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Abstract—This study presents a novel thunderstorm 

prediction model leveraging a hybrid approach that integrates 

the Synthetic Minority Oversampling Technique (SMOTE), �-

Means clustering and Machine Learning (ML) Models. Using 

historical lightning and meteorological data from the southern 

region of Peninsular Malaysia, the study evaluates the 

performance of five ML models including Decision Tree (DT), 

Random Forest (RF), Extra Trees (ET), Gradient Boosting 

(GB), and Extreme Gradient Boosting (XGBoost), based on the 

standard performance evaluation metrics such as accuracy, 

precision, recall, and F1-score. The results demonstrate that 

ensemble methods, particularly RF, consistently outperform 

other models across all three clusters, achieving prediction 

accuracy exceeding 95%. These findings underscore the 

effectiveness of RF in capturing data complexities and making 

accurate thunderstorm predictions. The study further 

emphasizes the role of balanced datasets through SMOTE and 

robust clustering techniques in enhancing model reliability. 

Future work will focus on integrating real-time data and 

incorporating additional meteorological variables to further 

improve predictive performance. 

Keywords—thunderstorm, lightning, machine learning (ML) 

models, clustering, synthetic minority oversampling technique 

(SMOTE), prediction model 

I. INTRODUCTION 

Thunderstorms are among the most destructive natural 
phenomena, causing significant damage to infrastructure, loss 
of life, and disruptions to daily activities. Accurate prediction 
of thunderstorms is critical for mitigating their impact, 
particularly in regions like Peninsular Malaysia, which 
frequently experiences lightning due to its tropical, equatorial 
climate. The intense convective activity in this region 
contributes to a high occurrence of thunderstorms. Integrating 
historical lightning and meteorological data can provide 
valuable insights into the atmospheric precursors of such 
events.  However, traditional prediction models often struggle 
in handling the nonlinear, high-dimensional nature of 

meteorological data, prompting the adoption of more 
advanced Machine Learning (ML) approaches. These 
limitations have motivated researchers to explore advanced 
ML techniques, which are better equipped to manage 
complex, high-dimensional datasets and uncover hidden 
patterns. Recent advancements in ML have demonstrated the 
potential of hybrid approaches that combine data pre-
processing techniques, clustering methods, and ensemble 
learning models. One of the key challenges in meteorological 
datasets is class imbalance, where thunderstorm events 
represent a minority class. The Synthetic Minority 
Oversampling Technique (SMOTE) has proven effective in 
addressing this issue by synthetically generating samples for 
underrepresented classes during model training [1], [2]. In 
parallel, clustering techniques such as k-Means, enable the 
segmentation of data into meaningful groups, facilitating the 
development of specialized models tailored to specific data 
characteristics [3], [4]. Ensemble learning models, including 
DT, RF, ET, GB, and XGBoost have consistently 
outperformed traditional algorithms in various prediction 
tasks due to their ability to capture complex interactions and 
mitigate overfitting [5], [6], [7].  

This study focuses on developing a thunderstorm 
prediction model for the southern region of peninsular 
Malaysia by integrating SMOTE, �  -Means clustering, and 
multiple ML algorithms, including DT, RF, ET, GB, and 
XGBoost. The proposed work utilizes an extensive dataset 
comprising nine years of historical lightning data (2011–
2019) from TNBR Malaysia combined with meteorological 
records provided by MetMalaysia. The analysis focused on a 
100 km radius centered around the UTM-defined southern 
region of Peninsular Malaysia. Model performance is 
evaluated using standard performance evaluation metrics such 
as accuracy, precision, recall, and F1-score. By integrating 
SMOTE, k-Means clustering and ML techniques, this study 
aims to enhance the accuracy and reliability of thunderstorm 
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predictions, contributing to improved disaster preparedness 
and risk management in the region. 

