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Abstract 

 
Accurate weather type classification plays an important role in supporting decision-making across various sectors, 

including transportation, agriculture, logistics, and disaster management. Although numerous studies have applied machine 

learning to weather prediction, most compare only a limited number of algorithms or evaluate them under a single 

experimental setting. This study addresses this gap by providing a comprehensive benchmark of five widely used 

classification algorithms Decision Tree, Random Forest, Support Vector Machine (SVM), Multilayer Perceptron (MLP), 

and Artificial Neural Network (ANN) using the publicly available Weather Type Classification dataset from Kaggle. These 

algorithms were selected because they represent interpretable, ensemble-based, kernel-based, and neural network 

approaches, enabling a comprehensive comparison of different machine learning paradigms. The dataset consists of 

structured meteorological attributes, including temperature, humidity, wind speed, precipitation, visibility, season, and 

location. Model performance was evaluated using three train-test split ratios (70/30, 80/20, and 90/10) and assessed through 

accuracy, precision, recall, confusion matrix, and ROC curve analyses. The experimental results show that ensemble-based 

and neural network models outperform single-tree approaches. Random Forest, MLP, and ANN demonstrate superior and 

more consistent performance across all data split ratios, with ROC-AUC values approaching 0.99. These findings establish 

a practical benchmark for selecting appropriate machine learning models for multi-class weather classification and 

demonstrate the effectiveness of ensemble and neural network approaches for developing reliable weather prediction 

systems using publicly available datasets. 
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1. INTRODUCTION 

Weather prediction plays a vital role in various real-world applications, including aviation, agriculture, 

logistics, and disaster management, making accurate classification of weather conditions increasingly 

important [1]. The dynamic and nonlinear nature of atmospheric interactions, such as temperature, humidity, 

wind speed, and cloud formation, often poses challenges to traditional statistical forecasting models that 

struggle to capture complex relationships within meteorological variables [2]. With the growing availability of 

open-source datasets, including those hosted on Kaggle, machine learning has emerged as a powerful tool 

capable of modeling intricate weather patterns using structured and high-dimensional data [3]. These 

advancements have driven numerous studies to evaluate the performance of machine learning models on 

publicly available datasets to enhance weather classification systems [2]. 

Despite the increasing use of open-source meteorological datasets, many publicly available weather 

datasets, such as the Kaggle Weather Type Classification dataset, exhibit unique challenges, including 

synthetic or simulated feature distributions, class imbalance, and nonlinear relationships across variables [3]. 

The characteristics introduce uncertainty in how well machine learning models generalize when trained on 

such structured but non-real-time data [1]. Moreover, while several exploratory Kaggle notebooks demonstrate 
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small-scale comparisons between 2-3 machine learning algorithms, there is still no comprehensive benchmark 

that systematically evaluates the performance of five major models Random Forest, Decision Tree, Support 

Vector Machine (SVM), Multilayer Perceptron (MLP), and Artificial Neural Network (ANN) on this dataset 

[4]. This gap highlights the need for a focused comparative study to identify the most effective model for multi-

class weather-type prediction using publicly available data [2], [5]. 

To address these challenges, this research compares the performance of five widely used machine 

learning algorithms, Random Forest, Decision Tree, SVM, MLP, and ANN, on the Weather Type 

Classification dataset [6]. Random Forest provides strong robustness against overfitting by aggregating 

multiple decision trees to improve stability and predictive accuracy [7]. Decision Tree models offer 

interpretability and computational efficiency that make them suitable for structured datasets [3]. SVM is 

recognized for its superior capability in handling high-dimensional classification problems, particularly when 

data exhibits nonlinear and overlapping distributions [8]. Meanwhile, MLP and ANN architectures are capable 

of learning deep and complex relationships within synthetic and numerical weather attributes [9]. 

Previous studies demonstrate that ensemble-based models such as random Forest often achieve the 

highest accuracy in weather classification tasks due to their ability to model multi-feature interactions 

effectively [10]. Additional research indicates that SVM and MLP contribute enhanced stability when applied 

to multi-class atmospheric datasets, especially those exhibiting synthetic or structured statistical patterns [11]. 

