© June 2025| JIRT | Volume 12 Issue 1 | ISSN: 2349-6002

Weather Prediction Using Machine Learning Techniques

Ayush Raj, Ms. Vartika Mishra
School of Computer Science Engineering Galgotias University, Greater Noida, India
Assistant Professor, School of Computer Science Engineering, Galgotias University Greater Noida, India

Abstract— This research focuses on predicting weather
patterns using Machine Learning techniques to improve
forecasting accuracy. Traditional weather predictions
rely on Numerical Weather Prediction (NWP) models,
which have limitations in precision due to their reliance
on complex equations and computational demands. In
this study, a Ridge Regression model is applied to
historical weather data to predict maximum daily
temperatures, leveraging various weather metrics (e.g.,
temperature, precipitation) and rolling averages. The
results demonstrate that the ML-based approach offers
comparable accuracy to conventional methods, with
potential for enhancements in real-time prediction
efficiency and usability.
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INTRODUCTION

Weather prediction is essential for agriculture,
transportation, disaster management, and daily
activities.  Traditionally, forecasting relies on
Numerical Weather Prediction (NWP) models, which
use a set of complex physical equations to simulate
atmospheric conditions. However, these methods often
struggle with non-linear relationships in weather data,
leading to inaccuracies. This research explores the use
of Machine Learning (ML) techniques, specifically
Ridge Regression, to address some of these limitations
and offer a more data-driven, scalable solution.

Weather prediction is essential for agriculture,
transportation, disaster management, and daily
activities, as accurate forecasts play a critical role in
decision-making across various sectors. Traditionally,
forecasting relies on Numerical Weather Prediction
(NWP) models, which use a set of complex physical
equations to simulate atmospheric conditions over
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time. These equations involve numerous variables,
including temperature, pressure, humidity, and wind
speed, and require significant computational power to
generate predictions. However, these methods often
struggle with non-linear relationships in weather data,
where small changes in initial conditions can lead to
vastly different outcomes, leading to inaccuracies and
unexpected variations in forecasts.

To overcome these challenges, this research explores
the use of Machine Learning (ML) techniques,
specifically Ridge Regression, to address some of
these limitations and offer a more data-driven,
scalable solution. Unlike traditional models, ML-
based approaches can automatically learn patterns
from vast datasets, making them well-suited for
handling the complexities and unpredictability inherent
in weather data. By leveraging historical weather
records and engineering features like rolling averages
and seasonal trends, the model can capture hidden
patterns that are often missed by conventional methods.
This study aims to evaluate the effectiveness of ML
techniques in providing reliable forecasts, while
reducing computational demands and improving
prediction accuracy in diverse weather conditions. The
goal is to create a robust, adaptable model that can be
fine-tuned with additional data to accommodate
various climates and geographical regions, enhancing
the overall utility of weather prediction for real-world
applications.

LITERATURE REVIEW

Weather prediction has been a critical area of research
for decades, driven by the need to provide accurate
forecasts for agriculture, disaster management,
transportation,  and various  other  sectors.
Traditionally, weather forecasting has relied heavily on
Numerical Weather Prediction (NWP) models, which
simulate atmospheric conditions using complex
mathematical equations and physical principles. These
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models involve detailed simulations of factors such as
pressure, temperature, humidity, and wind dynamics,
requiring significant computational resources and
highly precise initial conditions.

CARLA Research has shown that while NWP models
are capable of capturing large-scale atmospheric
patterns, they face challenges in accurately modeling
non-linear relationships and small-scale phenomena
such as local storms or sudden temperature
fluctuationse challenges, recent advancements in
Machine Learning (ML) have provided promising
alternatives. Machine Learning offers a data-driven
approach that does not require explicit modeling of
physical processes, enabling more adaptive forecasting
methods. Studies have demonstrated the potential of
ML models, such as Artificial Neural Networks
(ANNSs), Support Vector Machines (SVMs), and
Decision Trees, to learn complex, non- linear
relationships from large datasets, often achieving
comparable or superior accuracy to traditional NWP
models

Among the Macques, regression models like Linear
Regression and its variants have been widely used for
weather prediction. While simple linear models
provide insights into basic trends, they often fall short
in capturing the complexities of climate data. This has
led to the adoption of more advanced methods, such as
Ridge Regression, which addresses issues of
multicollinearity by adding regularization to linear
models, thereby enhancing predictive performance
without overfitting.

Research suggests that Ridge Regression is particularly
.Among the Macques, regression models like Linear
Regression and its variants have been widely used for
weather prediction. While simple linear models
provide insights into basic trends, they often fall short
in capturing the complexities of climate data. This has
led to the adoption of more advanced methods, such as
Ridge Regression, which addresses issues of
multicollinearity by adding regularization to linear
models, thereby enhancing predictive performance
without overfitting. Research suggests that Ridge
Regression is particularly effective in handling
correlated weather variables, making it suitable for
capturing seasonal trends and gradual changes in
weather patterns .
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The integration of feature engias been pivotal in
improving the accuracy of ML-based weather models.
Researchers have employed various approaches, such
as calculating rolling averages, seasonal averages, and
expanding means, to capture temporal dependencies
and fluctuations in weather data . Such features allow
models to better understand thather events, leading to
more accurate predictions. Studies have also explored
the impact of data imputation methods, which fill gaps
in historical weather datasets caused by missing or
erroneous data. Techniques like forward-filling and
interpolation have been shown to enhance model
reliability by ensuring a consistent and clean dataset
for training .

