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Abstract: Weather forecasting plays a crucial role in various domains including agriculture, 

transportation, disaster management, and day-to-day planning. Traditional numerical weather 

prediction (NWP) models, although effective, require significant computational resources and often face 

limitations in capturing non-linear patterns in meteorological data. The advent of machine learning (ML) 

offers a promising alternative by learning complex patterns from historical data, enabling accurate and 

efficient forecasts. This paper explores the integration of ML techniques in weather forecasting, 

emphasizing recent advancements in deep learning architectures like LSTM and ConvLSTM. A 

comparative analysis is performed on multiple ML models using publicly available datasets. Results 

demonstrate the superior accuracy of deep learning models, particularly those incorporating both spatial 

and temporal features. The paper also discusses challenges in data preprocessing, model generalization, 

and interpretability. Future work includes hybrid approaches that combine ML with physics-based 

models and the deployment of edge computing systems for real-time forecasting.. 
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I. INTRODUCTION 

Accurate weather forecasting is fundamental to societal and economic well-being. It helps prevent loss of life and 

property through timely warnings of extreme weather events and supports planning in agriculture, energy management, 

and transportation. Traditional methods for forecasting rely heavily on numerical weather prediction (NWP) models 

that simulate physical processes of the atmosphere. Despite their effectiveness, NWP models are computationally 

intensive and sensitive to initial conditions, which limits their efficiency and scalability. 

The recent surge in machine learning has introduced a data-driven paradigm that offers improved forecasting capability 

without simulating the physical dynamics explicitly. ML algorithms can model complex, non-linear relationships 

among weather variables by learning from large-scale historical datasets. Especially with the growing availability of 

high-resolution temporal and spatial meteorological data, ML techniques have shown considerable success in predicting 

various atmospheric parameters. 

Deep learning, a subset of ML, has brought significant improvements in time series forecasting. Recurrent neural 

networks (RNNs), particularly Long Short-Term Memory (LSTM) networks, and Convolutional LSTM (ConvLSTM) 

models have shown great promise in learning temporal patterns while incorporating spatial dependencies. These models 

excel in predicting temperature, precipitation, wind speed, and other vital meteorological variables. 

This paper aims to explore and evaluate various ML techniques for weather forecasting. We compare classical models 

such as Linear Regression and Support Vector Regression with ensemble models like Random Forest and XGBoost. 

Furthermore, we investigate advanced architectures including LSTM and ConvLSTM. Our objective is to identify 

models that deliver high accuracy and robustness while being computationally feasible. 

The rest of the paper is organized as follows: Section 2 presents a literature survey of recent work (2016–2024) in ML-

based weather forecasting. Section 3 outlines the methodology, including data preprocessing, model selection, and 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology  

                               International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 5, Issue 6, June 2025 

 Copyright to IJARSCT         DOI: 10.48175/568   344 

    www.ijarsct.co.in  

 
 

ISSN: 2581-9429 Impact Factor: 7.67 

 
evaluation metrics. Section 4 presents experimental results and discussions. Section 5 concludes the study and proposes 

future research directions. 

 

II. LITERATURE SURVEY (2016–2024) 

Recent years have seen significant progress in applying ML to weather forecasting. For instance, Rasp et al. [1] 

introduced WeatherBench, a benchmark dataset that enables direct comparison of different data-driven forecasting 

methods using standardized evaluation metrics. Weyn et al. [2] explored the capability of deep learning to predict 

geopotential height fields, demonstrating that neural networks can outperform traditional physical models under certain 

conditions. 

Espeholt et al. [3] developed a large-context ML model capable of skillful 12-hour precipitation forecasts. Their 

approach employed transformer-based architectures, highlighting the scalability and accuracy of large ML models. Shi 

et al. [4] proposed a novel deep learning architecture for precipitation nowcasting, which outperformed traditional radar 

extrapolation methods. 

In a different vein, Chattopadhyay et al. [5] investigated the use of explainable AI techniques for predicting clustered 

weather patterns. Their work emphasizes the importance of interpretability in ML applications. Agrawal et al. [6] 

utilized radar image sequences to predict precipitation using convolutional networks, demonstrating the practicality of 

vision-based ML methods. 

Lagerquist et al. [7] introduced a ML method for detecting storm attributes using GOES-R satellite data, contributing 

significantly to real-time storm forecasting. Bi et al. [8] employed deep learning ensembles to improve short-term 

forecasting accuracy, particularly for temperature and wind speed. 

Zhang et al. [9] developed a hybrid CNN-LSTM model that adapts to different climate zones, offering flexible and 

generalizable performance. Most recently, Salehi et al. [10] introduced a spatiotemporal ensemble learning framework 

that integrates multiple data sources for predicting extreme weather events, reflecting the growing trend towards multi-

modal and ensemble approaches in ML-based forecasting. 

 

III. METHODOLOGY 

The methodology employed in this research encompasses data acquisition, preprocessing, feature engineering, model 

design, training, and performance evaluation. Mathematical formulations are introduced to define model components 

and accuracy metrics. 