The significance of this research lies in its potential to 
address the challenges associated with thunderstorm 
prediction in tropical climates, where traditional models often 
fall short. By incorporating clustering and sampling 
techniques, this study enhances both the accuracy and 
interpretability of predictions. The proposed model not only 
improves forecasting performance but also contributes to a 
deeper understanding of the underlying atmospheric 
dynamics. Moreover, it supports disaster preparedness and 
risk management efforts by offering a reliable predictive tool.  

The remainder of the paper is organized as follows: 
Section II presents a comprehensive review of related work, 
highlighting recent advancements in thunderstorm prediction. 
Section III outlines the methodology, including data pre-
processing, clustering, and model development. Section IV 
presents the results and discusses the performance of the 
proposed model. Finally, Section V concludes the study and 
suggests directions for future research.  

II. LITERATURE SURVEY 

A. Resampling Technique: Synthetic Minority 

Oversampling (SMOTE) 

The Synthetic Minority Oversampling Technique 
(SMOTE) is a widely used data pre-processing method 
designed to address the issue of class imbalance in datasets by 
generating synthetic samples for the minority class. 
Introduced by Chawla et al., SMOTE generates synthetic 
samples for the minority class by interpolating between 
existing data points [2]. This approach has been extensively 
applied in various domains, including meteorological and 
storm prediction, where imbalanced datasets are common. For 
instance, studies have shown that SMOTE improves the 
performance of ML models in predicting rare weather events, 
such as thunderstorms, by ensuring that minority classes are 
adequately represented during training [1]. Moreover, recent 
advances such as Borderline-SMOTE and SMOTE-ENN 
offer further enhancements in handling noisy and overlapping 
data [3]. Borderline-SMOTE focuses on generating new 
samples near the decision boundary, particularly where the 
minority class is at higher risk of misclassification [8].  

On the other hand, SMOTE-ENN combines SMOTE with 
data cleaning using the Edited Nearest Neighbours (ENN) 
method, which helps remove noisy or borderline majority 
instances [9]. These approaches have been shown to improve 
minority class recall and overall classification performance in 
imbalanced datasets [8], [9], making them promising 
alternatives for future improvement of thunderstorm 
prediction models. The integration of SMOTE with ensemble 
learning models has also been explored, demonstrating 
significant improvements in prediction accuracy and 
robustness [10].  

B. Clustering Method: k-Means Clustering 

k-Means clustering is a popular unsupervised learning 
algorithm used for partitioning datasets into distinct clusters 
based on similarity. Proposed by MacQueen, �-Means has 
been widely adopted in meteorological studies to segment data 
into meaningful groups, facilitating the development of 
specialized prediction models [11]. In the context of 
thunderstorm prediction, k-Means has been used to cluster the 
historical data into distinct regimes based on meteorological 

conditions (temperature, humidity, rainfall and wind speed) 
and lightning parameters (location, time, peak current, and 
polarity) into regions with similar weather patterns [4]. This 
approach seeks to improve the predictability of thunderstorm 
events by identifying both spatial and temporal trends. This 
clustering approach enables the creation of localized models 
that are better suited to the unique characteristics of each 
cluster. The primary advantage of integrating � -Means 
clustering with predictive modeling is the ability to extract 
salient features and patterns that can subsequently enhance the 
performance of supervised learning algorithms. Recent 
advancements in � -Means have further improved their 
efficiency and accuracy [4]. Additionally, hybrid approaches 
that combine �-Means with other clustering methods, such as 
hierarchical clustering, have been explored to enhance the 
quality of clusters and improve prediction performance. 

C. Machine Learning (ML) Models 

Machine learning (ML) models have revolutionized 
weather prediction by enabling the analysis of complex and 
high-dimensional data [12]. Among the various models, 
ensemble learning methods, such as DT, RF, ET, GB, and 
XGBoost, have gained prominence for their ability to capture 
nonlinear relationships and reduce overfitting.  