ANN models have also shown superior performance in capturing nonlinear temporal or environmental 

relationships, making them promising candidates for weather classification [12]. However, the literature lacks 

a dedicated comparative analysis involving all five models on the Weather Type Classification dataset, despite 

its popularity in exploratory machine learning studies [13], [3]. 

The novelty of this study lies in its comprehensive evaluation framework for publicly available weather 

classification data. Unlike previous studies that primarily compare only two or three machine learning 

algorithms or evaluate models under a single train-test split configuration, this research systematically 

benchmarks five representative classification algorithms, Decision Tree, Random Forest, SVM, MLP, and 

ANN, under three different data split ratios (70/30, 80/20, and 90/10). Furthermore, the study integrates 

multiple evaluation metrics, including accuracy, precision, recall, confusion matrix, and ROC curve analysis, 

to provide a more comprehensive assessment of model performance and generalization capability. This 

comprehensive benchmarking provides a practical reference for selecting appropriate machine learning models 

for structured multi-class weather classification tasks. 

Given this gap, the objective of the present study is to conduct a comprehensive benchmark of five 

machine learning algorithms Random Forest, Decision Tree, SVM, MLP, and ANN, using the Weather Type 

Classification dataset [14]. This research evaluates each model based on accuracy, precision, recall to identify 

which algorithm performs most effectively on structured, multi-class weather data of synthetic or semi-

synthetic nature [15]. The results aim to provide insight into the strengths and limitations of each algorithm, 

establishing a benchmark for future studies that utilize publicly available datasets for weather classification 

tasks [16]. 

 

2. MATERIAL AND METHOD 

This study aims to evaluate and compare the performance of five machine learning algorithms Random 

Forest, Decision Tree, Support Vector Machine (SVM), Multilayer Perceptron (MLP), and Artificial Neural 

Network (ANN) in classifying weather types using the publicly available Kaggle dataset [17]. The overall 

workflow of this research is illustrated in Figure 1, which outlines the stages from data collection to evaluation. 

 

2.1. Data Collection 

The dataset used in this research is publicly available and has been used by various researchers for 

weather-related machine learning tasks, sourced from Kaggle. The dataset, published by Nikhil7280, is titled 

“Weather Type Classification” and contains approximately 13,000 records with 11 meteorological attributes, 

including temperature, humidity, wind speed, air pressure, precipitation, UV index, visibility, cloud cover, and 

season information. These features represent diverse atmospheric conditions and provide a comprehensive 

basis for multi-class weather classification. 

Several studies have employed Kaggle-based weather datasets to develop and evaluate machine learning 

models for weather prediction. For example, recent research has shown that algorithms such as Random Forest, 

SVM, and ANN perform effectively when applied to structured meteorological datasets due to their ability to 

capture non-linear relationships among weather parameters. The availability of labeled weather categories in 

this dataset also makes it well-suited for supervised classification tasks, enabling researchers to analyze and 

compare the performance of various algorithms in identifying weather types. 

Given the structured nature of the dataset and its proven relevance in machine learning research, this 

study further explores its potential by evaluating five different classification algorithms Decision Tree, Random 

Forest, SVM, MLP, and ANN [18]. This evaluation aims to determine which algorithm provides the most 

accurate and robust performance in predicting weather types using publicly available meteorological data [19]. 
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Figure 1. Research Methodology 

 

2.2. Data Pre-processing 

After the dataset is collected, the next step is preparing the data systematically before performing 

analysis using machine learning algorithms [20]. This stage is known as Data Preprocessing, which aims to 

clean, transform, and organize the dataset into a format suitable for model training. The preprocessing step 

involves several procedures, including handling missing values, removing irrelevant attributes, encoding 

categorical features, and normalizing numerical values. 

In this study, categorical features such as Season and Cloud Cover were transformed using One-Hot 

Encoding, while numerical variables such as temperature, humidity, wind speed, and pressure were scaled 

using Min–Max Normalization. This step ensures that all features operate within a consistent range, preventing 

bias during model training. Proper preprocessing is essential to improve model performance and ensure that 

the classification algorithms can process the dataset effectively [10]. 

