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 Rainfall is an important weather parameter that affects various sectors, 
including agriculture, transportation, and disaster mitigation. As a 
tropical region, Palembang experiences varying rainfall patterns, 
making effective rainfall classification essential. However, previous 
studies have generally focused on specific machine learning methods, 
used a limited number of weather variables, or classified rainfall into 
only two categories. These differences make it difficult to understand 
how various machine learning methods perform when applied to 
multiclass rainfall classification using more complete meteorological 
data. Therefore, this study aims to classify rainfall in Palembang using 
machine learning methods, namely Random Forest, Decision Tree, 
Naïve Bayes, K-Nearest Neighbor (KNN), and Support Vector Machine 
(SVM). The dataset used in this study consists of meteorological data 
obtained from the Sultan Mahmud Badaruddin II Meteorological 
Station, Palembang, with an initial total of 365 records. The research 
stages included data preprocessing, rainfall labeling into three 
categories (No Rain, Rain, and Extreme Rain), data splitting into 
training and testing sets, and classification using five machine learning 
algorithms. The results indicate that the Support Vector Machine (SVM) 
achieved the best performance, with an accuracy of 72,72%, precision 
of 74.58%, recall of 48.96%, and F1-score of 72.61%. Based on these 
findings, SVM is considered more effective than the other methods for 
classifying rainfall using meteorological data in Palembang. 
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1. Introduction 

Rainfall is one of the most important parameters in climate analysis, affecting various sectors such as 
agriculture, transportation, and disaster mitigation. High rainfall intensity over a certain period can 
increase water discharge and cause rivers to overflow, leading to flooding events[1]. In addition, heavy or 
extreme rainfall may trigger natural disasters such as floods and landslides, resulting in both material and 
non-material losses. In Indonesia, rainfall prediction is particularly challenging because rainfall patterns 
are strongly influenced by global climate variability phenomena, such as the El Niño–Southern Oscillation 
(ENSO)[2]. Therefore, analyzing rainfall characteristics and patterns is essential to support effective 
disaster mitigation and risk reduction efforts. 

Data mining is a process that utilizes statistical techniques, mathematics, artificial intelligence, and 
machine learning to extract and identify useful information and knowledge from large datasets[3]. Data 
mining can be categorized into several tasks, including description, estimation, prediction, classification, 
clustering, and association[4]. Among these tasks, classification is one of the most widely used techniques, 
which aims to assign data into predefined classes based on their characteristics and attributes. Classification 
is the process of developing a model or function that describes and distinguishes data concepts or classes, 
with the objective of predicting the class label of an unknown object[5]. Various algorithms can be applied 
in classification tasks, one of which is the Naïve Bayes algorithm. Naïve Bayes is a machine learning 
algorithm commonly used for classification problems, particularly in text classification involving high-
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dimensional training datasets[6]. This algorithm has been widely adopted due to its strong modeling 
performance and classification accuracy. In addition, Naïve Bayes is recognized for its computational 
efficiency, requiring relatively short training times while maintaining competitive accuracy, making it one 
of the most effective algorithms in terms of model construction and execution speed[7]. 

Previous studies on rainfall classification using the Naïve Bayes and C4.5 algorithms reported the 
highest accuracy values of 100% and 99.83%, respectively[8]. However, the study did not compare the 
performance of these methods with other machine learning algorithms. Another study employing Support 
Vector Machine (SVM) and Recursive Feature Elimination (RFE) achieved a maximum accuracy of 79%[9], 
but the rainfall data were classified into only two categories, namely rain and no rain. The other research 
conducted feature selection to reduces training time, when classifies using Random Forest and Neural 
Network achieves accuracy up to 99.25% [10], estimating rainfall rate and kinetic energy [11], and applying 
machine learning for estimate uneven rainfall [12]. Furthermore, a study using Random Forest and Naïve 
Bayesian obtained an accuracy of 86.55% and 36.61%[13]. Nevertheless, the study utilized only 4 weather 
attributes, including average temperature, average humidity, sunshine duration, and wind direction at 
maximum wind speed. Although previous studies have reported encouraging results, their findings cannot 
be directly compared because they used different weather variables, rainfall categories, and machine 
learning methods. In addition, most studies evaluated only one or two algorithms. Therefore, a comparison 
of several machine learning methods using the same dataset and rainfall categories is still needed to better 
understand the strengths and limitations of each method. 