The DT model is a simple yet powerful model that is 
widely used for its simplicity, interpretability, and ease of 
implementation, particularly in classification tasks like 
thunderstorm forecasting [13]. Building on this foundation, 
ensemble methods such as RF and ET combine multiple DTs 
to improve robustness and generalization. RF, introduced by 
Breiman, reduces variance by averaging predictions across 
multiple trees, while ET enhances this approach by 
introducing greater randomness during tree construction, 
which has shown improved performance in capturing complex 
atmospheric interactions [14], [15]. 

GB is a powerful ensemble method that builds models 
sequentially, optimizing for errors in previous iterations. GB 
models improve accuracy by sequentially correcting errors 
from previous models, making them suitable for modeling 
nonlinear dependencies in weather systems [16]. XGBoost, an 
advanced and efficient implementation of GB, has gained 
popularity for its scalability and regularization capabilities, 
and has demonstrated superior performance in thunderstorm 
prediction, particularly when used in conjunction with data 
pre-processing techniques like SMOTE [17]. 

D. Performance Evaluation Metrics 

Performance metrics play a crucial role in evaluating the 
effectiveness of prediction models. In the context of 
thunderstorm prediction, standard performance evaluation 
metrics such as accuracy, precision, recall, and F1-score are 
commonly used [18], [19].  

Accuracy measures the proportion of correctly predicted 
instances out of the total instances. While it provides a general 
overview of model performance, it may not be sufficient for 
imbalanced datasets, as it can be biased towards the majority 
class [19]. Precision quantifies the proportion of true positive 
predictions out of all positive predictions, indicating the 
model's ability to avoid false positives. It is particularly 
important in thunderstorm prediction, where false alarms can 
lead to unnecessary disruptions [19]. Recall, or sensitivity, 
measures the proportion of true positive predictions out of all 
actual positive instances. It is critical for ensuring that the 
model captures as many thunderstorms as possible, 
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minimizing the risk of missed events. F1-score is the harmonic 
mean of precision and recall, providing a balanced measure of 
model performance. It is particularly useful for imbalanced 
datasets, as it accounts for both false positives and false 
negatives [19]. 

III. METHODOLOGY 

To conduct this study, the methodology leverages a hybrid 
approach whereby the � -Means algorithm is applied first to 
partition the multidimensional dataset into clusters. Each 
cluster is then scrutinized for its characteristic atmospheric 
conditions, providing insights into pre-convective regimes [8]. 
The resulting cluster labels, along with the original features, 
serve as inputs for the ML models. This integrated strategy 
enables the extraction of crucial hidden variables that can 
boost classification performance. The prediction results are 
evaluated using standard performance metrics, including 
accuracy, precision, recall, and F1-score, ensuring a 
comprehensive assessment of the model's operational 
potential [9]. 

The methodology of this study is organized into four 
sections: A) Study Area and Data, B) Workflow, C) 
Clustering and ML Models, and D) Performance Evaluation 
Metrics and Hyperparameter Tuning. Each section is designed 
to systematically develop a robust framework for 
thunderstorm prediction using historical lightning and 
meteorological data.   

A. Study Area and Data  

The study area encompasses a 100 km radius centered on 
the UTM defined southern region of Peninsular Malaysia. 
This region is characterized by dense urban areas and frequent 
thunderstorms, combined with complex terrains, coastlines 
and monsoon-influenced climate patterns, contributing to 
unique convective dynamics. The spatial and temporal 
resolution of the data allows for an in-depth analysis of 
convective phenomena, making it well-suited for both 
clustering and classification tasks. 

• Lightning Data (2011–2019): Sourced from TNBR 
Malaysia, covering cloud-to-ground lightning 
occurrences, which includes details on strike location 
(longitude, latitude), time, peak current (kA), and lightning 
polarity.  

• Meteorological Data (2011–2019): Obtained from 
MetMalaysia, including temperature, relative humidity, 
wind speed, and atmospheric pressure.  