 

2.3. Classification 

Classification is the task of assigning objects or entities into predefined categories based on their 

characteristics. In this context, the objective is to categorize weather conditions into specific weather types 

based on meteorological parameters [4]. Machine learning classification models work by identifying patterns 

within the dataset and grouping observations with similar attributes. 

The process of classification also involves separating data with distinct characteristics so that the model 

can accurately predict each weather condition [5]. The models used in this study include Decision Tree, 

Random Forest, SVM, MLP, and ANN, each selected based on their ability to handle nonlinear and multivariate 

weather datasets [6]. 

 

2.4. Random Forest 

Random Forest is an ensemble learning algorithm that constructs multiple Decision Trees and combines 

their outputs to improve prediction stability and accuracy [21]. Each tree is trained on different bootstrap 

samples, and a random subset of features is selected at each split. Prediction for a classification task is 

determined by majority voting as in Equation 1. 

 

𝑦̂ = mode⁡{ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑇(𝑥)}                (1) 

 

Where ℎ_𝑡⁡(𝑥) is the prediction from the 𝑡-th tree and 𝑇is the total number of trees [22]. 

Random Forest reduces overfitting and performs well on high-dimensional datasets, making it suitable for 

weather classification. 

 

2.5. Decision Tree 

A Decision Tree is a supervised learning algorithm that performs classification by splitting data into 

branches based on feature values [23]. The model selects the best attribute for splitting by measuring impurity 

using Entropy or Gini Index. The entropy of a node is defined as Equation 2. 
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𝐻(𝑡) = −∑ ⁡𝐾
𝑘=1 𝑝𝑘(𝑡)log⁡2 𝑝𝑘(𝑡)                            (2) 

 

Where 𝑝𝑘(𝑡) represents the proportion of the class 𝑘in node 𝑡[10]. The Information Gain for a feature 

𝐴is computed as Equation 3. 

 

𝐼𝐺(𝑆, 𝐴) = 𝐻(𝑆) − ∑ ⁡𝑣∈𝐴
∣𝑆𝑣∣

∣𝑆∣
𝐻(𝑆𝑣)                 (3) 

 

The Decision Tree selects the feature with the highest Information Gain for splitting [11]. This algorithm 

is widely used due to its interpretability and ability to handle both numerical and categorical data [12]. 

 

2.6. Support Vector Machine (SVM) 

SVM is a powerful classification method that constructs an optimal hyperplane to separate data into 

distinct classes. The optimization problem for the SVM with soft margin is expressed in Equations 4-6. 

 

min⁡
𝑤,𝑏,𝜉

 
1

2
∥ 𝑤 ∥2+ 𝐶 ∑ ⁡𝑁

𝑖=1 𝜉𝑖               (4) 

 

subject to: 

 

𝑦𝑖(𝑤
𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 , 𝜉𝑖 ≥ 0                   (5) 

 

The decision function for prediction is: 

 

𝑓(𝑥) = sign⁡(∑ ⁡𝑁
𝑖=1 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑏)               (6) 

 

where 𝐾(𝑥_𝑖, 𝑥)is the kernel function [16]. SVM is effective for complex and nonlinear weather patterns 

[17]. 

 

2.7. Multilayer Perceptron (MLP) 

MLP is a feed-forward neural network consisting of an input layer, hidden layers, and an output 

layer[24]. Each hidden layer transforms the input using Equation 7-8. 

 

𝑧𝑗
(𝑙)

= ∑ ⁡
𝑛𝑙−1
𝑖=1 𝑤𝑗𝑖

(𝑙)
𝑎𝑖
(𝑙−1)

+ 𝑏𝑗
(𝑙)

     (7) 

 

𝑎𝑗
(𝑙)

= 𝜎(𝑧𝑗
(𝑙)
)      (8) 

 

For multi-class classification, the output layer uses Softmax using Equation 9. 

