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1. Introduction
Floods are one of the most frequent hydrometeorological disasters in Indonesia and other tropical
countries[1]. The impacts not only include damage to infrastructure and the economy, but also loss of life
and disruption to ecosystems and public health[2]. The complexity of flood causes that include natural and
anthropogenic factors demands an intelligent data-based approach to predict the level of risk accurately and
adaptively[3].
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With the increasing availability of structured environmental and social data, artificial intelligence (Al)
approaches through machine learning (ML) and deep learning (DL) have great potential in building flood
risk prediction systems[4,5]. In various studies, ML models such as Decision Tree, Random Forest,
LightGBM, Gradient Boosting, and XGBoost have been shown to provide high accuracy on tabular data,
mainly due to their ability to capture non-linear relationships and their ease of interpretation[6—10].

Previous studies have widely utilized ML for flood prediction based on tabular data. Models such as
Decision Tree, Random Forest, LightGBM, Gradient Boosting, and XGBoost have become popular
approaches due to their stability, ability to handle multivariate numerical data, and relatively simple model
interpretation[11-15].

Deep learning models such as LSTM, BiLSTM, CNN, and Transformer, although commonly used for
time-series and spatial data, are also starting to be explored for structured data-based classification[16—19].
Deep learning approaches such as LSTM, BiLSTM, CNN, and Transformer are widely used for sequential
or spatial data, such as satellite imagery and text data[20—22]. The results of studies by several researchers
show that DL still faces challenges in outperforming ML on ordinary tabular data, unless the data is very
large or has complex sequential patterns[23,24]. Nevertheless, the DL model remains relevant to be studied
as an alternative classification of flood risk levels if given an appropriate architecture[25].

Several studies have shown that DL models do not necessarily outperform ML models when applied
to tabular data, especially in the context of predictive classification such as flood risk. Others have
concluded that DL models tend to overfit and require complex tuning, and are often outperformed by
simple, well-tuned tree-based models for structured data[26]. In addition, most studies only focus on one
type of model or use a suboptimal pipeline, making the evaluation results difficult to compare fairly.

The dataset used in this study consists of 22 features covering indicators such as Monsoon Intensity,
Urbanization, Deforestation, Siltation, Drainage Systems, to Political Factors. The classification target is
Flood Risk Level which is divided into four classes: Low, Moderate, High, and Very High. With these data
characteristics, a multi-class classification approach based on structured data is a challenge as well as an
opportunity to comprehensively evaluate the performance of various Al models.

However, two main issues that often arise in disaster classification data are class imbalance and
feature redundancy[27]. To overcome this, this study applies two important methods: SMOTEENN and
LASSO Regression. SMOTEENN is a combination of Synthetic Minority Oversampling Technique and
Edited Nearest Neighbors, which not only balances the amount of data between classes, but also cleans
noisy data from the majority class[28]. This method is proven to be superior to regular SMOTE in
improving model generalization in multi-class classification cases[29].

LASSO (Least Absolute Shrinkage and Selection Operator) is used as an effective feature selection
technique to filter important features by penalizing small regression coefficients[30,31]. The use of LASSO
helps prevent overfitting and increases model efficiency, especially on data with many numerical features
such as in this study[32].

The main novelty in this study is the integration of SMOTEENN and LASSO-based preprocessing
pipelines, which are then used to systematically compare the performance of 15 machine learning models and
6 deep learning models in classifying flood risk levels based on multivariate structured data. This dual-stage
preprocessing approach combines resampling and feature selection, enabling the dataset to become both more
balanced and more informative before being fed into the classification models. By applying SMOTEENN,
the study addresses class imbalance through synthetic oversampling while simultaneously removing noisy
instances, resulting in cleaner and more representative training data. LASSO further refines the dataset by
selecting the most relevant predictors, reducing dimensionality and preventing overfitting.

Beyond providing performance evaluation results using common metrics such as accuracy,
precision, recall, and Fl-score, this research also examines how each preprocessing stage contributes to
improvements in model robustness and prediction consistency. The comparative analysis offers deeper
insights into which algorithms benefit most from the enhanced data pipeline and how the combination of
SMOTEENN and LASSO influences different model families. Overall, this study contributes a
comprehensive framework for improving flood risk classification, demonstrating that thoughtful
preprocessing can significantly elevate predictive performance across diverse modeling approaches.

