability and
generalization. This is evidenced by the K-fold cross-
validation results, which showed a stable average ac-
curacy above 92% and an AUC value of 0.98-1.00. In
terms of scientific contribution, this study presents

Table 3: Comparison of Proposed Model Accuracy Results in Testing 4 Different Datasets.

No | Dataset Type 1:;312:: Best Scenario Accuracy (%)

1 | Meteorology Structured 4 Scenario 3 (HistGB) 92.47

2 | Flood History Data Structured 4 Scenario 5 (RF) 93.72
Social media reviews and Scenario 1

3 disaster-related news Unstructured 9 (Light GBM) 92.55
Social media reviews and

4 | news related to weather and | Unstructured 4 Scenario 2 (C4.5) 91.24
fire disasters
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novelty through the integration of a model rotation
strategy, an exponential accuracy weighting scheme,
and SHAP-based explainable AI to improve model
accuracy and interpretability. The results indicate
that rainfall and soil surface moisture are dominant
factors in fire risk prediction. However, data imbal-
ance remains a challenge. Future research is recom-
mended to utilize a multi-layer stacking architectural
approach with accuracy weighting to improve perfor-
mance. Integration with real-time IoT systems also
demonstrates potential for broad implementation in
fire early warning systems.
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