 

𝑦̂𝑘 =
𝑒𝑧𝑘

∑ ⁡𝐾
𝑐=1 𝑒𝑧𝑐

                 (9) 

 

The loss function used is Categorical Cross Entropy, which can be used in Equation 10. 

 

ℒ = −∑ ⁡𝑁
𝑖=1 ∑ ⁡𝐾

𝑘=1 𝑦𝑖𝑘 log⁡(𝑦̂𝑖𝑘)                  (10) 

 

MLP is effective for learning nonlinear relationships among weather features [18]. 

 

2.8. Artificial Neural Network (ANN) 

ANN generalizes MLP by allowing deeper or more complex network structures [25]. The forward 

propagation process is given by Equation 11-12. 

 

⁡⁡⁡⁡⁡⁡⁡⁡⁡ 𝑎(0) = 𝑥                 (11) 

 

⁡⁡⁡⁡ 𝑎(𝑙) = 𝜎(𝑊(𝑙)𝑎(𝑙−1) + 𝑏(𝑙))                  (12) 

 

Parameters are optimized by minimizing the loss in Equation 13. 

 

𝜃∗ = arg⁡min⁡
𝜃

ℒ(𝜃)                  (13) 
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ANN can model complex, dynamic weather patterns due to its ability to approximate nonlinear 

functions [26]. 

 

2.9. Confusion Matrix 

A confusion matrix is a widely used performance evaluation method in machine learning, as it compares 

predicted labels with actual labels to measure classification correctness [27]. This method has been adopted 

extensively in modern classification research because it provides deeper diagnostic information beyond 

accuracy, especially for multi-class classification problems [28]. Researchers emphasize that the confusion 

matrix is essential in identifying true and false predictions, allowing a detailed assessment of classifier behavior 

[29]. 

The matrix consists of four components: True Positive (TP), False Positive (FP), False Negative (FN), 

and True Negative (TN), which together describe the full outcome distribution of a classifier [27]. These 

components are also the basis for important evaluation metrics such as accuracy, precision, recall, and F1-

score, which are derived directly from the Confusion Matrix and widely used in machine learning evaluation 

frameworks [30]. 

Accuracy is calculated using Equation 14. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
           (14) 

 

Precision measures how many of the predicted positive values are actually positive. It is computed as 

Equation 15. 

 

⁡⁡⁡⁡⁡⁡ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
           (15) 

 

Recall (or sensitivity) is the proportion of actual positive cases correctly predicted by the model, as 

given in Equation 16. 

 

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
            (16) 

 

F1-Score combines precision and recall into a single metric and is defined as Equation 17. 

 

⁡⁡ 𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
             (17) 

 

 
Figure 2. Confusion Matrix Diagram [31] 

 

Recent studies propose extensions such as probabilistic confusion matrices and hierarchical confusion 

matrices to enhance performance interpretation in complex classification systems [28], [31]. These 

advancements demonstrate how Confusion Matrix remains foundational while continuing to evolve in modern 

evaluation methodologies [30]. 

 

3. RESULTS AND DISCUSSION 

This result indicates that the ensemble mechanism effectively reduces model variance and increases 

robustness against noisy meteorological features. Consequently, Random Forest is suitable for operational 

weather classification systems where prediction consistency is essential. 

 



 

                PREDATECS-04(01): 61-73 

     

 66 A Comparative Analysis of Machine Learning Models.Dahlanet al, 2026) 

3.1. Initial Data 

Before preprocessing and model development, an initial exploration of the dataset was conducted to 

understand its structure, feature distributions, and suitability for machine-learning classification. This analysis 

provides an overview of the meteorological variables used in subsequent experiments and ensures that the 

dataset adequately represents different weather categories. 

