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Article Info ABSTRACT

Article history: This study focuses on the implementation of Particle Swarm Optimization
(PSO) to enhance the accuracy of the Naive Bayes algorithm in predicting
floods specifically in the city of Samarinda. The aim is to improve the
efficiency and precision of flood prediction models in order to mitigate the
impact of flooding in the area. The results of this research highlight the
effectiveness of PSO in optimizing the Naive Bayes algorithm, showing
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Optimization Bayes algorithm. The conducted testing achieved an accuracy value of

Particle Swarm Optimization (PSO) 94.38%. This accuracy result is higher compared to testing without
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Introduction

Badan Nasional Penanggulangan Bencana (BNPB) as The National Disaster Management Agency has
reported a total of 3,522 natural disasters occurring in Indonesia throughout the year 2022. Floods were
a frequent natural disaster during this year, with a total of 1,520 incidents(Mustajab, 2023). The
increasing occurrence of flood disasters can result in various losses, including economic and health-
related issues. Several efforts have been made to address the incoming flood disasters, but up until now,
the problem of floods has not been effectively resolved.

The provincial capital of East Kalimantan, Samarinda City, is characterized by 27 river streams and
low-lying areas with poor water drainage systems. The topographical condition of Samarinda City leads
to frequent flood occurrences. High rainfall and rising river water levels are the two main causes of floods
in Samarinda City. According to data from the Regional Disaster Management Agency (BPBD) and the
Meteorology, Climatology, and Geophysics Agency (BMKG), 75 flood incidents were recorded in
Samarinda City between 2019 and 2022. The Naive Bayes algorithm utilized in data mining can provide
accurate figures for flood events in Samarinda City, thus necessitating an analysis of flood
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disasters(Hasanah et al., 2021). Therefore, it is important to develop effective methods to manage and
mitigate the impact of floods.

One of the initial steps in flood management is predicting the probability of flooding in vulnerable
areas. The Naive Bayes algorithm has been widely used as a prediction method due to its simplicity and
speed. To handle large amounts of data, address missing values, and overcome diverse attribute and
data-related issues, the Naive Bayes algorithm is utilized (Yakup, 2020). This algorithm uses Bayes'
theorem to calculate the probability of an event occurring based on the occurrence of related events.
However, despite the effectiveness of the Naive Bayes algorithm, there are several factors that can affect
its accuracy, such as data variability, sample size, and class imbalance. Therefore, a method is needed to
improve the accuracy of the Naive Bayes algorithm in predicting floods in Samarinda.

Particle Swarm Optimization (PSO) is a optimization technique that is inspired by social processes
within a group. PSO has been widely used in various optimization problems, including classification
problems. This technique works by optimizing the positions and velocities of individuals in a population
to find the optimal solution.

In the context of flood prediction in Samarinda, the application of Particle Swarm Optimization
(PSO) can be used to improve the accuracy of the Naive Bayes algorithm. PSO can assist in determining
optimal weights or parameters for Naive Bayes, improving classification learning, and enhancing data
representation. By harnessing the power of PSO to search for the best solution, it is expected that the
accuracy of flood prediction using the Naive Bayes algorithm can be significantly improved (Naderi et al.,
2019; Wiratama & Pradnya, 2022).

Thus, this research aims to apply Particle Swarm Optimization (PSO) in enhancing the accuracy of
the Naive Bayes algorithm in flood prediction in Samarinda (Kareem et al., 2020). The results of this
research are expected to contribute to the reduction of flood risk and the improvement of flood
management in Samarinda. Therefore, to facilitate the analysis, the research utilized a tool for data
analysis using the RapidMiner software. RapidMiner is a data science software platform developed by a
company of the same name, providing an integrated environment for machine learning, deep learning,
text mining, and predictive analytics. This application is used for both business and commercial
applications as well as for research, education, training, rapid prototyping, and application development.
It supports all steps of the machine learning process, including data preparation, result visualization,
validation, and optimization(Nofitri & Irawati, 2019).
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Figure. 1. Research Method
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To gather accurate data for problem-solving purposes, during the data collection phase, the researcher
obtained flood data by conducting direct observations at the Samarinda City Regional Disaster
Management Agency (BPBD) and Meteorology, Climatology, and Geophysics Agency (BMKG) units. Based
on the availability of data obtained, spanning from 2019 to the period of 2022, a total of 1461 data points
consisting of 20 attributes were collected. The obtained attributes are presented in the following table:

Table 1. Attributes of BMKG and BPBD Data in Samarinda City

Atribut Description

Tn Minimum temperature(°C)

Tx Maximum temperature(°C)

Tavg Average temperature (°C)

RH_avg Average Humidity (%)

RR Rainfall (mm)

Ss Duration of sunshine (hrs)

ff x Maximum wind spee (m/s)

ddd_x Wind direction during maximum
speed (°)

ff avg Average wind speed (m/s)

ddd_car Most frequent wind direction (°)

Date Occurrence time

Flood Occurrence Yes/ No

Time of Incident Time of the disaster

Type of Disaster Type of natural disaster that
occurred

Location/Area Location of the flood

Area Size in Square Meters Area affected by the flood

Objects Affected by the Facilities affected by the disaster

Disaster

Victims Number of victims affected by the
disaster

Losses Amount of losses incurred

Description/Remarks Details of the disaster event

After data collection, the next steps are Business Understanding and Data Understanding(Schroéer et al.,
2021).

1.

Business Understanding: This step involves gaining a thorough understanding of the business
problem or objective at hand. It includes identifying the goals, requirements, and constraints of the
project. Understanding the business context helps align the data analysis process with the specific
needs of the organization or project(Hasanah et al,, 2021).

Data Understanding: In this step, the collected data is explored to gain insights into its structure,
quality, and characteristics. It involves assessing the data's completeness, checking for missing
values or outliers, and understanding the relationships between variables. Exploratory data
analysis (EDA) techniques, such as summary statistics, data visualization, or correlation analysis,
may be used to gain a deeper understanding of the data(Huber et al., 2019).

By performing Business Understanding and Data Understanding, analysts or data scientists can grasp
the context of the problem and gain valuable insights into the dataset. This knowledge serves as a
foundation for further data preparation, modeling, and analysis in subsequent steps of the data science
process.

Data Preprocessing

1.

The Data Preprocessing process involves the following steps(Cazacu & Titan, 2021):
Data Selection: After data collection, this step involves selecting the relevant attributes from the
BPBD Samarinda and BMKG Samarinda datasets that will be used for analysis.
Data Integration: In this step, the data from both BPBD Samarinda and BMKG Samarinda is merged
or combined into a single dataset. This integration ensures that all relevant information is available
in one consolidated dataset.

The application of particle swarm optimization (PSO) to improve the accuracy of the naive bayes algorithm in
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3. Data Transformation: This step involves modifying or converting the data to a suitable format or
type before using it for modeling. It may include tasks such as normalization, standardization, or
encoding categorical variables.

4. Data Cleaning: This step focuses on handling missing values in the dataset. Missing values can be
replaced, imputed, or removed based on the analysis and the impact on the overall dataset
quality(Venkata & Narsimha, 2021).

By completing these Data Preprocessing steps, the dataset is cleansed, transformed, and ready for
further analysis or modeling. These steps help improve data quality, remove inconsistencies, and ensure
the dataset is suitable for subsequent stages in the data science workflow.

To divide the dataset

The dataset is divided into two groups: the training data and the testing data. The training data is
used to train the model or algorithm, while the testing data is used to evaluate the model by providing
input from the testing data and comparing the model's predictions with the actual target values.

In this research, the parameter 'cv = 10' is implemented using the RapidMiner software, and the K-
Fold Cross Validation technique is applied. This means that the dataset is divided into 10 subsets or folds,
with each fold serving as the testing data once while the remaining folds are used for training. This
process is repeated 10 times, rotating which fold is chosen as the testing data. By doing this, it helps to
ensure a robust and reliable evaluation of the model's performance by testing it on different subsets of
data.