B. Workflow 

Fig. 1 depicts the workflow of the thunderstorm prediction 
model. The overall workflow starts with data collection and 
integration, wherein lightning and meteorological datasets are 
merged based on temporal and spatial parameters. Data 
cleaning, normalization and handling missing values are then 
performed. Outliers, such as abnormal peak currents and 
missing meteorological readings, are detected and handled 
using robust statistical techniques. Then, followed by the 
feature selection, where the identification of key 
meteorological parameters that influence thunderstorms. A 
resampling technique called SMOTE is introduced to balance 
the cluster data by identifying and connecting the nearest 
minority class data and creating synthetic data.   

The clustering using � -Means is performed by grouping 
weather patterns to identify storm-prone conditions. After 

that, all the ML models are trained, such as DT, RF, ET, GB, 
and XGBoost. Lastly, the performance of the prediction model 
was evaluated using standard performance metrics such as 
accuracy, precision, recall, and F1-score. 

 

Fig. 1. Workflow for thunderstorm prediction model. 

C. Clustering and Machine Learning (ML) Models 

Clustering is an unsupervised ML technique used to group 
similar data points based on their features. In this study, � -
Means clustering is applied to categorize different 
meteorological patterns that influence thunderstorm 
occurrences. � -Means clustering efficiently groups weather 
patterns with similar characteristics, which helps in 
distinguishing thunderstorm-prone conditions. �  -Means 
clustering improves and reduce the complexity of 
meteorological data before feeding it into ML models.�  -
Means clustering has been successfully used in previous 
meteorological studies [3], [4], [7]. The � -Means clustering 
algorithm steps involve the following: 

1. Initialization cluster center (centroids), where the � 
centroids is randomly selected. 

2. Assigning each data point to the nearest cluster centroid 
based on the Euclidean distance, as in (1): 

���, �� = 
���� − �����
���  (1) 

Here, �  represent the data point, and �  represents the 
cluster centroid.  

3. Recalculating the centroids as the mean of the assigned 
points. 

4. The iteration is continued until convergence, where the 
centroid does not change significantly, and this indicate 
the clusters us stable.  

Data Collection 

Data Cleaning, Normalization, Balancing 

Clustering with �-Means 

Prediction with Machine Learning (ML) Models 

Performance Metrics 

Start 

End 
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5. To find the best number of clusters �, the elbow method is 
used, which plots the within-cluster sum of squares against 
different numbers of � clusters.   

By applying �  -Means clustering to meteorological and 
lightning data, this study categorizes distinct weather 
conditions that contribute to thunderstorms. These clusters 
then serve as input features for supervised ML models. The 
resampling technique called SMOTE is applied to overcome 
the imbalance in the clustered data by generating synthetic 
data. The balanced clustered data is then used to train and 
evaluate five ML models: 

1. Decision Trees (DT): A tree-based model that splits the 
data based on feature thresholds. DT is a simple yet 
interpretable model. 

2. Random Forest (RF): A bagging-based ensemble model 
that creates multiple DTs that reduce overfitting by 
averaging their predictions. 

3. Extra Trees (ET): A variant of RF that uses random splits 
points instead of the best split for improved diversity. 

4. Gradient Boosting (GB): An ensemble method that 
combines multiple weak models (DT) by iteratively 
improving performance by correcting previous errors. 

5. Extreme Gradient Boosting (XGB): An optimized version 
of GB that improves speed and efficiency using parallel 
computation and regularization. 

D. Performance Evaluation Metrics and Hyperparameter 

Tuning  

The performance of the model to predict thunderstorm 
occurrences accurately is evaluated through a confusion 
matrix, also called as evaluation matrix. Fig. 2 displays the 
confusion matrix that is used to examine the entire set of 
models and emphasizes the frequency of the models produce 
correct or wrong predictions. The confusion matrix provides 
insights into four key components: the True Positive (TP), 
False Positive (FP), True Negative (TN) and False Negative 
(FN) rates, which are used to form the standard performance 
evaluation metrics such as accuracy, precision, recall, and F1-
score. The TP and TN mean correctly predicted thunderstorms 
and correctly predicted no thunderstorms, respectively. While 
the FP represents false alarms for thunderstorms, and the FN 
means missed thunderstorms.  

