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Floods are hydrological disasters that cause significant economic
losses and require rapid and accurate demage estimates to support post-
disaster decision-making. However, the process of assessing damage
in the field by relevant agencies often takes months, thereby hindering
rocovey efforts. This study proposes a two-stage machine learning
approach to improve the accuracy of floods loss predictions by
integrating unsupervised and supervised learning methods. In the first
stage, K-Means Clusteriing is used to group 294 flood events in
Gorontalo Province based on rainfall intensity, number of victims,
number of affected houses, and infrastructure damage. The cluster
labels are then used as additional features in the second stage to train
a Support Vector Machine (SVM) model to predict economic loss
values. Model evaluation is performed using RMSE and R2 metrics
with an 80:20 data split. The results show that adding cluster features
significantly improves model performance, with a 4.27% decrease in
RMSE and a 3.43% increase in R2 compared to the baseline model
without them. These findings prove that clustering-based feature
engineering can enrich data representation and overcome the
heterogeneity of loss patterns that cannot be captured by basic features
alone. This approach provides theoretical contributions to the
development of predictive models for disaster losses and practical
contributions to rapid loss estimation for flood management policies.
Further research is recommended to expand hydrological features and
evaluate alternative ensemble-based models to improve prediction
quality.
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1. INTRODUCTION

Floods are among the most frequent and destructive natural disasters worldwide, causing loss of life,
property damage, and significant economic disruption. This is especially true in tropical countries such as
Indonesia, where high rainfall, topographical factors, and land-use changes exacerbate the risk of flooding [1],
[2], [3]. The province of Gorontalo is a prime example of this vulnerability, with 169 flood events between
2010 and 2019, affecting more than 1.2 million people and potentially causing hundreds of billions of rupiah
in economic losses each year [4]. The protracted process of damage assessment and post-disaster fund
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allocation, which can take up to 90 days according to the National Disaster Management Agency (BNPB),
further exacerbates economic losses by delaying recovery [5]. This underscores the urgent need for rapid,
accurate estimates of flood damage to enable targeted, efficient mitigation responses.

In this context, machine learning (ML) offers promising tools for predictive modeling. Among
supervised learning algorithms, the Support Vector Machine (SVM) has demonstrated high effectiveness in
disaster-related prediction tasks, achieving up to 95% accuracy in identifying flood-prone areas [6].
Simultaneously, unsupervised learning methods such as K-Means Clustering have been successfully applied
to group areas with similar disaster risk characteristics [7]. However, conventional predictive models often
treat all flood events uniformly, ignoring the inherent diversity in scale, impact, and triggering factors. The
same approach to all of these can limit prediction accuracy, as a single model may not sufficiently capture the
distinctive patterns of different types of floods.

Recent research indicates that a hybrid approach, integrating unsupervised and supervised learning,
can improve predictive performance. Recent studies suggest that Clustering can reveal hidden patterns in data,
thereby enriching the feature space for subsequent predictive models [8]. While previous studies have used
SVM for flood hazard mapping or K-Means for region clustering separately, there is a gap in the literature on
combining these methods specifically for flood loss prediction. Furthermore, most existing research focuses
on predicting flood events or spatial vulnerability, with little emphasis on quantitative estimation of economic
losses.

To address this gap, this study proposes a novel two-stage machine learning approach that integrates
K-Means Clustering as a feature engineering technique to improve the Support Vector Machine model's
accuracy in predicting flood losses in Gorontalo Province. The first stage involves clustering historical flood
events into groups based on their characteristics (e.g., rainfall, casualties, damaged infrastructure). The
resulting cluster labels are then incorporated as new contextual features in the second stage, where the SVM
model is trained to predict economic losses. This methodology allows the model to first understand the "type"
of flood event before estimating its financial impact, leading to more nuanced and accurate predictions. The
main innovation of this research lies in the clustering-based feature engineering framework in this two-stage
ML pipeline, which is designed explicitly for flood loss estimation, unlike conventional single-stage modeling.
This approach is expected to provide a more robust tool for disaster management stakeholders, facilitating
faster, more targeted mitigation and recovery planning.