Data Modeling

In this stage, the data classification of flood occurrences in Samarinda City is carried out using the
Naive Bayes algorithm, along with the addition of optimization techniques from Particle Swarm
Optimization (PSO)(Naderi etal., 2019). The initial step of the Naive Bayes algorithm involves computing
the probabilities of classes and attributes. Then, the joint probability of class and attribute is calculated
and used in the classification process(Amrin et al., 2021). The Naive Bayes algorithm has the ability to
classify new data, and its performance is evaluated by comparing the classification results with the actual
class labels. Various evaluation metrics such as accuracy, precision, and recall can be used to measure
the performance of this algorithm. Next, the optimization technique of Particle Swarm Optimization
(PSO) is applied. The PSO stage starts with initialization, where the population size of particles, initial
positions and velocities of each particle, as well as the initialization of the personal best positions (pbest)
and global best position (gbest) are determined randomly(Asri et al., 2023). After that, the evaluation
stage is performed by calculating the fitness value for each particle based on its current position. Then,
the pbest and gbest positions are updated, followed by updating the velocities and positions of particles.
The process of convergence evaluation and iteration continues until it produces the output with the best
particle position (gbest) that has the optimal fitness value(Ali & Farida, 2021).

Evaluation

In the Evaluation stage, validation and measurement of the accuracy of the obtained results are
performed using the CRISP-DM method and the Confusion Matrix to assess the accuracy of the
algorithm(Utomo & Mesran, 2020). The CRISP-DM (Cross-Industry Standard Process for Data Mining)
method is a widely used framework for conducting data mining projects. It involves various steps,
including data understanding, data preparation, model building, evaluation, and deployment. The
Evaluation stage in CRISP-DM focuses on measuring the performance and accuracy of the developed
model(Ahmad et al., 2021; Ddderman & Rosander, 2018)

One of the commonly used techniques in evaluating the performance of a classification algorithm is
the Confusion Matrix(Haghighi et al., 2018). The Confusion Matrix summarizes the performance of the
algorithm by providing information about true positive (TP), true negative (TN), false positive (FP), and
false negative (FN) predictions. From these values, various metrics such as accuracy, precision, recall,
and F1-score can be calculated to assess the algorithm's accuracy (Hasnain et al., 2020; Markoulidakis et
al,, 2021).

By applying the CRISP-DM methodology and utilizing the Confusion Matrix, a comprehensive
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evaluation of the Naive Bayes algorithm with the PSO optimization technique can be conducted to
determine its accuracy and effectiveness in classifying flood occurrences in Samarinda City.

Results and Discussions

In the modeling stage using RapidMiner, the Naive Bayes algorithm will be used to measure accuracy.
Model testing is conducted using the K-Fold Cross Validation method with a value of K=10. The
preparation of the training data begins by importing the data using the "Retrieving Data" operator. The
modeling process in RapidMiner can be seen in Figure 2.
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Figure. 2. The modeling stage in RapidMiner

After the preparation of the training data is completed, the next step is to divide the dataset using
"Cross Validation" with K=10. This process can be seen in Figure 3
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Figure. 3. Cross Validation in RapiciMiner

Next, we select the Naive Bayes algorithm as the model for data mining. Testing is performed using
the "Apply Model" operator in RapidMiner. Model performance evaluation is done using the
"Performance" option. This process can be seen in Figure 4.
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Figure. 4. Choose Algorithm Model and Performance
The result of modeling using Naive Bayes will produce a Confusion Matrix consisting of True Positive
(TP), False Positive (FP), True Negative (TN), and False Negative (FN). The processed data is inputted

into the Confusion Matrix, resulting in the following outcomes as seen in Table 2 below:

Table 2. Confusion Matrix Algoritma Naive Bayes
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Actual
1 (True) 0 (False)
Predicted  Positive 914 47
Negative 43 10

From Table 2, the accuracy result obtained is 91.12%. The manual calculation for accuracy is as

follows:
TP+TN

Accuracy = m X L0000 e e rrr e e ee e e e e en e e e (1)
914+10
=— x100%
914+10+47+43
924
=—x100%
1014

=91,1242=91,12%

With an accuracy of 91.12%, the Confusion Matrix indicates that the algorithm provides correct
predictions for 91.12% of the total evaluated data. This can be considered a good indication that this
algorithm can be used to predict the likelihood of floods in Samarinda City with a high degree of accuracy.

