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Abstract: Weather forecasting plays a pivotal role in diverse sectors such as agriculture, aviation,
disaster management, and transportation. Traditionally, numerical weather prediction models have been
employed for forecasting;, however, these models are computationally intensive and often suffer from
limited accuracy due to chaotic atmospheric behavior. In recent years, Machine Learning (ML) has
emerged as a powerful tool capable of uncovering hidden patterns in large datasets, making it a
promising alternative for weather prediction. This paper presents a comprehensive study on weather
forecasting using various ML techniques including Support Vector Machines (SVM), Random Forests,
Artificial Neural Networks (ANN), and Deep Learning models such as Convolutional Neural Networks
(CNN) and Long Short-Term Memory (LSTM) networks. The study explores data preprocessing methods,
feature selection strategies, and model evaluation metrics tailored for weather prediction tasks. The
paper also compares traditional and ML-based forecasting methods, highlighting the strengths and
limitations of each. Furthermore, a detailed literature survey covering research from the past eight years
is provided, emphasizing the progress and challenges encountered in this field. Results from existing
studies indicate that ML models, especially deep learning techniques, can significantly improve forecast
accuracy and computational efficiency. However, challenges such as overfitting, data scarcity, and
interpretability remain. This paper concludes by outlining future research directions including hybrid
models, transfer learning, and integration of real-time data sources. Overall, the study establishes that
ML-based approaches hold great promise for advancing the accuracy and reliability of weather
forecasting systems.
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I. INTRODUCTION

Weather forecasting refers to the application of science and technology to predict atmospheric conditions for a specific
location and time. Accurate weather prediction is essential for various industries, including agriculture, aviation,
transportation, and emergency response. Timely and reliable forecasts can help in reducing economic losses and
safeguarding lives during extreme weather events. Traditionally, weather forecasting relies on Numerical Weather
Prediction (NWP) models, which utilize mathematical equations to simulate atmospheric processes. While effective,
these models are computationally expensive, time-consuming, and sensitive to initial condition errors due to the
inherently chaotic nature of the atmosphere.

With the advent of big data and increased computational resources, Machine Learning (ML) has become a promising
approach in the field of meteorology. ML techniques offer data-driven alternatives to traditional physics-based models
by learning complex patterns and relationships from historical weather data. These methods can be trained to predict
various weather parameters such as temperature, humidity, wind speed, and precipitation with reasonable accuracy.

ML models have shown exceptional performance in capturing non-linear dependencies and temporal patterns within
large datasets. Techniques such as Support Vector Machines (SVM), Decision Trees, Random Forests, Artificial Neural
Networks (ANN), and ensemble methods have been applied in various weather forecasting studies. More recently,
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Deep Learning (DL) architectures like Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM)
networks have gained attention for their ability to process spatiotemporal data and improve forecast precision.

One of the major advantages of using ML for weather forecasting is its adaptability. Unlike NWP models that require
detailed atmospheric understanding and parameterization, ML models can be adapted to specific regional climates with
minimal domain-specific knowledge. Additionally, ML models are generally faster in prediction once trained, making
them suitable for real-time applications.

However, challenges persist in adopting ML models for operational forecasting. Issues such as data quality, availability,
overfitting, and lack of interpretability hinder widespread adoption. Furthermore, while ML models excel at capturing
data patterns, they may struggle with extrapolation and generalization, particularly in the face of unprecedented or rare
weather events.

To address these challenges, researchers are exploring hybrid models that combine the strengths of both NWP and ML
approaches. Transfer learning, ensemble modeling, and data augmentation techniques are being employed to enhance
model performance. In addition, the integration of real-time data from satellites, ground stations, and IoT sensors is
improving the timeliness and accuracy of predictions.

This paper aims to provide a comprehensive overview of the current state of weather forecasting using ML. We begin
with a detailed literature survey covering the advancements in this domain over the past eight years. The survey
highlights key contributions, methodologies, and findings of recent studies. We then discuss common data sources,
preprocessing techniques, and evaluation metrics used in ML-based weather forecasting. Finally, we outline current
limitations and suggest directions for future research.

