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ABSTRACT

Accurate and rapid predictions regarding urban flooding, are essential in supporting risk mitigation
efforts. Flood phenomena have the potential to cause extensive damage and disrupt the functions of
economic and governmental sectors. However, these impacts can be minimized through comprehensive
planning and preparation to reduce potential losses. Machine learning techniques have emerged as a
promising method for predicting complex hydrological processes. This research develops a flood prediction
model by comparing seven machine learning algorithms, namely Logistic Regression, Linear Discriminant
Analysis, k-Nearest Neighbors, Gaussian Naive Bayes, Support Vector Machine, AdaBoost, and Random
Forest. The results show that Random Forest has the highest performance, demonstrating the reliability of
Random Forest in processing complex urban flood datasets. This model is expected to enhance disaster

preparation and contribute significantly to flood risk management in urban areas.
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I.  INTRODUCTION

The escalating impact of climate change and rapid
urbanization has dramatically increased the frequency and
severity of urban flooding, making accurate flood prediction
increasingly crucial. Urban regions are particularly vulnerable,
experiencing significant challenges from increased flood
occurrences due to intensified rainfall patterns and inadequate
drainage infrastructure [1, 2]. These floods can cause
substantial damage to infrastructure, disrupt economic
activities, and severely impact the daily lives of the residents,
highlighting the need for improved prediction methods.
Previous research has demonstrated various approaches to
flood prediction, with Machine Learning (ML) emerging as a
promising solution. Recent studies have shown that ML
algorithms can effectively process historical and real-time data
to generate accurate flood predictions [3-5]. Specifically,

Random Forest (RF) and Support Vector Machine (SVM) have
demonstrated superior capabilities in predicting flood risk with
high precision, particularly when integrating big data for early
warning systems [6, 7]. The application of ML in flood
prediction has evolved significantly, with several algorithms
showing promising results in different contexts. Logistic
Regression (LR) has proven effective in identifying vulnerable
areas through historical data analysis [8, 9] though it struggles
with non-linear relationships. RF has shown superior
performance in handling complex, unstructured datasets
through its ensemble approach [10, 11], while SVM has
demonstrated strength in managing unbalanced data and noise
reduction [12, 13]. Additional algorithms such as AdaBoost
and k-Nearest Neighbors (kNN) have shown varying degrees
of success, with RF generally maintaining superior accuracy
and stability [14, 15]. Despite these advances, significant
challenges remain in flood prediction. Most ML models require
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extensive historical data for accurate predictions, which are
often unavailable in many regions [16, 17]. Furthermore,
existing models face limitations in generalizability, particularly
in urban areas with diverse geographical characteristics [18].
The integration of real-time data and physical hydrological
models remains underdeveloped, creating a significant gap in
current flood prediction capabilities.

Makassar City, located on Sulawesi's southwest coast,
presents a compelling case study for urban flood prediction.
The city faces complex flooding challenges due to a
combination of natural factors, including high rainfall, lowland
topography, and tidal influences, as well as human activities
such as rapid urbanization, reduced water catchment areas, and
inadequate drainage. These challenges are further compounded
by infrastructure limitations, particularly in real-time data
collection and monitoring systems [19]. The unique
combination of these factors makes Makassar an ideal location
for developing and testing advanced flood prediction methods.

ML offers various classification algorithms, each with
distinct advantages for different scenarios. In the realm of
binary classification, LR stands out as a fundamental statistical
approach that evaluates the probability of binary outcomes
using predictor variables. While this method performs
optimally when predictors exhibit low correlation, researchers
can address multicollinearity challenges through ridge
regression techniques [20-22]. Linear Discriminant Analysis
(LDA) presents an effective solution for scenarios involving
normally distributed classes with uniform covariance matrices.
Its utility extends beyond classification, as it excels in reducing
dimensionality before undertaking classification tasks [23, 24].
When considering non-parametric approaches, KNN emerges as
a straightforward yet powerful method that determines
classification based on neighboring data points. While
particularly effective in applications like text classification and
fraud detection, its success heavily relies on appropriate
parameter selection, including the number of neighbors and
distance metrics [25-27]. In handling high-dimensional
datasets, Gaussian Naive Bayes (GNB) provides computational
efficiency through its probabilistic approach based on Bayes'
theorem. Though it assumes feature independence, which may
not always hold true in real-world applications, it remains
valuable for many classification tasks [28, 29]. SVM
distinguishes itself through its ability to identify optimal
separating hyperplanes in feature space, particularly excelling
in high-dimensional environments with clear class separation
[30, 31]. The field of ensemble methods introduces powerful
alternatives like AdaBoost, which enhances classification
accuracy by iteratively combining weak -classifiers while
focusing on misclassified instances [32]. Similarly, RF
leverages multiple decision trees to generate robust predictions.
This method has demonstrated superior performance compared
to LR [33, 34]. Selecting the most appropriate classification
algorithm requires careful consideration of the specific problem
context, including data characteristics, computational
resources, and performance requirements. Each method offers
unique strengths that make it particularly suitable for certain
applications while potentially less optimal for others.

