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ABSTRACT 

 Accurate weather prediction is crucial for applications like disaster preparedness, agriculture, 

aviation, and transportation planning. Traditional numerical weather models often struggle with 

long-term accuracy due to their sensitivity to perturbations and the complexity of atmospheric 

dynamics. Machine learning (ML) models have emerged as a promising alternative, leveraging 

historical weather data to enhance forecasting capabilities. This study evaluates multiple ML 

techniques using meteorological features such as temperature, precipitation, and wind speed. 

Among various ML techniques, ensemble based models demonstrated the most promise in 

capturing complex weather patterns, providing robust and reliable predictions. Additionally, 

Random Forest, Gradient Descent and Extreme Gradient Boosting (XGB) achieved superior 

performance in visibility prediction, surpassing traditional numerical weather models by reducing 

prediction errors. A comprehensive review of recent literature further emphasizes the rowing role 

of ML in weather forecasting, highlighting its advantages in handling large datasets and nonlinear 

relationships. Future work should focus on optimizing deep learning models, expanding training 

datasets, and incorporating additional meteorological factors such as humidity and atmospheric 

pressure to further enhance prediction accuracy. The study finds underscore the potential of ML-

based approaches in advancing weather forecasting methodologies. By integrating these 

techniques with traditional meteorological models, more accurate and efficient weather prediction 

systems can be developed.  

Keywords: Weather Prediction, Machine Learning, Ensemble Models, Deep Learning, 

Meteorology, Visibility Forecasting, Atmospheric Data, Forecasting Accuracy. 

 

INTRODUCTION 

 Weather prediction has long been a fundamental aspect of scientific inquiry, influencing critical 

sectors such as agriculture, disaster management, aviation, and urban planning. Accurate weather 



forecasting enables informed decision making, minimizes the risks associated with extreme 

meteorological events, and facilitates efficient resource management. However, the inherent 

complexity of atmospheric processes presents a persistent challenge in achieving high-precision 

forecasts. The dynamic and nonlinear nature of weather systems, coupled with the multitude of 

interacting variables, makes forecasting a difficult and computationally intensive task. Traditional 

numerical weather prediction (NWP) models have served as the cornerstone of weather forecasting 

for decades. These models rely on fundamental physical equations that govern atmospheric 

dynamics, thermodynamics, and fluid mechanics. While they provide valuable insights into 

weather patterns, they suffer from several limitations. Their accuracy heavily depends on the 

quality of initial conditions, making them highly sensitive to small perturbations. Even minor 

inaccuracies in initial atmospheric measurements can lead to significant errors in long-term 

predictions. Additionally, NWP models require immense computational resources, often 

necessitating supercomputers for real-time weather forecasting, making them less accessible and 

sometimes impractical for operational use in resource-constrained settings. The beginning of 

machine Learning (ML) has transformed the landscape of weather prediction by offering data-

driven approaches that complement and, in some cases, outperform traditional meteorological 

models. ML techniques leverage vast amounts of historical weather data to recognize patterns, 

detect trends, and make accurate predictions. Unlike NWP models that explicitly encode 

atmospheric physics, ML models learn directly from data, enabling them to adapt dynamically to 

varying weather conditions. This flexibility makes ML particularly useful for short-term 

forecasting, extreme weather event prediction, and specialized applications such as visibility 

estimation. Several ML methodologies have been explored in meteorology, each offering unique 

advantages. Linear regression models and support vector machines (SVMs) have been employed 

for basic forecasting tasks, while decision trees and random forests have demonstrated enhanced 

predictive accuracy by capturing complex, nonlinear relationships. Ensemble learning techniques, 

which combine multiple predictive models to improve performance, have gained significant 

attention. Among them, Extreme Gradient Boosting (XGB) has emerged as a highly effective 

approach, outperforming conventional forecasting methods in various meteorological applications. 

Integrating ML-based models with traditional meteorological approaches presents a promising 

avenue for improving forecasting accuracy. Hybrid models that combine the strengths of physics-

based NWP models with data-driven ML techniques have shown potential in providing more 

reliable and comprehensive weather predictions. Furthermore, the growing accessibility of 

extensive weather-related datasets, combined with improvements in computing capabilities and 

ML algorithms, has enhanced the feasibility and accuracy of AI-driven weather forecasting. This 

aims to evaluate the effectiveness of ML models on weather prediction, with a specific focus on 

visibility forecasting. The research assesses multiple ML techniques, emphasizing the role of 

ensemble learning and deep learning methodologies in improving predictive performance. 

Through a comparative analysis of traditional numerical models and ML-based approaches, this 

study highlights the growing relevance of artificial intelligence in meteorology. Additionally, key 

challenges and limitations associated with ML-based forecasting are discussed, along with future 



research directions aimed at optimizing predictive accuracy and expanding the scope of 

meteorological applications. By advancing ML-based weather prediction methodologies, this 

research contributes to the broader objective of enhancing forecasting accuracy and reliability. The 

integration of AI techniques into meteorology holds significant promise for mitigating the impact 

of extreme weather events, improving disaster preparedness, and optimizing various weather-

dependent industries. As technological advancements continue to reshape the field, the synergy 

between traditional meteorology and machine learning is expected to play a pivotal role in the 

future of weather forecasting evaluate model performance. The focus is on supervised learning 

methods applied to organized meteorological data, with an emphasis on visibility prediction as a 

primary application. 