2. RESEARCH METHOD

2.1. Research Stages
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Figure 1. Research Stages

This study adopts the Cross-Industry Standard Process for Data Mining (CRISP-DM) methodology,
modified to accommodate the two-stage machine learning approach [9]. This quantitative research design aims
to develop a predictive model for flood loss estimation by integrating unsupervised and supervised learning
techniques.
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a. Flood Data Collection: Data was obtained from four government agencies in Gorontalo Province: BPBD
(flood event and impact data), BPS (demographic and socioeconomic data), BMKG (rainfall data), and the
Social Services Agency (data on refugees and damage). The dataset covers 294 flood events from 2010 to
2024, including variables such as the number of victims, the number of flooded houses, infrastructure
damage, rainfall, and potential economic losses.

b. Data Preprocessing: preparing data for analysis. Data is cleaned by imputing missing values and
normalizing each variable to a uniform scale using the Standard Scaler. Outliers are also identified and
handled to avoid interference with the analysis results. For categorical variables such as the location of
occurrence, one-hot encoding is used for transformation.

¢. K-Means Clustering (Stage 1): flood event data is grouped based on similar characteristics. First, the
optimal number of clusters will be determined by looking at the silhouette value. After that, the K-Means
algorithm is run using variables such as the number of victims, the number of flooded houses, and rainfall.
As a result, each flood event is assigned a cluster label reflecting its similarity to other events.

d. Cluster Characteristics Analysis: Descriptive statistics for each cluster will be examined to understand each
cluster's profile.

e. Feature Engineering: additional features will be prepared for the prediction model. The earlier cluster labels
are used as new features. The most influential features are selected using Pearson correlation analysis. The
result is a dataset enriched with additional information from the clustering process.

f. Dataset Division: The data is split into two parts: training and testing. The division is carried out by
considering the proportions of each cluster to ensure representativeness. As a baseline, 70% of the data is
used to train the model, while the remaining 30% is used to test the model's performance. Cross-validation
is also used to assess the model's reliability. The dataset will be split using several other ratios to find the
ratio with the highest accuracy.

g. A prediction model was developed using a Support Vector Machine with Cluster Features. The model will
be trained on two datasets for comparison: the first dataset contains only basic features, while the second
dataset adds cluster information as additional features. Model parameters are tuned to achieve optimal
performance.

h. Model Validation: The model is validated to measure its accuracy. The evaluation metrics used are RMSE
() and R-squared to assess how closely the model's predictions match the actual values. Statistical tests
are also used to ensure that differences in model performance are significant.

i. Performance Comparison: The two developed models were compared. The comparison was based on
evaluation metrics. The results of this comparison indicate whether adding cluster features improves
prediction accuracy.

j. Interpretation of research analysis results. At this stage, the author used Al tools to develop the presentation.
The tools used included ChatGPT to help researchers find interesting synonyms and equivalents, and
Grammarly to improve the structure of English sentences.

3. RESULTS AND DISCUSSION

3.1. Data Preprocessing Results

Two hundred ninety-four data entries were successfully collected, including the following variables:
Date/Time of Event, Location of Event, Injuries/llinesses, Victims, Evacuees, Severely Damaged Houses,
Mildly Damaged Houses, Flooded Houses, Damaged Public Facilities, Damaged Bridges, Rainfall, and
Potential Losses. The data preprocessing stage was successfully carried out on 294 flood event data. After the
data cleaning process, which included handling missing values and outliers, 160 data sets were obtained that
were ready for further analysis.

Table 1. Flood Data Summary

no Date/Time Location of Event Injuries/Ilin Victims Evacua Severe  Modera
of Event esses ted ly tely
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1 January 19, Boalemo 0 0 3640 0 0
2017
2 03/07/2024 Bone Bolango 0 8503 53 14 0
3 02/06/2017 Gorontalo 0 3877 200 1 0
4 July 24, Gorontalo City 0 32,511 4705 719 76
2020
5 January 22, Pohuwato 0 3040 0 10 0
2012
Slightly Flooded  Damaged Damaged Bridges Rainfall Potential Losses
damaged Houses Public (mm3)
houses Facilities
12 728 0 0 304.85 Rp.298,844,544
26 1821 0 0 402 Rp2,056,441,938
3 720 0 0 293 Rp232,473,030
660 5248 0 0 366 IDR 89,482,320,714
5 0 0 0 142.43 Rp1,137,494,400

3.1.1 Data Normalization
Based on the figure, the three variables have been normalized to a scale of 0.0 to 1.0, centered at 0.0.
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Figure 2. Comparison of Data Before and After Normalization
3.1.2 One-Hot Encoding
After one-hot encoding, the location variable was successfully converted from a categorical to a
numerical variable, resulting in 17 additional columns.