More recent studies have continued to explore rainfall classification using machine learning. Utari et 
al. compared Decision Tree, K-Nearest Neighbor (KNN), and Logistic Regression for rainfall classification in 
Yogyakarta and found that the Decision Tree model achieved the best performance for their dataset. The 
study also highlighted that the selection of weather variables plays an important role in classification 
performance[14]. Similarly, Pringandana and Kusnawi evaluated XGBoost and LightGBM for multiclass 
rainfall classification using meteorological data from Jakarta. Their results showed that model performance 
can vary depending on the characteristics of the dataset and the machine learning algorithm applied, 
emphasizing the importance of evaluating different methods before selecting the most appropriate model 
for a particular region[15]. 

This study aims to implement and compare several machine learning methods for classifying rainfall 
in Palembang into multiple categories, namely No Rain, Rain, and Extreme Rain. The comparison is 
conducted to evaluate the performance of each algorithm and identify the most effective method for rainfall 
classification based on meteorological data. The results of this study are expected to contribute to the 
development of rainfall prediction and support decision-making processes related to weather monitoring 
and disaster mitigation. The results of this study are expected to assist the Meteorological, Climatological, 
and Geophysical Agency (BMKG) in understanding rainfall patterns in Palembang and support decision-
making processes related to regional planning and disaster mitigation. Furthermore, this study provides a 
comparative performance analysis of several machine learning methods, namely Random Forest, Decision 
Tree, Naïve Bayes, K-Nearest Neighbor (KNN), and Support Vector Machine (SVM), which may serve as a 
valuable reference for future studies in selecting appropriate classification methods for rainfall-related 
applications. 

2. Research Methodology 

The research was conducted through several stages, including BMKG data collection, data 
preprocessing, training and testing data splitting, implementation of classification algorithms, and model 
performance evaluation. The overall research workflow is illustrated in Figure 1. 

2.1. Data Collection 
The dataset used in this study was obtained from the official website of the Meteorological, 

Climatological, and Geophysical Agency (BMKG), Sultan Mahmud Badaruddin II Meteorological Station, 
Palembang, South Sumatra. The dataset consists of daily meteorological observations collected from 
January 1, 2025, to December 31, 2025, resulting in an initial total of 365 records. After the data cleaning 
process, 339 records were retained for further analysis. Seven meteorological variables were used as input 
attributes: minimum temperature, maximum temperature, average temperature, average humidity, 
sunshine duration, maximum wind speed, and average wind speed. The recorded rainfall values were used 
only to generate the target class labels and were not included as input features during model training. Based 
on the recorded rainfall intensity, the data were classified into three categories: No Rain, Rain, and Extreme 
Rain. 
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Figure 1. Research Workflow 

2.2. Data Preprocessing and Data Splitting 
Data preprocessing was performed to prepare the dataset before the classification process. This stage 

aims to improve data quality and ensure that the dataset can be effectively processed by machine learning 
algorithms. Data preprocessing is a crucial step because it can significantly influence the performance of the 
resulting classification models. 

During the variable selection stage, the variables used in this study consisted of minimum temperature, 
maximum temperature, average temperature, average humidity, sunshine duration, maximum wind speed, 
and average wind speed. The rainfall variable was not used as an input attribute because it served as the 
basis for generating the target class labels during the data labeling process. Subsequently, a data cleaning 
process was performed to handle incomplete records and missing values. Records containing empty or 
invalid attributes were removed to maintain dataset quality and ensure effective processing during the 
classification stage. Data cleaning is an essential step for reducing inconsistencies and improving dataset 
quality prior to model development[16]. 

In the class labeling stage, rainfall data were categorized into three classes based on rainfall intensity, 
No Rain, Rain, and Extreme Rain. This process was conducted to assign a target class label to each record, 
which was later used in the machine learning classification process. For dataset partitioning, the data were 
divided into training data and testing data using an 80:20 ratio. The training data were used to build the 
classification models, while the testing data were utilized to evaluate model performance[17]. 

The final preprocessing step involved data normalization to ensure that all attributes were measured 
on a comparable scale. Normalization is particularly important because several machine learning 
algorithms, such as K-Nearest Neighbor (KNN) and Support Vector Machine (SVM), are sensitive to 
differences in feature scales[18]. By applying normalization, each attribute can contribute more equally to 
the classification process, thereby improving model performance. 