 

RESEARCH & METHODS 

A. Research Approach  

This study utilizes a blend of empirical analysis and Machine Learning trials to assess the 

effectiveness of various weather prediction models. A quantitative research method is employed, 

utilizing historical weather data and computational techniques to evaluate model performance. 

The focus is on supervised learning methods applied to organized meteorological data, with an 

emphasis on visibility prediction as a primary application.  

B. Data Collection  

To ensure reliable weather prediction, historical meteorological data was gathered from multiple 

publicly accessible sources, including meteorological organizations and weather databases. The 

dataset comprises essential weather parameters such as temperature, wind speed, humidity, 

atmospheric pressure, and precipitation. These variables were selected based on their significant 

influence on weather patterns and forecasting accuracy. Prior to model implementation, the 

collected data underwent a rigorous preprocessing phase. This included cleaning to remove 

inconsistencies, handling missing values, and normalizing features to standardize scales. Feature 

selection techniques were also employed to retain only the most relevant variables for model 

training, ensuring optimal performance and reducing computational complexity. The dataset 

underwent a systematic division into two distinct subsets using an organized methodology: one 

for training and another for testing. Machine learning models were developed using the training 

subset, while their predictive performance was assessed using the testing subset. To reduce the 

risk of overfitting and enhance the models' ability to generalize, cross-validation methods were 

employed. The final dataset was structured to facilitate machine learning algorithms, enabling 

efficient training and reliable weather forecasts. 

 

RELATED WORK 



A. Logistic Regression: 

 A statistical model used for binary or multiclass classification. In the context of weather 

prediction, it can estimate the probability of different weather categories (e.g., sunny, cloudy, 

rainy) based on input features. It is useful for capturing probability trends but struggles with 

complex, nonlinear dependencies.  

B. Random Forest:  

To effectively manage large datasets and understand detailed weather patterns, the Random 

Forest ensemble technique generates and aggregates multiple decision trees. 

C. Decision Tree: 

 A model that splits data into hierarchical branches based on feature importance. While 

interpretable and effective for classification tasks, it is prone to overfitting without proper 

tuning. 

D. Gradient Boosting:  

An iterative ensemble technique that builds weak predictive models sequentially, minimizing 

errors at each step. It provides high accuracy but can be computationally expensive.  

E. Support Vector Machines (SVM):  

A classification technique that identifies the ideal hyperplane for distinguishing weather 

conditions, is effective for moderate-sized datasets but computationally demanding for large-

scale applications.  

F. Linear Discriminant Analysis (LDA): 

 A dimensionality reduction technique that optimally separates different classes within a 

dataset. It is useful for feature selection but may struggle with highly nonlinear patterns.  

G. Gated Recurrent Unit (GRU):  

A deep learning-based recurrent neural network that captures temporal dependencies in 

weather data. It is useful for sequential forecasting but requires significant computational 

resources.  

 

EVALUATION 

 

The performance of machine learning models for weather prediction was assessed using 

various evaluation metrics. These metrics help determine the accuracy, reliability, and 

efficiency of different forecasting approaches few are: 

A. Average Absolute Deviation (AAD): 

 Quantifies the typical magnitude of discrepancies between forecasted and actual values, 

offering a straightforward evaluation of predictive precision.  

B. Root Mean Squared Error (RMSE):  

Evaluates prediction deviations, giving more weight to larger errors, which helps in 

understanding model precision.  

C. R-squared (R²): 



 

 Also known as the coefficient of determination, this metric indicates how well the model 

accounts for variations in observed weather data. Higher values suggest better predictive 

capabilities.  

D. Cross-Validation:  

A technique used to validate model performance by splitting data into multiple segments 

for training and testing, reducing overfitting and improving generalizability.  

E. Model Parameter Optimization:  

Techniques such as grid search and random search were employed to fine-tune the model's 

hyperparameters, ensuring improved predictive performance and efficiency. By 

evaluating these metrics, the study determines the most effective models for weather 

forecasting, leading to more accurate and dependable predictions. 

 

     RESULT 

 

To forecast weather patterns, the research utilized various machine learning models, 

relying on meteorological data like temperature, wind velocity, and precipitation. The 

followings  are  the  most important findings: 

 

1. Logistic Regression 

 

 

 

Figure 1. Confusion Matrix of Logistic 

Regression Weather Prediction Model. 

 

 

Figure 2. Logistic Regression 

Decision Boundaries (Precipitation 

vs. Temp Max) & Logistic 

Regression Decision Boundaries 

(Temp Min vs. Wind). 

 

 Accuracy: 63.68% 

 Strengths: Performs well with certain weather conditions (high recall for 

stable weather). 

 Weaknesses: Struggles with complex relationships due to its linear nature. 



2.  Random Forest 

 

 

 

  

Figure 3. Confusion Matrix of 

Random Forest Decision Boundaries  

 

Figure 4. Random Forest Decision 

Boundaries (Precipitation vs. Temp Max) 

& Random Forest Decision Boundaries 

(Temp Min vs. Wind).