3.2. Clustering Analysis (Stage 1)

3.2.1 Determining the Optimal Number of Clusters
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Figure 3. Silhouette Score for the optimal number of clusters k
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As seen in the figure, the number of clusters with the highest silhouette value is k=2. A high silhouette
value indicates that the data within a cluster are more similar to each other than those across clusters.

3.2.2 Characteristics of Each Cluster
From the results of determining the number of clusters using the silhouette score, the flood clusters
will be divided into two, namely cluster zero and cluster 1, with cluster O labeled as "Moderate Flood" and
cluster 1 labeled as "Extreme Flood," which have the following characteristics:
1. Cluster 0 — Moderate Flood: average rainfall < 300 mm3, average losses < 50 billion, average number of
submerged houses < 4000 houses, and average number of victims < 6000 people.
2. Cluster 1 — Extreme Flood: average rainfall > 300 mm3, average losses > 60 billion, average number of
flooded houses > 4000 houses, and average number of victims > 16,000 people.
3.3 Feature Engineering

3.3.1 Pearson Correlation Analysis

Luka / Sakit -JuMield@ 0054 | 0.444 -0.009 -0.011 -0.002 | 0.478 0422 0104 0118 0064

10
Korban - 0.054 [BWLM 0015 0027 0027 0002 0031 0013 -0.007 0.003 0.047

Mengungsi - 0.444 0.015 WG/ 0249 0204 0097 0453 0280 0202 0203 0297

Rumah Rusak Berat - 0.009 0.027 0249 [Tl 0.016 0.015 0120 kI
Rumah Rusak Sedang - 0.011 0027 0204 | (a0 ISIGGGE 0260 0408 ©0.033 0.020 0161 0.6
Rumah Rusak Ringan - 0.002 0002 0097 0260 [EIOLN 0450 0016 0.007 0.071 M

-04
Rumah Terendam - 0.478 0031 @ 0453 0408 0450 guishhiN 0234 0076 0359

Fasilitas Umum Rusak - 0422 0013 0280 0016 -D033 0016 0234 EEKGLHLE 0528 0134 0206

0.8

-0.2
Jembatan Rusak - 0.104 0007 0202 0015 0020 0007 0076 | 0528 WKL 0098 0217
Curah Hujan - 0.118 0003 0203 0120 0161 0071 0350 0134 0098 KL 0151 —0.0

potensi kerugian - 0.064 0047 0.297 M 0.206 0217 0151 [QEE]
I I I | | I I I
. . « “«

X
"J'sp io,oo o“&\ 5 '6‘6’0(‘ o&& S %‘g? '2“.)@(\ &éo(\
‘_'a-\ © E - *f"a ,st-% & & & &N
N DG S S I S A AP
<~ K\@ o ,.\)@ S & &

Figure 4. Heatmap of Pearson Correlation Analysis

The graph above shows the correlation between the variables. As seen in the image, the level of
correlation ranges from white to red. The redder a variable is, the higher its correlation with other variables.
After conducting a Pearson correlation test, it was found that the variables of severely damaged houses, slightly
damaged houses, moderately damaged houses, damaged public facilities, and damaged bridges are correlated
with the variable of potential losses.

3.3.2 Dataset Division
The model was created with options for selecting the ratio of training data and testing data, enabling
more in-depth analysis.
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3.4 SVM Model Development (Stage 2)

# SVM Flood Damage Prediction — a x
Model Training Prediction
Data Input

Load Dataset Excel  Dataset: 160 rows, 18 columns

Model Configuration

Kemel: rbf C (Regularization): 0.5
Gamma: scale 1 Train-Test Split: [ | 20% Training, 20% Testing

Model trained successfully!

[Train Model|  Evaluate Model  Feature Importance

Results

=== MODEL TRAINING COMPLETE ===

rained and ready for evaluation!

[Model trained successfully - Ready for evaluation

Figure 5. Application Interface

The model was created in Python using the Visual Studio Code editor. The model was designed with
an interface to help users more easily predict losses. There are two pages, namely Model Training and
Prediction.