2.3. Model Classification  
A. Random Forest  

Random Forest is an ensemble-based machine learning algorithm that constructs multiple decision 
trees and combines their predictions to improve classification accuracy[19]. This algorithm is widely used 
in weather and rainfall classification tasks because it can effectively handle large datasets and achieve 
strong classification performance[20]. 
 

𝑦̂ = mode⁡{ℎ1(𝑥), ℎ2(𝑥),… , ℎ𝑘(𝑥)} (1) 
Explanation: 

 ŷ = final prediction result  
 h₁(x), h₂(x), ..., hₖ(x) = prediction results generated by each decision tree  
 k = number of trees in the Random Forest model  
 mode = the class label that appears most frequently among all predictions (majority voting) 

 
B. Decision Tree 

Decision Tree is a flowchart-like structure in which each internal node (a node that is not a leaf node) 
represents a test on an attribute, each branch represents the outcome of that test, and each leaf node 
represents a class label[21]. The process of constructing a decision tree begins by calculating the entropy 
value to measure the impurity or uncertainty of the dataset. The entropy formula can be expressed as 
follows: 
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𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = −∑ 𝑝𝑖
𝑛

𝑖=1
log⁡2 𝑝𝑖  

 
(2) 

Explanation: 
 S = dataset (set of data instances)  
 pᵢ = probability of class i  
 n = total number of classes 

Subsequently, the information gain value is calculated to determine the best attribute to be selected as a 
node in the decision tree. The information gain formula can be expressed as follows: 

𝐺𝑎𝑖𝑛(𝑆, 𝐴) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) −∑
∣ 𝑆𝑣 ∣

∣ 𝑆 ∣
𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠(𝐴)

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝑣) 

 

(3) 

Explanation: 
 Gain (S, A) = information gain value of attribute A  
 Entropy(S) = entropy of the original dataset  
 Sᵥ = subset of data corresponding to attribute A  
 |Sᵥ| = number of instances in the subset  
 |S| = total number of instances in the dataset 

 
C. Naï ve Bayes 

Naïve Bayes is a probabilistic classification method that performs classification based on probability 
calculations derived from the frequency and combination of values within a dataset. The Naïve Bayes 
algorithm assumes that each attribute is independent of the others with respect to the target class. It can 
also be described as a classification method based on probability theory and statistics, first introduced by 
the English mathematician Thomas Bayes, which predicts future outcomes based on prior observations and 
evidence[22].The fundamental formula of Bayes' Theorem can be expressed as follows: 

𝑃(𝐻 ∣ 𝑋) =
𝑃(𝑋 ∣ 𝐻) ⋅ 𝑃(𝐻)

𝑃(𝑋)
 

 

(4) 

Explanation: 
 P(H|X) = probability of hypothesis H given condition X  
 P(X|H) = probability of observing data X given hypothesis H  
 P(H) = prior probability of hypothesis H  
 P(X) = probability of observing data X 

 
In the classification process, Naïve Bayes assigns a data instance to the class with the highest posterior 
probability based on its attributes. The Naïve Bayes classification formula can be expressed as follows: 

𝐶𝑁𝐵 = arg⁡max⁡𝐶𝑖 𝑃(𝐶𝑖)∏ 𝑃(
𝑛

𝑗=1
𝑥𝑗 ∣ 𝐶𝑖) 

 
(5) 

Explanation: 
 Cₙᵦ = classification result produced by the Naïve Bayes algorithm  
 Cᵢ = i-th class  
 P(Cᵢ) = prior probability of class Cᵢ  
 P(xⱼ|Cᵢ) = probability of attribute xⱼ given class Cᵢ  
 n = number of attributes 

 
D. K-Nearest Neighbor (KNN)  

K-Nearest Neighbor (KNN) is a classification method that determines the class of a data instance based 
on the majority class among its nearest neighbors using a distance calculation approach. The algorithm 
performs classification by comparing new data instances with training data according to their level of 
similarity or proximity. 