 

Table 1. Weather Type Classification Dataset 

Temperature Humidity 
Wind 

Speed 

Precipitation 

(%) 
... Season 

Visibility 

(km) 
Location 

Weather 

Type 

14 73 9.5 82 ... Winter 3.5 inland Rainy 

39 96 8.5 71 ... Spring 10 inland Cloudy 

30 64 7 16 ... Spring 5.5 mountain Sunny 

38 83 1.5 82 ... Spring 1 coastal Sunny 

27 74 17 66 ... Winter 2.5 mountain Rainy 

 

The initial stage of this research involved examining the weather dataset from Kaggle, which contains 

approximately 13,000 records with 11 meteorological attributes, including temperature, humidity, wind speed, 

precipitation, visibility, season, and location. An initial inspection of the dataset was conducted to understand 

the basic characteristics of each feature before entering the preprocessing phase. Several samples of the initial 

dataset are shown in Table 1, presenting raw numerical and categorical information without modification. 

Through this inspection, it was observed that the distribution of weather types Sunny, Cloudy, cloudy, 

rainy, and snowy, was relatively balanced, although several variables, such as precipitation and cloud cover, 

exhibited varying ranges across different seasons. This early analysis ensured that the dataset was suitable for 

further preprocessing and model training. 

 

3.2. Preprocessing Data 

The preprocessing stage was performed to transform the raw dataset into a form suitable for machine 

learning. Several steps were conducted, including removing irrelevant attributes, handling missing values, 

encoding categorical variables, and normalizing numerical features. 

 

Table 2. Preprocessing Dataset 

Temperature Humidity 
Wind 

Speed 

Precipitation 

(%) 
... 

Weather 

Type 

Cloudy 

Weather 

Type 

Rainy 

Weather 

Type 

Snowy 

Weather 

Type 

Sunny 

14 73 9.5 82 ... FALSE TRUE FALSE FALSE 

39 96 8.5 71 ... TRUE FALSE FALSE FALSE 

30 64 7 16 ... FALSE FALSE FALSE TRUE 

38 83 1.5 82 ... FALSE FALSE FALSE TRUE 

27 74 17 66 ... FALSE TRUE FALSE FALSE 

 

Categorical features such as Season and Location were one-hot encoded, resulting in a more structured 

dataset, as shown in Table 2. Numerical attributes, including temperature, humidity, wind speed, and 

precipitation, were normalized to prevent value domination during training. This step ensured that each feature 

contributed fairly in the classification phase. 

 

3.3. Performance Comparison of Machine Learning Models 

3.3.1 Random Forest 

The Random Forest algorithm was the first classification model assessed in this research. After training 

on the preprocessed dataset, the model's performance was evaluated using accuracy, precision, and recall. The 

results indicate that the Random Forest model achieved strong predictive performance in classifying weather 

types, demonstrating high accuracy, well-balanced precision and recall, and strong discriminative capability 

across classes.  

Based on Figure 2, the Random Forest algorithm demonstrates strong performance in classifying 

weather types. The model achieved an accuracy of 87.42%, indicating that the majority of weather instances 

were correctly classified. The precision value reached 97.88%, which reflects a very high level of correcteness 

in the positive predictions generated by the model. Meanwhile, the recall value was recorded at 87.42%, 

showing that the model was able to successfully identify most of the actual weather classes present in the 

dataset. 
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Figure 2. Random Forest Results 

 

The high precision value suggests that the Random Forest model produces very few false positive 

predictions, making it highly reliable when assigning specific weather categories. Although the recall value is 

slightly lower than precision, it still indicates good capability in capturing relevant weather instances. Overall, 

the combination of high precision, balanced recall, and satisfactory accuracy confirms that the Random Forest 

algorithm is well-suited for multi-class weather type classification and is effective in modeling complex 

meteorological patterns. 

 

3.3.2 Decision Tree 

The Decision Tree classification model was evaluated in this study, and the results are presented in 

Figure 3. Based on Figure 3, the application of the Decision Tree algorithm in weather type classification 

achieved an accuracy of 87.05%, indicating a good level of classification performance. The precision value 

obtained was 90.05%, which is higher than the accuracy, while the recall value reached 87.05%, showing that 

the model is able to correctly identify most of the actual weather classes. 

The classification results using the Decision Tree algorithm demonstrate that the model performs 

reasonably well in classifying weather data. The relatively high precision value indicates that the positive 

predictions generated by the model are mostly correct, resulting in a low rate of false positive predictions. 