This study aims to enhance flood prediction accuracy in
urban  environments through the development and
implementation of advanced ML algorithms, integration of
historical and real-time data from BMKG and BBWS
Pompengan Jeneberang, and comparative analysis of seven ML
algorithms to identify the most effective approach. The novelty
of this research lies in creating an integrated framework that
combines multiple data sources with sophisticated ML
algorithms, specifically tailored for urban flood prediction.

The research makes significant contributions to flood
mitigation through three key aspects: First, it develops an
urban-specific flood prediction model using ML algorithms,
with a particular focus on Makassar City's unique
characteristics. Second, it provides a comprehensive
comparative analysis of seven ML approaches for flood
prediction, including LR, LDA, kNN, GNB, SVM, AdaBoost,
and RF. Finally, it creates an adaptive framework that can be
applied to similar urban environments, thereby enhancing
disaster preparation and mitigation efforts. The outcomes of
this research will significantly enhance flood preparation and
mitigation efforts in urban areas, potentially reducing the
impact of flooding on infrastructure and communities.

II. METHODOLOGY

A. Study Area and Dataset

Makassar City, located at 5.1616° S and 119.4359° E, is on
the southwest coast of Sulawesi Island and directly facing the
Makassar Strait. The datasets used for flood prediction testing
were obtained from two main sources, namely the Balai Besar
Wilayah Sungai (BBWS) and the Badan Meteorologi,
Klimatologi, dan Geofisika (BMKG) [39]. BBWS Pompengan
Jeneberang provides information related to river conditions
and behavior, including water level, water discharge, and
tides. Meanwhile, BMKG provides meteorological data on
rainfall intensity, temperature, and humidity. This dataset
covers the year range from January 1, 2018 to December 31,
2022. This period provides data for five full years, which
includes seasonal and annual variations relevant to flood
predictions in Makassar City. This wide time range ensures
sufficient datasets to train and test machine learning models
with high accuracy. The dataset consisting of 1,826 records
was then divided into two parts, 80% for training and 20% for
tesing. The division ensures that most of the data are used to
train the model to learn patterns effectively, while the rest are
used to evaluate the accuracy of the model's predictions. To
overcome the class imbalance especially in the context of the
classification of flood potential, the SMOTE (Synthetic
Minority Over-sampling Technique) technique is used.
SMOTE works by synthesizing new data on minority classes,
thereby reducing the risk of analysis errors due to unbalanced
data distribution [35]. Through the application of this method,
the performance and reliability of the flood prediction model in
Makassar City can be significantly improved. Table I lists the
parameters considered in this study.

B. Data Preprocessing

Data Preprocessing on the dataset of 1826 rows and 6
columns begins with the data cleaning and transformation
stages. this dataset includes temporal variables in the form of
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date, meteorological variables consisting of rainfall,
temperature, and humidity, as well as hydrological variables
including water level height, water discharge, and tides. The
initial stage of preprocessing focuses on cleaning the data from
missing or invalid values, especially in the Float Precipitation
column. the water discharge column, which was originally a
string type, was converted to numeric format and cleaned of
error characters. in addition, outlier values or anomalies were
checked in other numerical columns such as water level height,
tide, temperature, and humidity.

Figure 1 presents a correlation matrix in the form of a
heatmap, illustrating the relationships among the variables
Rainfall, Water Level, Water discharge, Tides, Temperature,
and Humidity. In this heatmap, red indicates a strong positive
correlation, while blue indicates a strong negative correlation.
The closer the color is to white, the weaker or closer to zero the
correlation becomes. The value of 1.00 on the main diagonal
signifies a perfect correlation of each variable with itself. From

the results, Water Level and Water discharge show a high
positive correlation (0.90), suggesting a strong link between
them. Meanwhile, Temperature and Humidity exhibit a notably
negative correlation (-0.66), indicating that as temperature
increases, humidity tends to decrease, and vice versa.