Moreover, comparative studies have highlighted the
advantages and liof traditional models versus Machine
Learning approaches. While NWP models excel in
simulating physical processes, they often require
domain expertise and high computational costs. In
contrast, ML models provide flexibility and scalability,
with the ability to adapt to diverse data sources and
regions without requiring significant adjustments to
underlying equations .
nature of some advanced ML models, particularly
deepraises concerns regarding interpretability and trust
in the predictions. Ridge Regression, on the other
hand, strikes a balance between complexity and
interpretability, offering insights into feature
importance while delivering accurate results.

However, the "black- box"

This literature review emphasizes the evolution of
weather prediction methods, highlighting the shift from
traditional, equation-based models to data-driven
approaches. The use of Machine Learning, particularly
Ridge Regression, provides a compelling case for more
accessible, adaptable, and accurate forecasting. Despite
the promise of ML, challenges remain, particularly in
model generalization and handling of diverse weather
conditions. Future work is required to explore hybrid
models that combine the strengths of NWP and ML, as
well as to investigate more sophisticated feature
engineering techniques and real-time applications.

This literature review emphasizes the evolution of
weather prediction methods, highlighting the shift from
traditional, equation-based models to data-driven
approaches that leverage advanced computational
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techniques. The use of Machine Learning (ML),
particularly Ridge Regression, provides a compelling
case for more accessible, adaptable, and accurate
forecasting. Unlike traditional models that require
explicit representation of physical atmospheric
processes, ML models can automatically learn from
large datasets, making them more adaptable to varying
climates and regions. This flexibility enables a broader
application of weather forecasting models, from local
forecasts to global climate predictions, without the need
for intricate adjustments to underlying equations.

Despite the promise of ML, challenges remain,
particularly in model generalization and handling of
different
geographical locations. Many ML models, while
accurate for specific datasets, struggle to maintain
performance when exposed to unseen weather patterns
or anomalies, indicating a need for more robust
techniques. Additionally, the interpretability of certain
complex ML models, like deep learning networks, is
often limited, making it challenging to understand the
reasoning behind specific predictions and gain insights

diverse  weather  conditions  across

into the influence of individual weather variables. This
limitation raises concerns, especially in high-stakes
scenarios  like management,
understanding the model's decision-making process is
crucial.

disaster where

Future work is required to explore hybrid models that
combine the strengths of NWP and ML, creating a
synergistic approach that leverages the predictive
power of data-driven methods while retaining the
physical interpretability of traditional models.
Researchers are beginning to investigate the potential
of integrating domain-specific knowledge with ML,
which could enhance model performance and
reliability. There is also a growing interest in
developing more sophisticated feature engineering
techniques, such as the incorporation of satellite data,
real-time sensor data, and higher-resolution temporal
features to improve forecasting accuracy.

Moreover, advancements in real-time applications are
vital, as timely and accurate weather predictions can
significantly impact sectors such as agriculture,
aviation, and emergency response. Integrating ML
models into real-time systems presents challenges in
terms of data latency, computational efficiency, and
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rapid adaptation to sudden weather changes.
Addressing these challenges will require a combination
of improved computational algorithms, enhanced data
acquisition methods, and more effective use of parallel
computing resources.

METHODOLOGY

This study employs a systematic approach to weather
prediction using historical weather data, which
involves several key stages: data acquisition, cleaning
and preprocessing, feature model
selection, training, and evaluation.

engineering,

Data Acquisition: The foundation of this research is a
comprehensive dataset of historical weather data,
sourced from reliable meteorological databases. This
dataset includes various weather metrics such as
temperature, precipitation, snow depth, and more,
covering a significant time span to ensure variability in
weather patterns.

Data Cleaning and Preprocessing: The initial dataset
is subjected to a rigorous cleaning process to ensure its
integrity and usability. This involves identifying and
removing invalid or outlier values, such as erroneous
readings or data points that fall outside realistic ranges
(e.g., temperatures of 9999). Additionally, the study
employs techniques such as forward filling (ffill) to
address missing entries.

Feature Engineering: To enhance the predictive
power of the model, various feature engineering
techniques are implemented. These include:

Rolling Averages: Calculating rolling averages for
specific weather metrics helps smooth out short- term
fluctuations and highlight longer-term trends. For
instance, rolling averages can reveal seasonal patterns
in temperature and precipitation, making it easier to
identify climate behavior over time.

Percentage Changes: The study computes percentage
changes for weather variables to capture relative shifts
in metrics, providing insights into trends and sudden
changes that may indicate extreme weather events.

Seasonal Averages: Seasonal averages are calculated
to reflect typical weather conditions during specific
times of the year. This is crucial for understanding
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seasonal variability and assists in training the model to
recognize patterns that occur at certain times,
improving the accuracy of forecasts.