 

 

Figure 3. Decision Tree Results 

 

 However, the recall value, which is equal to the accuracy, suggests that the model still misses some 

relevant instances, particularly in weather categories with similar meteorological characteristics. This indicates 

that while the Decision Tree model is effective, its performance could be further improved through parameter 

tuning or the application of ensemble-based methods to enhance its generalization capability. 

 

3.3.3 Support Vector Machine (SVM) 

The Support Vector Machine algorithm was also implemented to classify weather types. Using a non-

linear kernel, the SVM model achieved good performance, particularly in predicting weather types with clearer 

feature separation, such as Sunny and Snowy. 



 

                PREDATECS-04(01): 61-73 

     

 68 A Comparative Analysis of Machine Learning Models.Dahlanet al, 2026) 

 

Figure 4. SVM Classification Results 

  

Based on Figure 4, the application of the Support Vector Machine (SVM) algorithm in weather type 

classification achieved an accuracy of 83.79%, indicating a good level of classification performance. The 

precision was 86.45%, higher than the accuracy, while the recall was 83.79%, indicating that the model can 

detect most of the actual weather classes. 

The classification results from the SVM algorithm demonstrate that the model performs reasonably well 

on weather data. The relatively high precision indicates that the model's positive predictions are mostly correct, 

while the recall suggests that it can identify most relevant instances. Although the performance of SVM is 

slightly lower than that of ensemble- and neural-network-based models, these results indicate that SVM 

remains effective for handling structured weather data with clear decision boundaries. 

 

3.3.4 Multilayer Perceptron (MLP) 

The Multilayer Perceptron (MLP) classifier was evaluated in this study, and the results are presented in 

Figure 5. The MLP model achieved an accuracy of 90.68%, indicating strong classification performance. The 

precision was 91.73%, slightly higher than the accuracy, while the recall was 90.68%, demonstrating the 

model’s effectiveness in detecting most relevant weather instances. 

 

 

Figure 5. MLP Classifier Results 

 

The classification results using the MLP algorithm show that the model performs very well in 

classifying weather data. The high recall indicates that the model accurately identifies most weather classes, 

while the precision, which is close to recall, suggests that the positive predictions are largely correct, with a 

relatively low false positive rate. Nevertheless, further performance improvements could be achieved through 

hyperparameter tuning or architectural optimization to enhance both precision and recall. 

 

3.3.5 Artificial Neural Network (ANN) 

The final model evaluated was the ANN, which produced strong and consistent classification 

performance. ANN demonstrated its ability to learn deeper relationships among weather attributes and 

achieved results comparable to MLP. Based on Figure 6, the application of the Artificial Neural Network 

(ANN) model for weather type classification achieved an accuracy of 83.79%, indicating good classification 

performance. The precision was 86.45%, higher than the accuracy, while the recall was 83.79%, indicating that 

the model can detect most actual weather instances. 
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Figure 6. Neural Network Results 

 

The classification results using the ANN model demonstrate that it performs adequately at classifying 

weather data. The relatively high recall indicates that the model can identify most weather classes, while the 

precision, which is close to recall, suggests that most of the model's positive predictions are correct. However, 

there is still potential to improve the model’s performance through architectural optimization or parameter 

tuning to enhance both precision and recall. 

 

3.4. Comparison of Results 

This analysis section presents a comparison of classification accuracy obtained using five machine 

learning algorithms, namely Decision Tree, Random Forest, Support Vector Machine (SVM), Multilayer 

Perceptron (MLP), and Artificial Neural Network (ANN), under three different data split ratios (70/30, 80/20, 

and 90/10). The evaluation aims to assess the consistency and generalization capability of each algorithm when 

trained with varying proportions of training and testing data. The comparison results shown in Figure 7 indicate 

that Random Forest, SVM, MLP, and ANN consistently achieve higher accuracy than the Decision Tree across 

all data split ratios. 