 Accuracy: 89.39% 

 Cross-Validation Accuracy: 89.29% 

 Strengths: Highly accurate, good at capturing non-linear patterns. 

 Weaknesses: Computationally expensive. 

 3. Decision Tree 

 

 

Figure 5. Confusion Matrix of Decision 

Tree Weather Prediction Model. 

 

Figure 6. Decision Tree Decision 

Boundaries (Precipitation vs. Temp Max) 

& Random Forest Decision Boundaries 

(Temp Min vs. Wind).



 

 Accuracy: 85.23% 

 Cross-Validation Accuracy: 85.06% 

 Strengths: Performs well, interpretable. 

 Weaknesses: More prone to overfitting than Random Forest. 

 

4. Gradient Boosting 

 

Figure 7. Confusion Matrix of 

Gradient Boosting Weather 

Prediction Model. 

 

Figure 8. Gradient Boosting 

Decision Boundaries -

(Precipitation vs. Temp Max) & 

Random Forest Decision 

Boundaries (Temp Min vs. 

Wind). 

 Accuracy: 84.14% 

 Cross-Validation Accuracy: 83.71% 

 Strengths: Strong performance, good generalization. 

 Weaknesses: Training can be slow. 

5. Support Vector Machines (SVM) 

  
 

Figure 9. Confusion Matrix of Support Vector Machine Weather Prediction Model. 

  



 

Figure 10. Support Vector Machine Decision Boundaries (Precipitation vs. Temp Max) & 

Random Forest Decision Boundaries (Temp Min vs. Wind). 

 

 
 Accuracy: 72.43% 

 Cross-Validation Accuracy: 69.46% 

 Strengths: Works well for moderate-sized datasets. 

 Weaknesses: Performance is lower than tree-based models. 

6. Linear Discriminant Analysis (LDA) 

 

 

Figure 11. Confusion Matrix of Linear 

Discriminant Weather Prediction Model. 

 

Figure 12. Linear Discriminant Decision 

Boundaries (Precipitation vs. Temp Max) 

& Random Forest Decision Boundaries 

(Temp Min vs. Wind). 

 Accuracy: 56.13% 

 Cross-Validation Accuracy: 54.22% 

 Strengths: Good for datasets where features are linearly separable. 

 Weaknesses: Low accuracy compared to other models. 

  7. Gated Recurrent Unit (GRU - Deep Learning)  
 

 



 
 

Figure 13. Confusion Matrix of Gated 

Recurrent Unit Weather Prediction Model. 

 

Figure 14. Gated Recurrent Unit Decision 

Boundaries (Precipitation vs. Temp Max) 

& Random Forest Decision Boundaries 

(Temp Min vs. Wind). 

 Accuracy: 64.33% 

 Strengths: Can capture time dependencies. 

 Weaknesses: Requires more computational resources. 

 

CONCLUSION 

 

 Best Model: Random Forest 

(Highest accuracy and stability)  

 Alternative Choices: 

 Decision Tree and Gradient Boosting also performed well.  

 Deep Learning (GRU):  

Shows potential but needs further optimization.  

This study suggests that ensemble-based models (Random Forest, Gradient Boosting) are 

the most effective for weather prediction. Future improvements could explore deeper 

neural networks and feature engineering techniques.  

The findings of this study highlight the growing significance of machine learning in 

weather prediction. By leveraging ML models, particularly ensemble learning techniques 

and deep learning architectures, forecasting accuracy can be significantly improved. The 

research demonstrates that ML models, when trained on extensive meteorological 

datasets, can outperform traditional numerical weather models in specific applications, 

such as visibility forecasting and short-term predictions. This reinforces the necessity for 

continued exploration of AI-driven approaches in meteorology.  

Despite the advancements in ML-based forecasting, challenges such as data quality, 

model interpretability, and computational requirements remain. Addressing these 

limitations will require collaborative efforts between meteorologists, data scientists, and 



computational researchers. The integration of hybrid models, combining the strengths of 

physics-based NWP techniques with MLdriven insights, presents a promising path 

forward for enhancing predictive capabilities.  

 

FUTURE SCOPE 

 

Research must focus on amending ML methodologies by assimilating additional 

meteorological variables such as humidity, atmospheric pressure, and cloud cover. The 

expansion of training datasets through realtime data assimilation and satellite-based 

observations can further improve model robustness. Additionally, the development of 

explainable AI frameworks will be crucial in enhancing model interpretability, allowing 

meteorologists to gain deeper insights into predictive outcomes. 

 The request for Deep Learning architectures, in particular transformers and (GNN) Graph 

Neural Networks, in weather prediction should be explored to capture intricate spatial and 

temporal dependencies more effectively. Furthermore, cloud-based computing solutions 

and edge AI technologies can facilitate real-time weather forecasting, making advanced 

predictive models more accessible to various industries. Ultimately, continuous 

innovation in ML-driven meteorology will contribute to better preparedness for extreme 

weather events, improved resource allocation, and enhanced decision-making processes 

in weatherdependent sectors.  
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