IJ ARCCE ISSN (O) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering

Impact Factor 8.471 :: Peer-reviewed & Refereed journal :: Vol. 14, Issue 7, July 2025
DOI: 10.17148/IJARCCE.2025.14726

Weather Prediction and Forecasting
Using Machine Learning

Dr Siddaraju?, Anusha V?

Vice-Principal, Computer Science and Engineering MTech, Dr Ambedkar Institution of Technology, Bengaluru, India?

Student, Computer Science and Engineering MTech, Dr Ambedkar Institution of Technology, Bengaluru, India?

Abstract: A Weather Forecast & Prediction System is envisioned to leverage the power of Machine Learning (ML)
to provide accurate and accessible weather information, as depicted in the provided image. This system would process
user input, specifically a city name, to fetch and utilize historical meteorological data encompassing parameters such as
temperature, humidity, wind speed, and atmospheric pressure. At its core, the system would employ a suite of well-
established ML algorithms for prediction. Linear Regression would be applied for forecasting continuous numerical
values like temperature, humidity, wind speed, and pressure, learning the linear relationships between various features
and these target variables. For predicting categorical outputs, such as the "Condition" (e.g., Sunny, Rainy, Cloudy), the
K-Nearest Neighbours (KNN) algorithm would classify the current or future weather state based on the similarity to
historical weather patterns. Furthermore, Random Forest, an ensemble learning method, would be utilized for its
robustness and ability to handle both regression and classification tasks, capturing more complex, non-linear interactions
within the weather data and providing highly accurate predictions for all mentioned parameters. The system'’s architecture
would involve efficient data acquisition from historical archives and real-time APIs, robust data pre-processing and
feature engineering to prepare the data for the ML models, and a user-friendly interface to display the predicted current
conditions and future forecasts clearly and concisely.
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l. INTRODUCTION

Weather forecasting, a critical discipline impacting global economies and daily human lives, from optimizing agricultural
yields and ensuring transportation safety to informing disaster preparedness and energy management, faces increasing
demands for precision and localization, especially amidst escalating climate variability and extreme weather events.
While traditional Numerical Weather Prediction (NWP) models, founded on complex atmospheric physics and executed
on supercomputers, have historically been the bedrock of forecasting, their inherent limitations, such as high
computational costs, sensitivity to initial condition uncertainties (the 'butterfly effect’), and difficulties in resolving fine-
scale phenomena or complex urban microclimates, present significant hurdles.

The contemporary era, however, is characterized by an unprecedented abundance of meteorological data from diverse
sources—including high-resolution satellite imagery, dense radar networks, vast arrays of ground sensors, and emerging
IoT devices—coupled with significant advancements in computational power and algorithmic sophistication. This
confluence has catalysed a paradigm shift, enabling Machine Learning (ML) and Artificial Intelligence (Al) to emerge
as powerful tools that can either augment or, in specific contexts, offer alternative data-driven approaches to weather
prediction. Unlike purely physics-based models, ML algorithms excel at autonomously identifying intricate, non-linear
patterns and hidden correlations within high-dimensional, noisy meteorological datasets, which can be challenging for
traditional methods to explicitly model. Our proposed Weather Forecast & Prediction System, visually represented by its
intuitive user interface for city-based queries, strategically leverages this ML potential by employing a multi-faceted
approach. Specifically, it applies Linear Regression for robust prediction of continuous variables like temperature,
humidity, wind speed, and pressure, harnessing its efficiency for identifying straightforward relationships; K-Nearest
Neighbours (KNN) is utilized for precise classification of categorical weather conditions such as "Sunny" or “Rainy,"
capitalizing on its instance-based learning for local pattern recognition; and Random Forest, an advanced ensemble
learning method, is deployed for its superior accuracy and resilience, effectively handling both regression and
classification tasks by aggregating predictions from multiple decision trees, thereby mitigating overfitting and capturing
complex feature interactions.
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This system aims to contribute to the evolving landscape of meteorological science by not only enhancing the accuracy
and reliability of forecasts but also by making sophisticated weather intelligence more accessible and actionable for a
broad spectrum of users, from individual citizens making daily plans to industries requiring precise localized forecasts
for operational efficiency and risk management.

1. EXISTING SYSTEM

The existing system for weather prediction is fundamentally based on Numerical Weather Prediction (NWP) models,
which solve complex mathematical representations of atmospheric physics using vast computational resources.
Prominent operational models such as the Global Forecast System (GFS), European Centre for Medium-Range Weather
Forecasts (ECMWF), and various regional mesoscale models simulate atmospheric processes including wind,
temperature, humidity, and pressure on three-dimensional grids.

These models depend heavily on accurate initial conditions, which are generated through data assimilation techniques
that integrate observations from satellites, radars, radiosondes, and ground stations. Despite their sophistication, NWP
models face several challenges: they require enormous computational power, leading to high costs and limits on spatial
and temporal resolution; they can exhibit systematic errors due to approximations in physical parameterizations, such as
cloud microphysics or radiation schemes; and they often struggle to provide reliable fine-scale, localized forecasts,
especially for rapidly evolving phenomena like thunderstorms or flash floods. To mitigate these issues, traditional
forecasting systems use post-processing methods such as Model Output Statistics (MOS), which apply statistical
corrections based on historical model errors. While MOS improves bias correction, it cannot fully address the non-linear,
chaotic nature of atmospheric systems.