 

 

Figure 7. Algorithm Comparison Results 

  

Among all evaluated models, MLP and ANN demonstrate the most stable performance, with accuracy 

values remaining above 89% for all split ratios. Random Forest also exhibits strong and consistent accuracy, 

particularly under the 70/30 and 80/20 splits. In contrast, the Decision Tree algorithm shows the lowest 

accuracy and greater performance variation, especially under the 90/10 split, indicating sensitivity to training 

data size. Overall, the results confirm that ensemble-based and neural network models provide superior, more 

reliable performance for weather-type classification compared to single-tree approaches. 

 

3.5. Confusion Matrix Analysis of Classification Models 

Among the evaluated models, the Artificial Neural Network (ANN) demonstrates the best overall 

classification performance based on the confusion matrix analysis. The ANN model shows consistently high 
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true positive values across all weather classes (Rainy, Snowy, Sunny, and Cloudy), while maintaining relatively 

low misclassification rates compared to the other algorithms. The diagonal dominance observed in the ANN 

confusion matrix indicates that the model is able to correctly distinguish between different weather categories 

with greater reliability and balance. 

 

 
Figure 8. Best Confusion Matrix of Classification Models 

 

Compared to Random Forest and MLP, which still exhibit noticeable confusion between Rainy and 

Cloudy classes, ANN produces fewer off-diagonal errors, suggesting improved class separation for 

meteorological conditions with overlapping features. In contrast, SVM and Decision Tree models show higher 

levels of misclassification across multiple classes, particularly for Rainy, Sunny, and Cloudy weather types, 

reflecting limitations in handling complex nonlinear patterns. The superior performance of ANN can be 

attributed to its ability to learn deeper and more complex feature representations through multiple hidden layers, 

allowing it to capture subtle nonlinear relationships within the weather dataset. Therefore, based on the 

confusion matrix evaluation, ANN is identified as the most effective model for multi-class weather type 

classification in this study. 

 

3.6. Comparison of Classification Models Using ROC Curves 

The ROC Curves of Classification Models can be view Figure 9. 

 

 

Figure 9. Best ROC Curves of Classification Models 

Compared to other models, such as Decision Tree and SVM, which exhibit slightly lower AUC values 

and greater class-wise variation, ANN provides the most stable and uniform ROC performance. Although 

Random Forest and MLP also achieve high AUC values, the ANN model shows superior consistency across 

all classes, suggesting greater robustness to overlapping meteorological features. The superior ROC 

performance of ANN can be attributed to its deep learning architecture, which enables the model to learn 

complex nonlinear relationships and capture subtle feature interactions within the weather dataset. Therefore, 
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based on the ROC curve evaluation, ANN is identified as the most effective model in terms of overall 

classification discrimination capability in this study. 

 

3.7. Discussion 

The results of this study demonstrate that machine learning algorithms exhibit varying levels of 

performance in classifying weather types based on structured meteorological data. Among the five evaluated 

models, namely Decision Tree, Random Forest, Support Vector Machine (SVM), Multilayer Perceptron 

(MLP), and Artificial Neural Network (ANN), ensemble-based and neural network models consistently 

outperform single-tree approaches across different data split ratios. This finding indicates that models capable 

of capturing complex nonlinear relationships are better suited to multi-class weather-type classification. 

Random Forest shows strong and stable performance across all experimental settings, particularly in 

terms of accuracy and ROC-AUC values. Its ensemble mechanism enables the model to reduce overfitting and 

effectively handle feature interactions among meteorological variables such as temperature, humidity, 

precipitation, and cloud cover [33], [34]. This result aligns with previous studies, which reported that Random 

Forest performs exceptionally well in weather-related classification tasks due to its robustness and ability to 

manage high-dimensional data [9], [25]. The consistently high AUC values obtained in this study further 

confirm its strong discriminative capability across different weather classes. 

Neural network-based models, namely MLP and ANN, demonstrate the highest overall accuracy and 

the most consistent performance across varying data split ratios. These models effectively learn nonlinear 

patterns in synthetic and numerical weather attributes, resulting in balanced precision and recall. Similar 

findings have been reported in previous studies, which highlight the effectiveness of neural networks in 

modeling complex atmospheric relationships. The high ROC-AUC values achieved by both MLP and ANN in 

this study further support their suitability for multi-class weather classification tasks. 