2. Research Method
This research was conducted through a series of systematic and structured stages to obtain an optimal
flood risk prediction model based on structured data. Each stage is designed to ensure that the data used has
gone through the right selection, balancing, and modeling process, so that the final results obtained can be
relied upon for the purpose of multi-class flood risk classification. The process starts from data collection,
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followed by preprocessing, feature selection, to training and evaluation of machine learning and deep
learning models. The research flow can be explained through the following figure:

Feature Selection
[LASS0)

Labeling

SMOTEENN

h A

Data Splitting

v v

[Machine Learning Mndela] [ Deep Learmning Models ]
L3 v

LightGBM, C.45, MLP,
Random Forest, HGB,
LR, KNHN, SVM, NB,
CatBoost, Decision
Tree, Gradient
Boosting, ADAEBoost,
XGBoost, Extra Trees.

LSTM, BiLSTM, CNN
Transformer.

Comparison
Analysis

Evaluation

Figure 1. Research Flow Diagram

The stages of the research can be explained as follows:
1. Dataset Collection

The initial stage of this research is the process of collecting data used to build a flood risk prediction
model. The data that has been collected amounts to 50,000 data, which includes various environmental and
social features such as monsoon rainfall intensity, river management quality, deforestation, urbanization,
drainage systems, and political factors. This dataset is structured in tabular format and has been successfully
collected as the main foundation for the next research process. The dataset was obtained from Kaggle.com,
an open-access data repository, where the information is publicly available and licensed for research use. All
data used in this study are anonymized and aggregated, containing no personal identifiers. Therefore, no
additional ethical clearance was required, and the use of the dataset complies with the terms and conditions of
Kaggle’s open data license.

2. Preprocessing

After the data has been successfully collected, the next stage that will be carried out is
preprocessing. This stage includes checking for duplicate data and missing values, as well as standardization
or normalization of data if necessary. In addition, adjustments to the variable format and encoding of
categorical features (if any) will be carried out so that the data is compatible with the machine learning and
deep learning algorithms used.

3. Feature Selection using LASSO

To simplify the model and improve prediction accuracy, this study will apply the Least Absolute
Shrinkage and Selection Operator (LASSO) method. This method functions to select the most relevant and
significant features to the target variable, while eliminating redundant or less influential features. Thus, the
model built becomes more efficient and avoids overfitting.
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4. Labeling

The labeling stage will be carried out to determine the flood risk class for each data based on certain
parameters available in the dataset. The labels used are multi-class, consisting of four categories: Low,
Moderate, High, and Very High. This labeling process is important for defining the target variable in the
supervised learning process in classification.

5. Data Balancing

Because the class distribution in the dataset is likely to be unbalanced, the SMOTEENN technique
will be applied. This method is a combination of SMOTE (Synthetic Minority Oversampling Technique) to
add synthetic data to the minority class, and ENN (Edited Nearest Neighbor) to remove noisy data from the
majority class. The goal is that the model built is not biased towards the majority class and is able to
recognize patterns from the minority class better.

6. Data Splitting

After the data has been preprocessed and balanced, the next step is to separate the data into two
parts: training data and testing data. This division will be done with a general ratio such as 80:20 or 70:30.
Training data will be used to build models, while testing data will be used to evaluate model performance
objectively and independently.

7. Machine Learning and Deep Learning Model Training

At this stage, training data will be used to build and train prediction models using various
algorithms. For machine learning, 15 machine learning models will be used. Meanwhile, for deep learning,
the LSTM, BIiLSTM, CNN, RNN, GRU, and BiGRU architectures will be used. These models will be
compared based on the results of the flood risk classification.

8. Comparative Analysis

After all models have been trained and tested, a comparative analysis will be carried out to find out
which model gives the best results. This analysis will be carried out by comparing the performance of each
model based on evaluation metrics such as accuracy, precision, recall, and F1-score, as well as the Confusion
Matrix. With this analysis, the advantages and disadvantages of each approach can be identified
quantitatively.