TABLE L. PARAMETER LIST

Parameter Unit Description

Measurement of rainfall intensity using a rain
gauge

Rainfall mm

Height of the water surface measured from a

Water level m .
reference point

Water
discharge

Volume of water flowing per unit time through a

m?/s . .
given cross-section

Height of sea water level influenced by tidal

Tides m
phenomena

Temperature °C Ambient air temperature at the time of observation

Relative humidity of the air at the time of
observation

Humidity %

Correlation Matrix Heatmap

Rainfall

Water Discharge Water Level

Tides

Temperature

0.40 0.49

Humidity

1 ' I '
Rainfall Water Level Water Discharge

Fig. 1.

C. Model Selection and Evaluation

This section evaluates several ML models to identify the
one that achieves the highest accuracy in flood prediction,
including Logistic Regression (LR), Linear Discriminant
Analysis (LDA), k-Nearest Neighbors (kNN), Gaussian Naive
Bayes (NB), Support Vector Machine (SVM), AdaBoost, and
Random Forest (RF). Figure 2 shows the proposed Flood
Predictive System (FPS), emphasizing the systematic approach
employed for accurate flood prediction.

0.07

|
Tides Temperature

1.0

0.8

- 0.6

-0.4

-0.2

-0.0

-0.4

-0.6

Humidity

Correlation matrix of the dataset.

In this study, the RF classifier model was used as the main
classification algorithm, optimized using the GridSearchCV
method with 5-fold cross-validation. The RF model training
process began with initializing the model parameters. The
number of decision trees was set to 100. Each decision tree was
restricted to a maximum depth of 4 and the maximum number
of features was set to 2. The minimum number of samples
required to split a node was set to 15. Additionally, the random
state was set to 42 to control the randomization aspects of the
algorithm, ensuring reproducible results every time the code is
run, which is crucial for repeatable experiments.
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Fig. 2. Proposed flood predictive system model.

Classifier performance can be evaluated using multiple
metrics. Choosing the right performance metrics is essential, as
they must align with the particular needs of the application in
question. Classifiers can outperform in one evaluation criterion
but struggle in another. A key goal of model evaluation is to
get the most out of these performance metrics [2-5]. The
formulas for calculating accuracy, precision, recall, and F1
Score using a confusion matrix is given by:

(TP+TN)

Accuracy = m x 100 (1)
.. TP
Precision = RTITIn) X 100 2)
TN
Recall = NP x 100 3)
F1 Score = 2 X % % 100 @)
P+R

where TP represents True Positives, TN represents True
Negatives, FP represents False Positives, and FN represents
False Negatives.

III.  RESULTS AND DISCUSSION

This study evaluated the performance of six algorithms
(LR, LDA, kNN, NB, SVM, AdaBoost, and RF), by assessing
their prediction accuracy. The model tuning process in this
study was carried out carefully by applying cross-validation
using the k-fold method to avoid overfitting and ensure the
stability of performance metrics on various data partitions. The
k-fold cross-validation, with a k-value set at 5, divided the
dataset into five subsets (folds), where each fold was used as
one-time test data, while the rest became training data. This
strategy helps ensure that the model can generalize well on new
data, especially when working with limited datasets, such as
rainfall, water discharge, and humidity data in the Makassar
region. The results show that the RF algorithm predicts
Makassar City floods better than the other ones. RF can
anticipate floods, improving disaster preparedness and
management.

As shown in Table I and regarding the testing data
comprised of 20% of the initial dataset, the RF algorithm
demonstrates the best performance in flood prediction,
achieving an accuracy of 99.18% and an F1 score of 94.20%.

Among all the algorithms tested, there is noticeable variation in
evaluation metrics, particularly between accuracy and
precision. The produced confusion matrices can be seen in
Figure 3.