Table I displays the performance evaluation metrics used 

in the proposed work. Accuracy measures the proportion of 

correctly predicted instances out of all instances in the dataset. 

Precision indicates the proportion of true positives among all 

predicted positives. Recall represents the proportion of true 

positives among all actual positives. F1-score is the harmonic 

mean of precision and recall, providing a balanced measure of 

both. 

Fig. 2. Confusion matrix. 

TABLE I.  PERFORMANCE EVALUATION METRICS  

Metric Formula 

Accuracy 
TP � TNTP � TN � FP � FN 

Precision 
TPTP � FP 

Recall 
TPTP � FN 

F1-score 2 � Precision � RecallPrecision �  Recall 
Noted that the range for all the metrics is within 0 to 1, and the optimum value is 1. 

In addition to evaluating the model performance using a 
confusion matrix and standard performance evaluation 
metrics, this study incorporated hyperparameter tuning to 
further optimise the model performance.  

Hyperparameters, which are configuration settings 
external to the model training process, significantly influence 
the learning behaviour and performance of ML algorithms. To 
identify the optimal hyperparameter values, techniques such 
as grid search and random search were employed in 
conjunction with cross-validation to systematically explore 
the best parameter combinations. This method was crucial in 
avoiding overfitting and improving the generalisation of the 
models.  

As a result, the tuned models demonstrated enhanced 
accuracy, precision, recall, and F1-score, contributing to more 
robust and reliable thunderstorm predictions. 

IV. RESULTS AND DISCUSSIONS 

This work implements the �  -Means clustering into the 
balanced dataset to find the optimal number of clusters. Fig. 3 
shows the elbow curve of the optimum number of clusters for 
the datasets.  

The elbow curve graph stabilises gradually after three 
clusters, indicating that the inclusion of additional clusters 
may impact accuracy. The balanced and clustered dataset is 
divided into 3 clusters, and the 3 coordinates of the centre for 
each cluster are identified, as shown in Fig. 4 and Table II, 
respectively. Cluster 1 has the largest proportion, followed by 
Cluster 2 and Cluster 3. This balanced clustering ensures that 
the dataset is well-distributed, which is crucial for accurate 
ML models training.  

The clustering approach aligns with studies that emphasize 
the importance of balanced datasets for reducing bias in 
predictive models. Related works, such as those using k-
Means clustering for weather prediction, have shown that 
balanced clusters improve the model performance metrics. 

 

Fig. 3. The elbow curve. 
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Fig. 4. Distribution of the balanced and clustered dataset. 