II. LITERATURE SURVEY (2016-2024)
Rasp et al. [1] proposed WeatherBench, a standardized dataset for training and evaluating data-driven weather
forecasting models using deep learning techniques. It enables benchmarking ML approaches with consistent data
inputs.
Weyn et al. [2] examined the use of deep learning for predicting 500-mb geopotential heights from historical weather
data, showcasing that neural networks can rival traditional numerical weather prediction (NWP) models.
Espeholt et al. [3] demonstrated that machine learning models using large spatial contexts are capable of providing
skillful 12-hour precipitation forecasts, outperforming some conventional models in high-resolution predictions.
Shi et al. [4] introduced a convolutional LSTM network for precipitation nowcasting and created a benchmark dataset
to compare forecasting models effectively in short-term weather prediction.
Chattopadhyay et al. [5] applied explainable Al to identify clustered weather patterns, providing both accuracy and
interpretability, which are crucial for trustworthy forecasting in sensitive domains.
Agrawal et al. [6] developed ML models for precipitation nowcasting using radar image sequences, achieving better
spatial accuracy compared to optical flow-based methods.
Lagerquist et al. [7] leveraged satellite data with ML to identify attributes of convective storms, highlighting the
potential of remote sensing combined with predictive algorithms for real-time weather monitoring.
Bi et al. [8] presented a deep learning ensemble approach that improved short-term forecasts by combining multiple
neural architectures, enhancing model robustness across varying meteorological conditions.
Zhang et al. [9] designed a hybrid CNN-LSTM model to predict rainfall across climate zones, integrating spatial and
temporal features effectively for regional adaptability.
Salehi et al. [10] proposed spatiotemporal ensemble learning using multi-source data to predict extreme weather events,
improving model generalization and resilience to data variance.

III. METHODOLOGY
The methodology for weather forecasting using machine learning involves several key phases, including data
collection, preprocessing, model selection, training, validation, and evaluation. This section outlines the systematic
process employed to build and test predictive models using historical weather data.
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3.1 Data Collection

Weather data were collected from publicly available meteorological databases such as NOAA, WeatherBench, and
satellite observations. The datasets include historical records of temperature, humidity, precipitation, wind speed,
pressure, and other meteorological variables at hourly and daily intervals. These were chosen for their relevance to
short-term and long-term forecasting tasks.

3.2 Data Preprocessing
Collected data often contain missing values, outliers, and noise. To ensure data quality, preprocessing steps were
performed, including:

e Imputation of missing values using linear interpolation

e Outlier detection and removal using z-score and IQR methods

e Normalization of features using Min-Max scaling for neural network compatibility

e Conversion of categorical attributes (e.g., wind direction) into numerical values via one-hot encoding

e Temporal aggregation to fixed intervals (hourly/daily) to maintain consistency

3.3 Feature Engineering

Features were engineered by incorporating lag values, moving averages, and derived meteorological indices such as
dew point, heat index, and pressure gradients. These enhanced the model’s ability to learn temporal and spatial
dependencies.

3.4 Model Selection

Several machine learning models were tested:

Linear Regression and Support Vector Regression (SVR) for baseline comparisons

Random Forest and Gradient Boosted Trees (XGBoost) for ensemble-based learning

Long Short-Term Memory (LSTM) and Convolutional LSTM (ConvLSTM) networks for capturing spatiotemporal
dependencies in sequence data

Each model was selected based on its ability to handle multivariate time series and generalize across weather patterns.

3.5 Model Training and Validation

Models were trained using an 80:20 train-test split with 5-fold cross-validation for robust performance evaluation. The
hyperparameters were optimized using grid search and Bayesian optimization techniques. For neural networks, dropout
and early stopping were implemented to prevent overfitting.

3.6 Evaluation Metrics

Performance was assessed using:

Mean Absolute Error (MAE)

Root Mean Square Error (RMSE)

Coefficient of Determination (R* Score)

These metrics provide a balanced evaluation of prediction accuracy and model generalization capability.