KNN is widely used because of its simplicity, ease of implementation, and ability to produce 
satisfactory classification results across various types of datasets. Furthermore, the classification process 
in KNN is based on the similarity between data instances, making it an effective approach for classification 
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tasks[23]. In this study, the distance between data instances was calculated using the Euclidean Distance 
metric, which is defined as follows: 

𝑑(𝑥, 𝑦) = √∑ (
𝑛

𝑖=1
𝑥𝑖 − 𝑦𝑖)2 

 

(6) 

Explanation: 
 d(x,y) = distance between data instances x and y  
 xᵢ = value of the i-th attribute of the testing instance  
 yᵢ = value of the i-th attribute of the training instance  
 n = number of attributes 

 
After calculating the distances, the classification process is performed by assigning the class that appears 
most frequently among the k nearest neighbors. The KNN classification formula can be expressed as follows: 

𝑦 = mode⁡(𝑘-nearest neighbors) 
 

(7) 

Explanation: 
 y = classification result  
 k = number of nearest neighbors  
 mode = the class label that appears most frequently among the k nearest neighbors 

 
E. Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a classification method that works by finding the optimal hyperplane 
to separate data into different classes. This algorithm determines the optimal decision boundary by 
maximizing the margin between classes, enabling it to achieve strong classification performance[24]. 

The Support Vector Machine (SVM) method is widely used in classification tasks because it has strong 
capability in handling complex and high-dimensional data, and can achieve high classification performance. 
SVM works by constructing an optimal hyperplane that separates different classes while maximizing the 
margin between them[25]. The hyperplane equation in SVM can be expressed as follows: 

𝑤 ⋅ 𝑥 + 𝑏 = 0 
 

(8) 

Explanation: 
 𝑤= weight vector 
 𝑥= input data 
 𝑏= bias  
 𝑤 ⋅ 𝑥= dot product between the weight vector and the input data 

The classification process is carried out using a decision function to determine the position of a data point 
relative to the hyperplane. The SVM classification function is expressed as follows: 

𝑓(𝑥) = sign⁡(𝑤 ⋅ 𝑥 + 𝑏) 
 

(9) 

Explanation: 
 𝑓(𝑥)= classification result 

 sign = class decision function 
 Jika 𝑓(𝑥) > 0, the data is classified into the positive class. 
 Jika 𝑓(𝑥) < 0, the data is classified into the negative class. 

Furthermore, SVM works by maximizing the margin between classes to obtain an optimal decision 
boundary. The margin formula in SVM can be expressed as follows: 

𝑀𝑎𝑟𝑔𝑖𝑛 =
2

∥ 𝑤 ∥
 

 
(10) 

Explanation: 
 𝑀𝑎𝑟𝑔𝑖𝑛= distance between the hyperplanes  
 ∥ 𝑤 ∥= magnitude (norm) of the weight vector 
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2.4. Evaluation 
The model evaluation stage was conducted to measure the performance of each classification 

algorithm in classifying rainfall data. The evaluation was performed using a confusion matrix, which 
produces accuracy, precision, recall, and F1-score values. A confusion matrix is an evaluation method used 
to compare the model's prediction results with the actual class labels. The confusion matrix consists of 
several components, namely True Positive (TP), True Negative (TN), False Positive (FP), and False Negative 
(FN)[26]. 

Accuracy is used to measure the overall correctness of a classification model by calculating the 
proportion of data instances that are correctly predicted out of the total number of instances[27]. The 
formula for calculating accuracy is presented in Equation (11). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (11) 

 
Precision is used to measure the accuracy of the model in predicting positive instances compared to 

all instances predicted as positive[28]. The calculation of precision is presented in Equation (12). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (12) 

 
Recall measures the proportion of positive cases that are successfully identified by the model, 

indicating how many instances from the positive class are correctly detected. Recall is particularly 
important in situations where False Negative (FN) errors pose a greater risk[29]. The recall formula can be 
seen in Equation (13). 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (13) 

 
F1-score is a metric used to measure the harmonic mean between precision and recall[30]. The 

formula for the F1-score is shown in Equation (14). 

𝐹1-𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (14) 

3. Results and Discussions 

3.1 Data Preprocessing Results 
The dataset used in this study was obtained from online data provided by the Meteorology, 

Climatology, and Geophysics Agency (BMKG) of South Sumatra. The dataset consists of 365 records with 9 
variables. A data cleaning process was then performed to handle missing values or empty data. Records 
with missing values in the rainfall variable were removed, resulting in a reduced dataset of 339 records. 

After that, an attribute selection process was carried out, resulting in 7 variables used in this study, 
minimum temperature, maximum temperature, average temperature, average humidity, sunshine duration, 
maximum wind speed, and average wind speed. The date variable was not used because it does not directly 
affect the classification process, while the rainfall variable was used as the basis for labeling or forming 
rainfall class categories. The rainfall labelling categories used in this study are presented in Table 1. 