9. Evaluation

The final stage of this research is a comprehensive evaluation of the results of the model and the
process that has been carried out. The evaluation includes not only classification performance, but also the
effectiveness of preprocessing (SMOTEENN and LASSO), computational efficiency, and potential
implementation in the field. From the results of this evaluation, recommendations will be given for the best
prediction model that is suitable for application to structured flood data in real scenarios.

3. Result and Discussion

3.1. Dataset and Preprocessing

The dataset used in this study consists of 50,000 entries with 22 predictor features and 1
classification target, all organized in a structured tabular format. Each predictor feature represents a
quantitative indicator related to flood risk, covering environmental, infrastructural, and socio-economic
dimensions. Key variables include river governance quality, levels of deforestation, rates of urbanization,
drainage system performance, rainfall intensity, soil permeability, land-use patterns, and population density.
These features were selected to ensure a comprehensive representation of the factors that influence flood
vulnerability across different regions. The dataset’s large size supports robust model training and reliable
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evaluation, enabling both traditional machine learning and deep learning models to capture meaningful
patterns. An illustration of the dataset structure and feature distribution is presented in Figure 2, providing a
clearer overview of the data components used throughout the analysis.
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Figure 2. Initial Dataset View of Flood Risk Prediction

Based on Figure 2, each feature is represented in the form of a standardized numeric value on an
ordinal scale range between 1 and 10. The Flood Risk Level feature shows a qualitative class label (Low,
Moderate, High, and Very High), while the Flood Risk Level id column is used as a numeric target for the
purposes of machine learning and deep learning model classification. In addition, the Flood Probability
feature is a continuous numeric and is not used as the main target. The distribution pattern shows that not all
classes have a balanced amount of data, so a balancing technique is needed to avoid classification bias
towards the majority class.

3.2. Feature Selection

The feature selection process was carried out using the LASSO (Least Absolute Shrinkage and
Selection Operator) method, which effectively filters the most significant features for the flood risk
classification target. LASSO penalizes small regression coefficients, so that less relevant features are
automatically eliminated. The results of this process produce eight main features that are retained, namely:
MonsoonlIntensity, TopographyDrainage, RiverManagement, Deforestation, Urbanization, DrainageSystems,
WetlandLoss, and DeterioratingInfrastructure.
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Figure 3. Heatmap of Correlation Between Selected Features (LASSO)

Figure 3 shows the correlation heatmap between features selected using the LASSO method. The
results of the correlation analysis indicate that most features have very low correlation with each other, with
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coefficient values ranging from -0.01 to 0.01, except for the main diagonal which represents a perfect
correlation (value 1.00) with itself. This indicates that there is no significant multicollinearity between
features, so that each feature contributes unique information to the classification model. The diversity of
information between features is important in building a prediction model that is not only accurate but also
resistant to overfitting, especially in complex tabular data such as in the case of flood risk prediction.

3.3. Class Distribution and Data Balancing

The class distribution in the original dataset shows an imbalance in the number of samples between
flood risk classes. This imbalance has the potential to cause the classification model to be biased towards the
majority class and fail to recognize patterns from the minority class effectively. To overcome this, two data
balancing approaches were used: SMOTE and SMOTEENN. The class distribution display before and after
balancing can be seen in Figure 4.
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Figure 4. Comparison of Class Distribution: Original, SMOTE, and SMOTEENN

Based on Figure 4, it can be seen that the SMOTE method produces a truly balanced class
distribution, with the same number of samples for all four classes. However, this approach tends to add
synthetic data without considering the possibility of noisy or borderline data, which can increase the risk of
overfitting, especially in minority classes that were previously very limited. In contrast, the SMOTEENN
method provides more adaptive results. Although the class distribution is not completely balanced, this
approach combines the advantages of oversampling from SMOTE and the ability of ENN to remove noisy or
ambiguous data from the majority class. The end result is a distribution that is more representative of real
patterns, with reduced potential noise and increased quality of model generalization. Therefore, SMOTEENN
is considered more effective in maintaining the balance and cleanliness of training data for flood risk
classification.