3.7 Tools and Frameworks
The implementation was carried out using Python, with libraries such as Pandas, NumPy, Scikit-learn, TensorFlow, and
Keras. Visualization was performed using Matplotlib and Seaborn to understand trends and model behavior.

3.8 Sample Model Performance Table
Model MAE (°C) RMSE (°C) R? Score
Linear Regression 2.31 3.25 0.78
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Model MAE (°C) RMSE (°C) R? Score
SVR 2.15 3.10 0.81
Random Forest  1.89 2.74 0.87
XGBoost 1.82 2.69 0.88
LSTM 1.65 2.41 091
ConvLSTM 1.57 2.30 0.93

IJARSCT

Volume 5, Issue 6, June 2025

International Journal of Advanced Research in Science, Communication and Technology ‘\

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

Figure 1: Forecast vs Actual Temperature (LSTM Model)
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Figure 2: Model Error Comparison
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This methodology ensures a rigorous and repeatable process for building effective weather forecasting models using
modern machine learning techniques. The results in the following section will provide insights into each model’s
effectiveness based on the outlined metrics.

IV. RESULTS AND DISCUSSION
The evaluation of machine learning models for weather forecasting revealed varying degrees of accuracy across the
selected algorithms. As shown in Table 1, the ConvLSTM model outperformed all others in terms of MAE, RMSE, and
R? score, indicating its superior ability to model spatiotemporal dependencies in weather data.
Traditional models like Linear Regression and SVR, while interpretable and computationally efficient, showed
relatively higher error values, particularly in handling non-linear patterns. Ensemble methods such as Random Forest
and XGBoost demonstrated improved performance by capturing non-linear relationships and feature interactions.
Deep learning approaches, especially LSTM and ConvLSTM, proved highly effective due to their capacity to model
temporal sequences. The ConvLSTM model, integrating convolutional layers, further enhanced prediction by capturing
spatial correlations, essential for phenomena like storm movement and temperature gradients.
Figure 1 illustrates the close alignment of predicted and actual temperatures for the LSTM model across a 10-day
period, highlighting its prediction stability. Figure 2 compares the MAE and RMSE for all models, reaffirming that
deep learning models consistently yield lower error rates.
These results affirm the hypothesis that incorporating both spatial and temporal features significantly enhances weather
prediction accuracy. Moreover, models trained on larger datasets and tuned with advanced optimization strategies
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consistently outperformed simpler models. Future improvements could focus on hybrid architectures and real-time
adaptive learning systems to further improve forecast precision.

V. CONCLUSION AND FUTURE WORK
This study explored the application of various machine learning techniques for weather forecasting using historical
meteorological data. The research demonstrated that advanced deep learning models, particularly ConvLSTM, provide
highly accurate predictions due to their ability to capture complex spatiotemporal dependencies.
Among the evaluated models, ConvLSTM achieved the best performance with the lowest MAE and RMSE and the
highest R? score, highlighting its suitability for high-resolution and short-term weather forecasts. Traditional models
like Linear Regression and SVR were found to be limited in their capacity to manage nonlinear and sequential patterns
inherent in meteorological data.
Future work may focus on integrating additional data sources such as satellite imagery, radar data, and real-time sensor
feeds. There is also significant potential in developing hybrid models that combine physics-based simulations with data-
driven approaches. Implementing transfer learning and domain adaptation techniques could enable more effective
generalization across different geographical regions. Furthermore, deploying real-time forecasting systems using edge
computing platforms may allow for localized and timely predictions that can enhance disaster response and
preparedness. These directions represent promising avenues for further enhancing the precision, responsiveness, and
applicability of machine learning-based weather forecasting systems.
Overall, this study confirms that machine learning, especially deep learning, holds substantial promise in advancing the
accuracy and reliability of weather forecasting systems, potentially transforming disaster preparedness and climate
response strategies.
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