On the Model Training and Prediction pages, there are several menus, namely:

a. Data Input is used to input the dataset to be processed. The input dataset is in Excel format (.xIsx).

b. Model Configuration used to tune the C and gamma parameters, as well as the ratio of the dataset to the
training data.

The train model button is used to train data from the dataset that has been entered in the ‘Data Input’ menu.
The Evaluate Model button is used to test validity using RMSE and R2.

The Feature Importance button displays a graph of the correlation between variables.

Result column, used to display the Model Evaluation results.

The Prediction page is used to predict flood damage values based on the input dataset.

Q@ o a o

3.5 Model Validation

Table 2. Model Performance Validation Table

Evaluation Model 1 (Basic Features) Model 2 (Basic Features + Clustering)
Metrics
RSME Rp 686,073,887 IDR 656,780,799
R? 0.7091 0.7334

The model was tested using the same configuration. The configuration was selected based on the
highest model performance, namely Kernel = Sigmoid, C = 0.3, Gamma = 0.1, and a dataset split ratio of 80:20.
The results from the testing showed that Model 1 produced an RSME = Rp 686,073,887 and R? = 0.7091, while
Model 2 produced an RSME = Rp 656,780,799 and R? = 0.7334.

3.6 Model Validation

Table 3. Model Performance Comparison Table
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Evaluation Model 1 (Basic Features) Model 2 (Basic Features + Improvement
Metrics Clustering)
RSME IDR 686,073,887 IDR 656,780,799 4.27
R? 0.7091 0.7334 343

Based on the table above, performance improves between model 1, which uses only a dataset
containing basic variables, and model 2, which is trained on a dataset that has been clustered beforehand using
k-means.

3.7 Discussion of Finding

The findings of this study indicate that the two-stage approach namely clustering (K-Means) to map “flood
regimes” and then making them additional features in the SVM model provides a significant improvement in
performance. RMSE decreased by approximately 4.27% and R2 increased by +£3.43% compared to models
without cluster features. Conceptually, these results are consistent with the literature, which confirms that
separating latent heterogeneity through clusters often makes the predictor-target relationship more “local” and
easier for supervised models to learn, thereby increasing accuracy. Cluster-based two-stage studies in applied
computing and logistics, for example, show that a good clustering stage can strengthen the performance of the
subsequent prediction stage because the model works on a more homogeneous distribution [10], [11]. In the
context of flood disasters, clustering has also proven useful for distinguishing areas/events with different causes
and severity levels. Recent research utilizes K-Means and DBSCAN to cluster flood areas or episodes prior to
further modeling, and reports improved risk/vulnerability mapping because different spatial-environmental
structures are successfully captured by clusters. This is in line with the interpretation in this study that the two
main clusters (“moderate flooding” vs. “extreme flooding”) are not only triggered by rainfall intensity, but also
by exposure factors (number of houses/people affected), which in turn strongly influence the magnitude of
losses [12], [13].

The relevance of exposure as a major driver of losses is also consistent with recent research over the past
five years at the household and community levels, which shows that indicators such as the number of affected
homes, building type, and density/area of exposure are important determinants in shaping the vulnerability
curve and the magnitude of financial damage. Thus, the decision to include “exposure” features (flooded
homes, victims, refugees) and add cluster labels as contextual features to SVM in this study is in line with
current best practices [14], [15], [16].

The next finding on moderate performance improvement also indicates that there are still large errors at
the “tail” of the distribution, which is common in heavy-tailed disaster loss data. Statistical and loss risk
management literature suggests log transformation or tail-sensitive model families (e.g., approaches that pay
attention to tail characterization) to stabilize variance and reduce the dominance of extreme events on square-
based metrics such as RMSE. The practical implication is that, in further work, the evaluation can be augmented
with more robust metrics (MAPE/sMAPE or quantile/pinball loss) and/or by modeling the target on a log scale
so that the residuals are more balanced across clusters [17], [18], [19].

From a methodological perspective, the selection of SVM as the primary model is also in line with recent
flood studies that found SVM to be competitive for flood status/risk classification/estimation, especially when
patterns are non-linear and decision boundaries are complex. However, to make the claim of improvement due
to the addition of cluster labels more convincing, best practices in the literature suggest verification through
statistical testing of cross-fold paired errors (e.g., paired t-test/Wilcoxon) and rigorous verification of potential
data leakage, namely ensuring that the cluster algorithm is only trained on the training data in each fold before
being used to label the test data. These steps are commonly reported in modern two-stage studies so that
performance improvements are not merely descriptive [20].