Naive Bayes Modeling with PSO in RapidMiner

Particle Swarm Optimization (PSO) modeling is used to assign weights to data and enhance the
computation results(Sa’diyah et al., 2020). Minimum and maximum values are taken into consideration
because these weights are determined randomly. Each particle in the population will have its own
weights for the attributes in the dataset, and the Naive Bayes algorithm will be applied to calculate the
accuracy level of the formed model(Hayatin et al,, 2020). The modeling process with PSO begins by
importing data using the "Retrieving Data" operator and selecting Selection - Optimization - Optimize
Weight (PSO) to optimize the attribute weights by applying the Particle Swarm Optimization (PSO)
algorithm(Putri et al,, 2020). The visualization of this process can be seen in Figure 5.
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Figure. 5. Selection of Optimization

The next step is to divide the dataset using the "Cross Validation" technique with a value of K=10.
The RapidMiner interface for this process can be seen in Figure 6.
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Afterwards, the next step is to select the algorithm model for data mining. In this research, the chosen
model is Naive Bayes. To test this model, the "Apply Model" operator is used in RapidMiner.
Furthermore, to evaluate its performance, the "Performance” option is utilized. The RapidMiner
interface for this process can be seen in Figure 7.
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Figure. 7. Model Algorithm Selection and Performance Evaluation Process

The outcome of the modeling process will yield a Confusion Matrix consisting of True Positive (TP),
False Positive (FP), True Negative (TN), and False Negative (FN) values. The processed data is inserted
into the Confusion Matrix to obtain the results shown in Table 3 below:

Table 3. Confusion Matrix for Naive Bayes Algorithm with PSO in RapidMiner

Actual
1 (True) 0 (False)
Predicted  Positive 957 57
Negative 0 0

From Table 3, the Confusion Matrix yields an accuracy of 94.38%. The manual calculation for
accuracy is as follows:

_ TP+TN o
Accuracy = P —— 1000 e (2)

95740
T 957+0+57+0

x100%

_ 957
1014

=94,3786 = 94,38%

x 100%

In this study, after applying Particle Swarm Optimization (PSO), the calculation result of the
Confusion Matrix shows that the implemented algorithm achieves an accuracy rate of 94.38%. This
indicates a significant improvement in the algorithm's ability to predict floods in Samarinda City.

Conclusions

In this study, Particle Swarm Optimization (PSO) was implemented to enhance the accuracy of the Naive
Bayes algorithm in flood prediction in Samarinda City. The analysis results indicate that the use of PSO
successfully improved the Naive Bayes algorithm's accuracy from 91.12% to 94.38%. The application of
PSO assists in finding optimal weights or parameters for the Naive Bayes algorithm. By optimizing the
positions and velocities of individuals in the population, PSO aids in finding better parameter settings,
which have proven to enhance the algorithm's capability in predicting flood occurrences. The Confusion
Matrix calculations demonstrate that the algorithm provides accurate predictions with a high level of
accuracy. The 94.38% accuracy rate can be considered excellent in predicting floods in Samarinda City.
The results of using the algorithm revealed that the data attributes that significantly affect the
occurrence of floods are the wind direction during maximum speed and average wind speed. This brings
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significant benefits to flood management, enabling authorities to take more effective preventive and
mitigation measures. This research makes an important contribution to improving flood prediction in
Samarinda City and reducing the associated risks of flood disasters. However, continuous evaluation,
monitoring, and further improvements are necessary to achieve even higher levels of accuracy. For
future research, it is recommended to conduct experiments and validations using a larger dataset
covering a longer period. Additionally, other optimization techniques can be explored, and other factors
that may influence flood prediction, such as weather, topography, and real-time data availability, should
be considered. By continuously advancing the methodology and techniques in flood prediction, it is
hoped that mitigation efforts and flood management in Samarinda City can be sharpened, ultimately
safeguarding the community and promoting the city's sustainable growth.
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