Model Selection: A Ridge Regression model is
selected for this study due to its efficacy in handling
multicollinearity—a common issue in weather datasets
where multiple predictors may be correlated. Ridge
Regression addresses this problem by adding a penalty
term to the loss function, thereby shrinking the
coefficients of correlated predictors and reducing their
impact on the model.

Model Training: The Ridge Regression model is
trained using various weather metrics identified during
the feature engineering phase. The training dataset is
divided into segments, allowing for the exploration of
different temporal windows to ensure that the model is
robust across various periods.

Backtesting Approach: To validate the performance
of the Ridge Regression model, a backtesting
methodology is employed. This involves dividing
the historical weather data into training and test sets,
where the model is initially trained on a specific
portion of the data before making predictions on
subsequent segments.

Model Evaluation: The accuracy of the predictions is
assessed using key performance metrics such as Mean
Absolute Error (MAE) and Mean Squared Error
(MSE). These metrics provide insights into the model’s
predictive capabilities, highlighting areas for potential
refinement.

RESULTS AND DISCUSSION

o  The results of this research indicate that the Ridge
Regression model effectively captures the
complexities of weather patterns, demonstrating
strong predictive capabilities. The model was
trained on a rich dataset encompassing various
weather metrics, and its performance was
evaluated using Mean Absolute Error (MAE) and
Mean Squared Error (MSE). The final MAE
achieved was significantly lower than benchmarks
established by traditional Numerical Weather
Prediction (NWP) models.

e The analysis of predictions revealed that the
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model successfully identified seasonal trends and
anomalies, providing insights into both typical
weather conditions and extreme events. Notably,
the feature engineering techniques employed—
such as rolling averages and percentage changes—
enhanced the model’s ability to recognize patterns
over time, allowing it to adapt to varying climatic
conditions.

e However, the study also identified challenges
related to model generalization. While the Ridge
Regression model performed well on the training
data, there were instances where predictions for
unseen data were less accurate, particularly during
periods of unusual weather.

e The discussion emphasizes the importance of
addressing model interpretability, especially in
high-stakes applications like
management.  Understanding  the
influencing predictions can improve trust in
Machine Learning models among meteorologists
and decision-makers. Overall, the findings
indicate that while Ridge Regression presents a
promising tool for weather prediction.

disaster
factors

CONCLUSION AND FUTURE WORK

A.  Conclusion
This research demonstrates that Machine Learning
models, particularly Ridge Regression, can serve as a
viable and effective alternative to traditional weather
prediction methods. By harnessing the power of data-
driven algorithms, Ridge Regression offers an
accessible approach to forecasting, delivering
comparable accuracy  without the
computational demands associated with Numerical
Weather Prediction (NWP) models. Ridge Regression,
with its ability to handle multicollinearity among
weather variables, provides a more streamlined
solution that is not only easier to implement but also
adaptable to different datasets and regions. This
adaptability makes Machine Learning models suitable
for a wide range of forecasting applications, from
localized weather predictions to broader climate

extensive

analysis, without requiring substantial adjustments to
underlying physical equations.

Hybrid Model Development: Investigating hybrid
models that integrate Numerical Weather Prediction
(NWP) techniques with Machine Learning could offer
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a balanced approach, combining the strengths of
physics-based models with data-driven insights. Such
hybrid models could use NWP outputs as features in
Machine Learning algorithms or adjust the physical
parameters based on data-driven forecasts, potentially
leading to a more comprehensive and accurate
forecasting framework.

Building While this project successfully demonstrates
the potential of Machine Learning, specifically Ridge
Regression, in weather prediction, there are several
directions for future research and development that
could further enhance the model's accuracy,

adaptability, and real- world applicability:

Exploring Advanced Machine Learning Models:
Future research could involve exploring more
sophisticated Machine Learning techniques beyond
Ridge Regression. Methods such as Random Forests,
Gradient Boosting Machines (GBMs), and Deep
Learning Neural Networks could be investigated to
capture more complex and non- linear relationships in
weather data. Additionally, Ensemble Methods, which
combine multiple models to create a stronger predictor,
could offer improvements in prediction accuracy and
robustness, particularly for forecasting extreme or rare
weather events.

Integration of Real-Time Data Sources: Incorporating
real-time data into the prediction model is a key area
for future development. Utilizing sources like satellite
imagery, loT-based weather sensors, and remote
sensing data could provide up-to-date information that
enhances the accuracy and relevance of predictions.
Handling the challenges of real-time data integration,
such as data latency, streaming analytics, and adaptive
model updates, will be critical for building responsive
forecasting systems.

Feature Engineering Enhancements: Additional feature
engineering could improve model performance by
better capturing seasonal, temporal, and spatial
variations in weather data. Techniques like Fourier
transformations for detecting cyclical patterns, wavelet
analysis for capturing sudden changes, and higher-
resolution spatial analysis using geospatial data could
provide more nuanced insights. Fine- tuning feature
engineering strategies to accommodate local and
regional weather patterns could lead to more localized
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and precise forecasting.
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