Furthermore, the distribution of the number of data points in each rainfall category was obtained. The 
data distribution can be seen in Table 2. The data splitting was performed using an 80:20 ratio, where 80% 
of the data was used as training data and 20% as testing data. From the total dataset used, 273 records were 
allocated for training and 66 records for testing. Subsequently, data normalization was applied to the 
numerical attributes using the Min-Max Scaling method. 

Table 1. Rainfall Categories 
Category Rainfall (mm) 
No Rain 0 mm 

Rain 1–49 mm 
Extreme Rain ≥ 50 mm 

 
Table 2. Data Distribution 

Category Number of Data 
No Rain 133 

Rain 188 
Extreme Rain 18 
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3.2 Training Data Evaluation Results 
         In the training phase, the model was trained using five machine learning methods, namely Random 
Forest, Decision Tree, Naïve Bayes, K-Nearest Neighbor (KNN), and Support Vector Machine (SVM). Model 
performance on the training data was evaluated using a confusion matrix with accuracy, precision, recall, 
and F1-score metrics. The evaluation results of the training data for each method are presented in Table 3. 

Based on Table 3, the Random Forest method shows the highest performance, with accuracy, precision, 
recall, and F1-score reaching 100%. These results indicate that the method is able to recognize patterns in 
the training data very well; however, they also suggest a potential risk of overfitting. Meanwhile, Decision 
Tree, K-Nearest Neighbor (KNN), and Support Vector Machine (SVM) show relatively good performance 
with accuracy values above 75%. On the other hand, the Naïve Bayes method achieved the lowest 
performance compared to the other methods. 
 

Table 3. Evaluation Metrics Result 
No Metode Accuracy Precision Recall F1-Score 

1 Random Forest 1.0000 1.0000 1.0000 1.0000 
2 Decision Tree 0.7912 0.7957 0.5521 0.8101 
3 Naïve Bayes 0.6959 0.6261 0.6239 0.6249 
4 KNN 0.7838 0.7750 0.6050 0.6358 
5 SVM 0.7582 0.7884 0.5177 0.7667 

 

                                                                       
Figure 2. Confusion Matrix of Random Forest and Decision Tree 

 
 

 
Figure 3. Confusion Matrix of Naïve Bayes and KNN 
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Figure 4. Confusion Matrix of SVM 

 
Table 4. Evaluation Metrics Result 

No Metode Accuracy Precision Recall F1-Score 
1 Random Forest 0.6969697 0.7088466 0.4677755 0.6920635 
2 Decision Tree 0.6212121 0.6111111 0.4265419 0.6251241 
3 Naïve Bayes 0.6818182 0.7809706 0.5761146 0.6222914 
4 KNN 0.6363636 0.631746 0.4279279 0.6302543 
5 SVM 0.7272727 0.7458007 0.489605 0.7261905 

3.3 Testing Data Evaluation Results 
The testing phase was conducted using a confusion matrix to evaluate the ability of each method to 

classify rainfall categories. The confusion matrix is used to compare the predicted results with the actual 
classes so that classification error patterns produced by each method can be identified. The confusion 
matrices for the five methods are shown in Figure 2, Figure 3, and Figure 4. 

Based on Figures 2, 3, and 4, most of the evaluated methods still have difficulty recognizing the Extreme 
Rain category. This is likely influenced by the imbalanced distribution of the dataset, where the Extreme 
Rain class contains substantially fewer samples than the No Rain and Rain classes. As a result, the models 
receive limited information to learn the characteristics of this minority class during training, making it more 
difficult to correctly identify Extreme Rain events during testing. In contrast, the Rain category contains the 
largest number of samples, causing several models to predict this class more frequently. Consequently, the 
classification performance for the minority class remains lower than that of the majority classes. 

Furthermore, model testing was conducted using testing data to evaluate the ability of each method in 
classifying new data. The evaluation was performed using a confusion matrix with accuracy, precision, 
recall, and F1-score metrics. The evaluation results on the testing data are presented in Table 4. Based on 
Table 4, the Support Vector Machine (SVM) method shows the best performance among the evaluated 
methods, achieving an accuracy of 72.72% and an F1-score of 72.61%. These results indicate that SVM 
provides better generalization when classifying unseen rainfall data. In contrast, Random Forest showed a 
noticeable decrease in accuracy compared to its performance on the training data. This difference may 
indicate that the model learned patterns that were highly specific to the training data and therefore did not 
generalize as well to new data. One possible reason is the relatively small dataset combined with the 
imbalanced distribution of rainfall classes, particularly the limited number of Extreme Rain samples. Under 
these conditions, Random Forest can produce a model that fits the training data very well while showing 
lower performance on unseen data. Therefore, model selection should consider not only training accuracy 
but also testing performance, as testing results provide a better indication of the model's generalization 
ability. In addition, the recall values of several methods remain relatively low, indicating that some rainfall 
categories are still difficult to identify correctly. 