3.4. Machine Learning Model Evaluation Results

To evaluate the performance of each machine learning model in classifying flood risk levels, 15
algorithms were tested using the main evaluation metrics of accuracy, precision, recall, and F1-score. Each
model was trained on LASSO and SMOTEENN preprocessing data to ensure efficiency and balance of class
distribution. The classification results can be seen in Table 1.

Table 1. Classification Report of Machine Learning Models on Flood Risk Prediction Dataset

Model Accuracy Precision Recall F1-Score
Logistic Regression 0.94 0.95 0.94 0.94
MLP 0.96 0.96 0.97 0.96
LightGBM 0.94 0.95 0.95 0.95
Random Forest 0.95 0.95 0.95 0.95
C4.5 0.97 0.96 0.96 0.96
HistGradientBoosting 0.93 0.93 0.92 0.92
SVM 0.77 0.77 0.77 0.77
XGBoost 0.76 0.76 0.76 0.76
Extra Trees 0.72 0.71 0.72 0.69
KNN 0.71 0.69 0.71 0.69
AdaBoost 0.7 0.8 0.7 0.7
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Gradient Boosting 0.7 0.7 0.7 0.68
Naive Bayes 0.68 0.67 0.68 0.64
CatBoost 0.61 0.6 0.61 0.6
Decision Tree 0.6 0.59 0.6 0.6

The results in Table 1 show that the top six models — namely Logistic Regression, MLP, LightGBM,
Random Forest, C4.5, and HistGradientBoosting — provide very high classification performance, with
accuracies ranging from 93% to 97%. The C4.5 and MLP models even record accuracy and F1-score values
of up to 96%—97%, reflecting their ability to capture complex patterns in multivariate tabular data. The
advantages of Logistic Regression and LightGBM are also evident from their excellent balance of precision
and recall, making them ideal choices for classification cases with high interpretability and computational
efficiency requirements.

The Random Forest and HistGradientBoosting models showed competitive performance with stable
Fl-score above 92%, indicating their reliability in recognizing all flood risk classes, including minority
classes. This strengthens the effectiveness of the tree-based ensemble model in dealing with the complexity
of environmental variables such as those found in the dataset. The combination of LASSO and SMOTEENN
preprocessing also proved to support the stability of the performance of these models, by reducing noise and
maintaining fair representation between target classes.

To measure the classification accuracy in more detail, a confusion matrix visualization was performed
on the six best performing machine learning models. This matrix shows the distribution of correct and
incorrect predictions for each flood risk class, consisting of Low, Moderate, High, and Very High. The
appearance of the confusion matrix can be seen in Figure 5.
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Figure 5. Confusion Matrix for Six Best Performing Machine Learning Models on Flood Risk Classification

Based on Figure 5, all models show good ability in recognizing flood risk classification patterns, with
high values dominating the main diagonal indicating correct predictions. The C4.5, MLP, and Logistic
Regression models appear very consistent in predicting the four classes equally, while Random Forest and
LightGBM show a slight tendency for misclassification between adjacent classes such as Moderate to High.
The HistGradientBoosting model excels in recognizing the Moderate and Very High classes, which are
generally difficult to recognize because their previous class representations are unbalanced. Overall, these six
models not only excel in terms of numerical metrics (such as accuracy and F1-score), but also show a stable
classification distribution across all target classes.

To provide a comparative overview of the performance of machine learning models in classifying
flood risk levels, a visualization of the accuracy of all models used in this study is performed. This graph
facilitates visual analysis of the relative advantages of each classification algorithm. The display of model
accuracy comparison can be seen in Figure 6.
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Figure 6. Comparison Chart of Accuracy of Machine Learning Models for Flood Risk Level Prediction

Figure 2 shows that decision tree and neural network-based models such as C4.5, MLP, Random
Forest, and LightGBM have excellent fit to the multivariate tabular data used in this study. The data
consisting of environmental and social indicators are discrete numeric, which is well suited to be processed
by these models due to their ability to capture non-linear relationships and manage complexity between
features without requiring intensive data transformation. The C4.5 model excels in interpretability and is very
effective in handling multi-class data, while MLP shows strength in detecting complex patterns due to its
deep network structure. Random Forest and LightGBM, as tree-based ensemble models, offer a combination
of high accuracy and resilience to overfitting.