TABLE IL PERFORMANCE COMPARISON OF ML
ALGORITHMS IN FLOOD PREDICTION
. Accurac Precision Recall F1-Score
Algorithm (%) Y (%) (%) (%)
LR 97.27 85.40 91.60 86.80
LDA 91.26 78.40 85.40 78.50
KNN 96.72 81.10 82.80 81.60
NB 94.81 81.00 91.90 85.80
SVM 98.91 95.30 95.50 95.30
AdaBoost 89.62 55.20 75.00 58.60
RF 99.18 92.70 96.20 94.20

Figure 4 illustrates a comparison of the performance
metrics Accuracy, Precision, Recall, and F1-Score for the
considered classification algorithms. It can be concluded that
the RF model surpassed the other considered models.
Classification errors occur relatively rarely, indicating that the
model is very reliable in identifying different categories of
flood risk. These results confirm the effectiveness of RF as an
accurate and reliable flood prediction model.

As shown in Figure 5, the RF algorithm demonstrates
strong performance in predicting water levels, a key indicator
of flooding. The graph illustrates that RF's predicted values
closely align with the actual values, with minimal differences
between the two. This minimal deviation highlights the
algorithm's robust predictive capabilities in flood prediction
scenarios. The RF's accuracy of 99.18% (Table I) further
reinforces these findings, indicating that its predictions closely
reflect real-world field conditions.

RF excels in flood prediction due to its ability to handle
complex datasets and integrate multiple predictor variables
effectively. This ML algorithm demonstrates robustness across
various geospatial data sources, such as remote sensing
imagery and Digital Elevation Models (DEMs), which are
crucial for accurate flood mapping and risk assessment [6].
RF's capacity to identify significant predictors enhances its
predictive accuracy, as evidenced by studies showing precision
rates between 83% and 94% in fluvial hazard predictions [36].
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Additionally, RF models exhibit lower overfitting tendencies
compared to other algorithms, ensuring reliable performance
even with diverse training parameters [37]. The integration of
RF with other statistical methods, such as binary statistics,

Logistic Regression Linear Discriminant Analysis
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Fig. 4. Comparison of ML algorithm performance.
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further improves its predictive capabilities, capturing a high
percentage of historical disaster points [38]. Overall, RF's
versatility, accuracy, and robustness make it a preferred choice
for flood prediction in various contexts.

K-Nearest Neighbors Naive Bayes
250 250
Alert - 34 0 2 2 Alert- 35 0 0 3
- 200 200
Danger- 0 5 0 3 g Danger- 0 8 0 0
]
- - 150
- 150 g
Safe - 3 0 307 0o =3 Safe- 14 0 296 0o
“100 - 100
Warning - 0 2 0 8 Warning - 0 2 0 8
' ! ' ' -50 ' ' ' ' - 50
g & @ S ' & & S
v\z O P & Ol P 4 &
* K4 -0 & ¢ -0
Predicted Label Predicted Label
300
Random Forest
250
Alert - 36 0 0 2
- 200
Danger- 0 8 0 0
- 150
Safe- 0 0 310 0
- 100
Warning - 0 1 0 9
' ' ' ' -50
g & 4 S
¥ & @ &
< <« -0

Predicted Label

Confusion matrices of the considered ML algorithms.

IV. CONCLUSION

Our research investigated the potential of Machine
Learning (ML) approaches for improving urban flood
forecasting, specifically examining their application in
Makassar City. The investigation encompassed a thorough
evaluation of seven distinct ML methods: Logistic Regression
(LR), Linear Discriminant Analysis (LDA), k-Nearest
Neighbors (kNN), Gaussian Naive Bayes (NB), Support Vector
Machine (SVM), Random Forest (RF), and AdaBoost. The
analysis revealed that the RF algorithm demonstrated superior
performance compared to other methods, achieving exceptional
metrics, highlighting its capability to effectively process
complex flood-related data in urban environments.

A key factor in achieving these results was the successful
incorporation of the datasets from BMKG and BBWS
Pompengan Jeneberang, which significantly enhanced the
prediction system's accuracy and response time. The research
findings indicate that this approach not only improves
prediction accuracy but also provides a foundation for
developing effective flood early warning systems in urban
settings.

The study's outcomes emphasize how ML techniques,
particularly the RF algorithm, can effectively address urban
flood prediction challenges. This methodological framework
shows promise for adaptation to various urban contexts,
potentially contributing to improved disaster preparedness
globally. Future research directions could explore additional
variables, such as wurban development patterns and
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infrastructure modifications, to further enhance prediction
models and strengthen cities' flood resilience capabilities.
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