The SVM model achieves satisfactory performance, particularly in scenarios where weather classes 

exhibit clearer feature separation. However, its performance is slightly lower than that of Random Forest and 

neural network-based models, especially as class overlap increases. This limitation is consistent with existing 

literature, which suggests that SVM performance may degrade in highly overlapping multi-class datasets 

without extensive kernel tuning [8], [35]. 

In contrast, the Decision Tree algorithm exhibits the lowest and most inconsistent performance across 

all data split ratios. The confusion matrix analysis reveals a higher rate of misclassification between weather 

types with similar meteorological characteristics, such as Rainy and Cloudy. This behavior indicates that 

single-tree models are more sensitive to data variation and prone to overfitting, which has also been reported 

in previous weather forecasting studies [26], [36]. 

Overall, the discussion confirms that ensemble- and neural network-based approaches provide superior 

generalization and stability for weather-type classification on publicly available datasets. The consistency of 

these findings with prior research strengthens the validity of this study and highlights the importance of 

selecting appropriate model architectures when dealing with complex, multi-class meteorological data. 

  

4. CONCLUSION 

This research aims to evaluate the effectiveness of various machine learning classification algorithms, 

namely Decision Tree, Random Forest, Support Vector Machine (SVM), Multilayer Perceptron (MLP), and 

Artificial Neural Network (ANN), in classifying weather types using a publicly available Kaggle Weather Type 

Classification dataset. The evaluation was conducted using multiple data split ratios (70/30, 80/20, and 90/10) 

to ensure a comprehensive and reliable assessment of model performance. Several evaluation metrics were 

employed, including accuracy, precision, recall, confusion matrix, and ROC curve, to provide a thorough 

analysis of each model’s classification capability. 

The experimental results indicate that Random Forest, MLP, and ANN outperform Decision Tree and 

SVM. Among all evaluated algorithms, MLP and ANN achieve the most stable and consistently high accuracy 

across different data split ratios, while Random Forest also exhibits strong, reliable performance with excellent 

discriminative capability, as indicated by high AUC values. In contrast, the Decision Tree algorithm shows the 

lowest accuracy and greater sensitivity to data partitioning, highlighting its limitations in handling complex 

and overlapping meteorological patterns. These findings confirm that ensemble-based and neural network 

models are more effective in capturing nonlinear relationships within multi-class weather datasets. 

The results of this study are consistent with previous research, which reports that Random Forest and 

neural network-based approaches perform well in weather classification tasks due to their robustness and 

ability to model complex feature interactions. The strong performance of MLP and ANN further demonstrates 

the potential of neural network architectures in learning intricate atmospheric patterns from structured 

meteorological data. This consistency with existing studies reinforces the reliability and validity of the findings 

presented in this research. 

The practical implications of this study extend to real-world weather prediction and decision-support 

systems. Accurate weather type classification can support applications in agriculture, transportation, logistics, 
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and disaster management by providing more reliable environmental insights. By leveraging machine learning 

models such as Random Forest, MLP, and ANN, stakeholders can enhance predictive accuracy and improve 

planning and risk mitigation strategies based on weather conditions. 

Despite the promising results, this study has several limitations. First, the experiments were conducted 

using a publicly available Kaggle dataset containing structured and partially synthetic meteorological data, 

which may not fully capture the complexity of real-world weather conditions. Second, the evaluation focused 

on classical machine learning and feed-forward neural network models without considering temporal 

dependencies or sequential weather patterns. These limitations may affect the generalizability of the findings 

when applied to operational meteorological forecasting systems. 

Future research should validate the proposed benchmark using real-world meteorological observations 

collected from weather stations, satellite imagery, or Internet of Things (IoT)-based sensor networks. 

Furthermore, advanced machine learning and deep learning architectures, such as Long Short-Term Memory 

(LSTM), Transformer-based models, and hybrid ensemble approaches, could be investigated to better capture 

temporal weather dynamics and further improve classification performance. Such advancements would 

contribute to the development of more accurate, adaptive, and scalable weather classification systems for 

practical decision-support applications. 
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