On the other hand, models such as Logistic Regression and HistGradientBoosting continue to perform
well due to their stability in structured data, but tend to be limited when there are complex non-linear
interactions. Meanwhile, models such as CatBoost, Naive Bayes, and Decision Tree recorded lower accuracy.
This could be due to sensitivity to class distribution and reliance on simple assumptions (such as feature
independence in Naive Bayes). The CatBoost model, which usually excels in categorical data, is not fully
optimal on the discrete numeric features that dominate this dataset. This result confirms that the effectiveness
of a model is greatly influenced by the suitability of its architecture to the characteristics of the data used.

3.5. Deep Learning Model Evaluation Results

As part of the performance evaluation, six deep learning architectures were applied to predict flood
risk levels using preprocessed tabular data. Evaluations were conducted on CNN, LSTM, GRU, BiLSTM,
BiGRU, and RNN models based on accuracy, precision, recall, and Fl-score metrics. The classification
results can be seen in Table 2.

Table 2. Classification Report of Deep Learning Models for Flood Risk Level Prediction

Model Accuracy Precision Recall F1-Score
CNN 0.90 0.90 0.90 0.90
BiGRU 0.90 0.90 0.90 0.90
LSTM 0.90 0.90 0.89 0.90
GRU 0.89 0.89 0.89 0.89
BiLSTM 0.91 0.91 0.91 0.91
RNN 0.89 0.89 0.89 0.89

Based on Table 2, the BILSTM model shows the best performance with accuracy, precision, recall,
and F1-score values of 0.91 each. This shows the superiority of the two-way architecture in capturing data
sequence patterns, even though the data used is tabular and not explicitly sequential. In addition, the CNN,
BiGRU, and LSTM models also performed very well with stable scores at 0.90, indicating consistency in
recognizing flood risk classes even though the input structure does not come from the spatial or time-series
domain.

Meanwhile, the GRU and RNN models showed slightly lower performance with an accuracy of 0.89.
Although the difference is not significant, this shows that models with deeper memory capacity (such as
LSTM and BiGRU) have an advantage in adjusting to the complexity of variables in the data. In general, all
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deep learning architectures show quite competitive performance and are able to classify flood risks
effectively after going through the right preprocessing stages. However, small differences in metric values
can be a determinant in selecting a model for real implementation based on computational resource
requirements and interpretability.

As part of the model performance evaluation, a confusion matrix analysis was performed on six deep
learning architectures: CNN, BiGRU, LSTM, GRU, BiLSTM, and RNN. This visualization aims to show the
distribution of correct and incorrect predictions for each flood risk class, namely Low, Moderate, High, and
Very High. The appearance of the confusion matrix can be seen in Figure 7
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Figure 7. Confusion Matrix of Deep Learning Models for Flood Risk Level Classification

Based on Figure 7, it can be seen that all models are able to recognize the main classes quite well,
especially on the main diagonal which shows correct predictions. The LSTM and BiLSTM models show a
very stable distribution, with almost perfect predictions in all classes. The CNN and BiGRU models also
show competitive performance, although there are still a small number of misclassifications in the Moderate
and High classes. Meanwhile, RNN and GRU show a tendency for higher misclassifications between
adjacent classes, especially between the High and Very High classes. This shows that models with deep
memory architectures such as LSTM and BiLSTM are more effective in capturing the complexity of flood
data that has been processed through SMOTEENN, while simpler models tend to be more susceptible to
overlap between classes. The graph below presents the performance of each Deep Learning model based on
the processed data. The comparison of model accuracy can be seen in Figure 8.

O%Jmparison Chart of Accuracy of Deep Learning Models for Flood Risk Level Prediction
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Figure 8. Comparison Chart of Accuracy of Deep Learning Models for Flood Risk Level Prediction
Based on Figure 8, it can be seen that all deep learning models show quite high performance, with
accuracy ranging from 0.89 to 0.91. The BiLSTM model appears to be the most superior with an accuracy of
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0.91, indicating its ability to capture two-way sequential relationships between complex features. The CNN,
BiGRU, and LSTM models follow with equivalent accuracy, namely 0.90, indicating stability in recognizing
tabular data classification patterns. Meanwhile, the GRU and RNN models recorded an accuracy of 0.89,
slightly lower but still competitive. This graph confirms that architectures with deeper network complexity
and sophisticated sequence processing mechanisms have advantages in dealing with flooded data that has
gone through the balancing process.