 

3.1 Data Acquisition and Preprocessing 

Historical weather data were collected from WeatherBench and NOAA datasets, including temperature, pressure, 

humidity, and wind speed. Preprocessing involved: 

Handling missing values via linear interpolation 

Normalizing features to the [0,1] range using Min-Max scaling:  

Encoding categorical variables using one-hot encoding 

 

3.2 Feature Engineering 

Derived features included rolling averages and time-lagged observations to capture temporal dynamics. For instance, a 

lag feature is defined as: where is the feature at time lag , and is the weather observation steps before time . 

 

3.3 Model Architectures 

The following models were used: 

Linear Regression (LR): 

 Random Forest (RF): An ensemble of decision trees trained with bootstrapped data 

 XGBoost: Gradient boosting framework optimized for speed and accuracy 

 LSTM: Designed to capture temporal dependencies with memory gates 
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 ConvLSTM: Incorporates convolution operations into LSTM for spatial

 

3.4 Training and Optimization 

All models were trained using 80:20 train

optimizer with early stopping. Loss function for regression was Mean Squared Error (MSE): 

 

3.5 Evaluation Metrics 

Models were evaluated using: 

Mean Absolute Error (MAE): 

 Root Mean Square Error (RMSE):

 R-squared (R²): 

This structured approach enables robust comparison of models for forecasting accuracy and interpretability.

To evaluate the performance of machine learning models for weather forecasting, we conducted experiments using 

historical meteorological datasets containing temperature, humidity, wind spe

models were trained, including Random Forest, Support Vector Regression, LSTM, and ConvLSTM.

Table 1: Performance Comparison of Models (MAE in Celsius for Temperature Forecasting)

Model 

Linear Regression

SVR 

Random Forest

LSTM 

ConvLSTM

As seen in Table 1, ConvLSTM achieved the best performance, followed by LSTM. Both significantly outperformed 

classical regression and ensemble methods, indicating the effectiveness of deep learning for weather time series 

prediction. 

Figure 1: Temperature Forecast vs Actual for 

Figure 2: Comparison of RMSE Across Models

 

The visualizations in Figures 1 and 2 confirm the numerical results, where ConvLSTM closely tracks actual 

temperature patterns and maintains the lowest RMSE.
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Incorporates convolution operations into LSTM for spatial-temporal learning

All models were trained using 80:20 train-test split with 5-fold cross-validation. Neural network models used Adam 

with early stopping. Loss function for regression was Mean Squared Error (MSE):  

Root Mean Square Error (RMSE): 

comparison of models for forecasting accuracy and interpretability.

To evaluate the performance of machine learning models for weather forecasting, we conducted experiments using 

historical meteorological datasets containing temperature, humidity, wind speed, and precipitation data. Various ML 

models were trained, including Random Forest, Support Vector Regression, LSTM, and ConvLSTM.

Table 1: Performance Comparison of Models (MAE in Celsius for Temperature Forecasting)

 MAE (°C) RMSE (°C) 

Regression 2.85 3.2 

2.63 3.05 

Random Forest 2.41 2.87 

1.78 2.15 

ConvLSTM 1.53 1.9 

achieved the best performance, followed by LSTM. Both significantly outperformed 

classical regression and ensemble methods, indicating the effectiveness of deep learning for weather time series 

Figure 1: Temperature Forecast vs Actual for Conv LSTM Model &  

Figure 2: Comparison of RMSE Across Models 

The visualizations in Figures 1 and 2 confirm the numerical results, where ConvLSTM closely tracks actual 

temperature patterns and maintains the lowest RMSE. 
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temporal learning 

validation. Neural network models used Adam 

comparison of models for forecasting accuracy and interpretability. 

To evaluate the performance of machine learning models for weather forecasting, we conducted experiments using 

ed, and precipitation data. Various ML 

models were trained, including Random Forest, Support Vector Regression, LSTM, and ConvLSTM. 

Table 1: Performance Comparison of Models (MAE in Celsius for Temperature Forecasting) 

achieved the best performance, followed by LSTM. Both significantly outperformed 

classical regression and ensemble methods, indicating the effectiveness of deep learning for weather time series 

 

The visualizations in Figures 1 and 2 confirm the numerical results, where ConvLSTM closely tracks actual 
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IV. CONCLUSION AND FUTURE WORK 

This study demonstrates the efficacy of machine learning, especially deep learning models like LSTM and ConvLSTM, 

in enhancing weather forecasting accuracy. While traditional statistical methods and ensemble learning models offer 

moderate success, deep learning models exhibit superior capabilities in capturing both spatial and temporal 

dependencies within weather datasets. 

In future work, emphasis will be placed on developing hybrid models that integrate physical principles of atmospheric 

science with data-driven approaches. Real-time data ingestion from IoT devices, radar, and satellite feeds will be 

explored to increase forecast granularity and responsiveness. Additionally, attention will be given to model 

interpretability, robustness in extreme weather conditions, and deployment via edge computing devices for scalable, 

real-time forecasting systems. 
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