3.4 Discussions 
The experimental results demonstrate that the five machine learning methods exhibit different 

classification performances when applied to the same rainfall dataset. Among the evaluated methods, SVM 
achieved the highest testing accuracy and F1-score, indicating better generalization ability than the other 
models. In contrast, Random Forest produced the highest training accuracy but showed a substantial 
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decrease in testing accuracy, suggesting that excellent performance on training data does not necessarily 
translate into better performance on unseen data. These findings highlight the importance of evaluating 
machine learning models using independent testing data rather than relying solely on training performance. 

The superior performance of SVM on the testing data can be attributed to its ability to identify an 
optimal decision boundary that maximizes the separation margin between classes. This characteristic 
enables SVM to generalize more effectively when applied to unseen data, particularly for datasets with a 
relatively limited number of samples. In contrast, Random Forest tends to construct highly detailed decision 
boundaries by combining multiple decision trees. Although this approach can achieve excellent 
performance on the training data, it may also capture patterns that are too specific to the training dataset, 
leading to reduced generalization performance on new data. The performance differences observed in this 
study suggest that model complexity should be balanced with the characteristics of the available dataset to 
obtain better classification performance. 

Another important finding is that all evaluated models showed relatively poor performance in 
identifying the Extreme Rain category. This can be largely attributed to the imbalanced distribution of the 
dataset, where the number of Extreme Rain samples was considerably smaller than the other rainfall 
categories. As a result, the models had fewer examples from which to learn the characteristics of this 
minority class, making accurate classification more challenging. This finding suggests that class distribution 
is an important factor affecting rainfall classification performance. Future studies may consider applying 
data balancing techniques or collecting additional Extreme Rain observations to improve the classification 
performance for minority classes. 

Compared with previous studies, the findings of this research provide a broader evaluation of machine 
learning methods for rainfall classification. The study by [8] reported higher classification accuracy, 
however, it evaluated only Naïve Bayes and C4.5, making it difficult to assess the relative performance of 
other machine learning algorithms. Meanwhile, the study in [9] focused on binary rainfall classification, 
which represents a less complex classification problem than the three-class classification adopted in this 
study. In addition, the study in [13] used only four meteorological variables, whereas this research 
employed seven meteorological attributes to represent rainfall conditions more comprehensively. Although 
the testing accuracy obtained in this study is lower than that reported in some previous studies, the results 
provide a more comprehensive comparison of five widely used machine learning methods under the same 
experimental setting. This allows a more objective evaluation of the strengths and limitations of each 
method for multiclass rainfall classification in Palembang. 

This study has several limitations that should be considered when interpreting the results. First, the 
dataset was collected from a single meteorological station in Palembang and covered only one year of 
observations, which may limit the generalizability of the findings to other regions or longer observation 
periods. Second, the imbalanced distribution of rainfall classes, particularly the limited number of Extreme 
Rain samples, affected the classification performance for the minority class. Despite these limitations, this 
study addresses the research gap identified in previous studies by providing a comparative evaluation of 
five machine learning methods using the same dataset, seven meteorological variables, and multiclass 
rainfall categories. Future research may include larger datasets collected over multiple years, additional 
meteorological variables, and data balancing techniques to further improve rainfall classification 
performance. 

4. Conclusion 

Based on the evaluation results on the testing data, the Support Vector Machine (SVM) method 
achieved the best performance with an accuracy of 72.72% and an F1-score of 72.61%. Meanwhile, the 
Random Forest method showed very high performance on the training data but experienced a decline on 
the testing data, indicating the presence of overfitting. In addition, the imbalanced data distribution also 
affected the model’s ability to recognize all rainfall categories, particularly the extreme rainfall class. These 
results show that the choice of method and data characteristics significantly influence the performance of 
rainfall classification using machine learning. Future research may address data imbalance issues by 
applying techniques such as oversampling or SMOTE to improve classification performance on minority 
classes. 
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