TABLE II.  COORDINATES OF THE CENTRE FOR EACH CLUSTER AND 

DATA COUNTS 

 Coordinate 
Total Count 

 Latitude Longitude 

Cluster 1 1.35519355 103.82931461 531785 

Cluster 2 1.48598792 103.10133626 413961 

Cluster 3 2.06637249 103.73642334 357478 

The performance evaluation metrics of five ML prediction 
models at clusters 1, 2, and 3 are displayed in Fig. 5, Fig. 6, 
and Fig. 7, respectively. At cluster 1, all the prediction models 
performed well with accuracy, precision, recall and F1-score 
values exceeding 90.00% except for the F1-score of the ET 
model gave 70.53%, which is still acceptable. The high 
performance across all models suggests that the features used 
for prediction are highly informative. The superior 
performance of RF is consistent with its ability to handle 
imbalanced datasets and capture complex patterns, as 
highlighted in related studies [7], [13]. While SMOTE helped 
address the class imbalance in this study, recent oversampling 
techniques offer potential for further improvement. For 
instance, Borderline-SMOTE selectively generates synthetic 
samples near the decision boundary, focusing on minority 
instances most prone to misclassification [8]. Meanwhile, 
SMOTE-ENN combines oversampling with data cleaning 
using Edited Nearest Neighbours (ENN), which helps 
eliminate noisy or ambiguous samples from the majority class 
[9]. These advanced techniques have been shown to improve 
minority class recall and reduce overlap, and they are 
considered promising alternatives for future refinement of 
thunderstorm prediction models. In Cluster 2, all the 
prediction models gave an accuracy of 99.21% except the DT 
model gave 98.98% accuracy, which indicates a good 
prediction of thunderstorm at Cluster 2. The precision of all 
prediction models is 97.76% except for the DT model is 
97.13%. The F1-score of ET, GB and XGBoost models 
outperforms the other models, followed closely by DT and 
RF. The consistent performance of all ML models across 
clusters demonstrates their robustness and generalizability. 
The results align with findings from other studies that 
highlight the effectiveness of ensemble methods like ET and 
RF in weather prediction tasks [7], [12], [13]. Differ from 
Cluster 3, all the performance metrics are slightly lower than 
those for Clusters 1 and 2 but still exceed 90%. The prediction 
models ranged from 90.00% to 91.00% in precision, but 
accuracy, recall, and F1-score gave more than 98.00%. RF 
remains the top-performing model, followed by ET and DT. 

The slight drop in performance could be due to differences in 
the characteristics of Cluster 3, such as fewer data points or 
higher variability. The results are consistent with studies that 
show ensemble methods like RF and ET excel in handling 
diverse weather datasets [5], [7]. Overall, RF demonstrates the 
effectiveness in predicting thunderstorms across different 
clusters, and the results are consistent with related works in 
the literature [4], [5], [7], [12], which emphasize the 
importance of balanced datasets and robust models for 
accurate weather prediction. 

 

Fig. 5. Performance of the prediction model at Cluster 1. 

 

 

Fig. 6. Performance of the prediction model at Cluster 2. 

 

Fig. 7. Performance of the prediction model at Cluster 3. 
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V. CONCLUSION  

This study introduced a hybrid thunderstorm prediction 
model integrating SMOTE, �-Means clustering, and ML 
algorithms to enhance predictive accuracy using historical 
lightning and meteorological data from the southern region of 
Peninsular Malaysia. The implementation of �-Means 
clustering ensured a balanced dataset, which significantly 
improved the reliability of ML models in thunderstorm 
forecasting. The models are evaluated using standard 
performance evaluation metrics: accuracy, precision, recall 
and F1-score. Among the five ML models evaluated—
Decision Tree (DT), Random Forest (RF), Extra Trees (ET), 
Gradient Boosting (GB), and Extreme Gradient Boosting 
(XGBoost)—the Random Forest (RF) model consistently 
outperformed others, achieving over 95% accuracy across all 
clusters. The balanced clustering approach ensures unbiased 
model performance, while the high metrics across all clusters 
validate the robustness of the selected features and models. 
The findings confirm that ensemble methods, particularly RF, 
effectively capture complex weather patterns, making them 
suitable for operational thunderstorm prediction. 
Additionally, the study highlights the critical role of balanced 
datasets and clustering techniques in improving predictive 
model performance. The use of alternative oversampling 
methods such as Borderline-SMOTE and SMOTE-ENN will 
be investigated to further improve model performance in 
handling class imbalance. These approaches offer targeted 
improvements by refining decision boundaries and removing 
noisy data points, thereby enhancing prediction accuracy and 
reliability. Future research will focus on integrating real-time 
meteorological data to enhance the model's responsiveness to 
evolving weather conditions. This integration aims to enable 
timely updates and maintain predictive accuracy in dynamic 
environments. Implementing adaptive models capable of 
processing streaming data with low latency will be essential 
for delivering prompt and reliable predictions. Addressing 
challenges such as data quality, system scalability, and model 
stability will be crucial to ensure the effectiveness of real-time 
thunderstorm prediction systems. 
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