Substantively, the policy consequence of separating regimes through clusters is differentiated responses:
in the “moderate flooding” cluster, the focus of intervention can be on protecting household assets and basic
facilities; while in the “extreme flooding” cluster, the priority shifts to critical infrastructure, mass evacuation,
and continuity of public services. Recent literature on ML-based flood risk quantification and the integration
of socio-economic indicators also encourages the use of similar pipelines to support adaptive and contextual
decision-making. By expanding hydro-spatial features (elevation/DEM, distance to rivers, inundation area) and
testing alternative models (RF, XGBoost/LightGBM) while maintaining transparency through model
explanation techniques, further studies have the potential to improve both performance and the clarity of policy
recommendations [21].

Short Version of the Title -- only one line long (First Author et al)
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Although the two-stage pipeline applied in this study provides improved predictive performance and
offers a richer approach to understanding the heterogeneous structure of flood losses, these findings still have
a number of important implications and limitations. In terms of implications, the results show that combining
unsupervised and supervised techniques allows policymakers to identify two different risk regimes and design
more targeted mitigation strategies based on the severity of events. This approach also opens up opportunities
for the development of more adaptive decision support systems, especially when combined with spatial and
real-time data such as satellite rainfall or up-to-date demographic information. However, this study is limited
by the relatively small sample size after data cleaning, which may reduce the representativeness of temporal
and spatial patterns. In addition, the heavy-tailed distribution of losses, the potential for land use changes over
the data period, and the risk of distribution shift in future flood events may affect model generalization. Another
limitation is the use of a single clustering method and a single kernel in SVM, so that exploration of alternative
methods (e.g., Gaussian Mixture Models, hierarchical clustering, or RBF Kkernel) could enrich the
understanding of underlying patterns and potential performance improvements. Thus, interpretation of the
findings should consider these methodological limitations and encourage further research to expand the scope
of features, increase sample size, and evaluate the pipeline in the context of more dynamic data.

4. CONCLUSION

This study proposes a two-stage machine learning approach by integrating K-Means Clustering as a
feature engineering process to improve the accuracy of the Support Vector Machine model in predicting
economic losses due to flooding in Gorontalo Province. Through the analysis of 294 historical flood events
and a comprehensive preprocessing process, the developed two-stage model was able to identify two main
clusters of flood events, namely clusters with moderate flood characteristics and extreme flood clusters. This
cluster information proved to provide significant contextual value to the prediction model, as it captured
differences in rainfall intensity patterns, number of victims, number of houses affected, and damage levels that
were not optimally represented by basic features.

The evaluation results show that the addition of cluster features improves model performance, with a
4.27% decrease in RMSE and a 3.43% increase in R2 compared to models without cluster features. These
findings prove that the integration of unsupervised learning in the supervised learning process can enrich the
data structure and improve the model's ability to recognize complex and heterogeneous flood damage patterns.
This achievement also fills a gap in the literature, as most previous studies only utilized SVM or K-Means
separately and focused more on flood-prone classification rather than quantitative estimation of economic
losses. In practical terms, this approach can serve as the basis for developing a decision support system for
BPBD and related agencies to accelerate the initial estimation of post-disaster damage, which currently takes
up to 90 days. This model has the potential to help the government allocate resources more quickly and
accurately, as well as support data-based mitigation planning in areas with different risk characteristics. In
addition, the identification of “moderate flood” and “extreme flood” clusters provides a new basis for
differentiating response strategies and risk management policies.

However, this study has several limitations, particularly in terms of the reduced amount of data after the
cleaning process, the potential for distribution shifts due to changes in land cover and regional development,
and the heavy-tailed nature of the loss distribution, which can affect the stability of predictions in extreme
events. In addition, this study only uses one clustering method (K-Means) and one main kernel in SVM.
Therefore, further research is recommended to explore alternative clustering methods such as Gaussian Mixture
Models and hierarchical clustering, as well as to test other predictive models such as Random Forest, Gradient
Boosting, and XGBoost. The addition of hydrological and spatial variables such as elevation, distance to rivers,
and flood area is also recommended to improve the accuracy of future models.
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