To get an overview of the performance of all models used in flood risk classification, a visualization
of the accuracy comparison of 21 algorithms consisting of machine learning and deep learning models was
performed. The data has gone through the preprocessing stage, feature selection with LASSO, and class
distribution balancing using SMOTEENN. The overall accuracy comparison display can be seen in Figure 9.

Comparison Chart of Accuracy of Machine and Deep Learning Models for Flood Risk Level Prediction

1.00

Accuracy

Model

Figure 9. Comparison Chart of Accuracy of Machine and Deep Learning Models for Flood Risk Level
Prediction

Based on Figure 9, the C4.5 model recorded the highest accuracy of 0.97, followed by MLP, Random
Forest, and Logistic Regression with accuracies ranging from 0.94 to 0.96. These models are known to excel
in handling tabular data, and their high performance indicates that flood risk data that has gone through the
feature selection and balancing process is suitable for processing with decision tree-based models and
structured neural networks. The LightGBM and HistGradientBoosting models also showed high performance
with accuracies above 0.93, indicating the effectiveness of the boosting approach in combining the
weaknesses of weak trees into stronger and more stable predictions. The superiority of these models is driven
by their ability to manage multivariate numerical features and the adaptability to minimal noise from the
SMOTEENN results.

Meanwhile, deep learning models such as BiLSTM, CNN, BiGRU, and LSTM showed competitive
accuracy in the range of 0.89 to 0.91. Architectures such as BiILSTM and CNN are able to capture spatial or
sequential patterns even though the data is tabular, thanks to their complex internal representations. However,
models such as RNN and GRU tend to produce slightly lower accuracy, indicating that simpler network
structures are less effective in mapping relationships between features in data that are not explicitly temporal.
On the other hand, models such as Decision Tree, Naive Bayes, and CatBoost show the lowest performance,
each with an accuracy below 0.70. This can be attributed to the limitations of these models in handling non-
linear relationships and their high sensitivity to data imbalance before balancing. Overall, this graph confirms
that the success of flood risk classification is highly dependent on the match between the model architecture
and the characteristics of the dataset after preprocessing and balancing.

4. Conclusion

This study successfully evaluated and compared the performance of 21 Machine Learning and Deep
Learning models in flood risk classification based on tabular data that had gone through the feature selection
stage using LASSO and class distribution balancing with SMOTEENN. The evaluation results showed that
the C4.5, MLP, Random Forest, and Logistic Regression models ranked top in terms of accuracy, precision,
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recall, and Fl-score, with an accuracy of more than 94%. These models were able to capture non-linear
relationships between features and demonstrated robustness to noise and multicategory data. Boosting
models such as LightGBM and HistGradientBoosting also demonstrated competitive performance, indicating
the effectiveness of ensemble techniques in multi-class classification based on structured data.

On the other hand, deep learning models such as BiLSTM, CNN, and BiGRU proved their ability to
produce high accuracy of up to 91%, even though the data did not have explicit sequential characteristics.
The advantage of this DL model lies in its deep internal representation capacity and flexibility to input
variations. Meanwhile, simple models such as Decision Tree, Naive Bayes, and CatBoost show limitations in
handling data complexity, as evidenced by low accuracy and unbalanced prediction distributions. Overall
results show that selecting the right model must consider data characteristics, interpretability needs, and
computational efficiency. With the pipeline that has been built, the results of this study can be a foundation
for the development of a more precise and adaptive Al-based flood risk early warning system in the future.

This study has several limitations. The dataset was restricted to tabular structured data, without
incorporating spatial or temporal variables such as satellite imagery or real-time IoT sensor data, which may
reduce generalizability. Deep learning models also showed potential overfitting due to data size and
characteristics. In real-world settings, challenges remain in ensuring high-quality real-time data, adequate
computational resources, and integration with existing flood early warning systems.
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