These limitations have led to growing interest in machine learning approaches that can learn complex, non-linear
relationships from historical data, enhance local predictions, reduce computational requirements, and seamlessly integrate
diverse real-time data sources to complement and improve existing forecasting systems.

1. PROPOSED SYSTEM

The proposed work outlines a methodical approach to developing a Weather Forecast & Prediction System that leverages
Machine Learning algorithm specifically Linear Regression, K-Nearest Neighbours (KNN), and Random Forest—to
provide accurate and accessible weather forecasts.

Data Acquisition and Pre-processing:

This foundational phase focuses on gathering the necessary  historical and real-time meteorological data that will
underpin the system's predictive capabilities. We will identify and acquire comprehensive historical weather datasets for
various global cities, with a particular emphasis on major cities. This data will include historical values for parameters,
such as Temperature (°C), Humidity (%), Wind Speed (kmph), Pressure (hPa), and the categorical Condition (e.g.,
"Rainy", "Cloudy", "Sunny" as shown in the forecast output). Data will be sourced from reliable meteorological archives.
Concurrently, a real-time weather API will be integrated to fetch current conditions for immediate display and to serve
as critical input features for short-term predictions. The collected raw data will undergo rigorous cleaning to handle
missing values and outliers. Subsequently, extensive feature engineering will be performed, creating vital predictors such
as lagged values of weather parameters temporal features and geographical indicators. Categorical conditions will be
numerically encoded, and all numerical features will be scaled to ensure optimal performance for the chosen ML
algorithms.

Model Evaluation and Comparative Analysis:

Post-training, the effectiveness of each machine learning model will be rigorously evaluated using dedicated test sets.
For the regression tasks, metrics such as Mean Absolute Error, Mean Squared Error. For the classification task
(Condition), Accuracy, Precision, Recall, F1-Score, and a Confusion Matrix will be used to assess the models' ability to
correctly classify weather state. A critical component of this phase will be a comparative analysis of Linear Regression,
KNN, and Random Forest for each weather parameter. This will allow for identifying which algorithm performs best
under different conditions and for different types of predictions This comparison will guide the final selection or
combination of models for the production system.

Deployment and Future Enhancements:

The developed system will be deployed to a cloud platform to ensure accessibility and scalability. A plan for continuous
monitoring of model performance will be established, alongside periodic retraining with newly available meteorological
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data to maintain predictive accuracy and adapt to evolving weather patterns. Future work may include expanding the
forecasting horizon, incorporating additional ML models, adding geographical visualization capabilities and integrating
user feedback mechanisms for continuous improvement.

Machine-Learning-Based-Framework:

The proposed system is designed to address limitations of traditional Numerical Weather Prediction (NWP) methods,
which often suffer from high computational costs and limited resolution at local scales. By using data-driven approaches,
this framework aims to deliver faster, more localized, and cost-effective forecasts. Machine learning models can learn
patterns directly from historical data, making them especially valuable in regions with sparse observational networks or
complex terrain where physics-based models struggle.

Multi-Feature-Input-Modelling:

Unlike univariate approaches that rely solely on time or temperature history, this system uses multiple meteorological
inputs—humidity, wind speed, and atmospheric pressure—to model weather more comprehensively. Including these
variables acknowledges their interconnected roles in atmospheric dynamics, helping the models learn richer, more
realistic relationships. This multi-feature approach supports improved accuracy and generalization across different cities,
climates, and seasons.

User-Friendly-Graphical-User-Interface-(GUI):

A major innovation of the system is its intuitive, wxPython-based GUI, which allows users to interact seamlessly with
complex machine learning models. Users can easily input city names and weather variables, trigger forecasting and
prediction tasks, and visualize results without needing advanced technical expertise. This democratizes access to
sophisticated forecasting tools, supporting use by operational meteorologists, researchers, educators, and even
policymakers.

Forecasting-and-Prediction-Modes:
The system is designed with two complementary modes. Forecasting mode uses historical, time-series city data to predict
temperatures for specific dates such as yesterday, today, and tomorrow, leveraging system date calculations. Prediction

Model-Training-and-Evaluation:

To ensure reliability, the system includes rigorous data pre-processing steps (e.g., cleaning, date parsing, and missing-
value handling). Models are trained and validated using cross-validation techniques, and their performance is quantified
using metrics like Mean Squared Error (MSE). This transparency in model evaluation supports informed selection and
highlights trade-offs between simplicity, interpretability, and accuracy across methods.

Visualization-Tools:

The system provides comprehensive visualization capabilities to aid interpretation and communication of results. Time-
series graphs display historical weather trends and forecast outputs, while bar charts compare predictions across different
models. These visual tools help users identify patterns, evaluate model performance, and build trust in the forecasting
outputs, supporting better-informed decision-making.

Modular-and-Extensible-Design:

The architecture is intentionally modular, allowing for straightforward integration of additional machine learning
algorithms or data sources in future work. This design supports scalability and adaptability, enabling incorporation of
real-time data feeds from weather stations, satellites, or 10T sensors. Future iterations can also include advanced methods
such as ensemble stacking, deep learning models, or uncertainty quantification modules.

Input Data

Data Collected
From AP|

and cleaning tools Data models Interface

Data pre processing | Processed .| Machine Leaming Graphical User

Predicted output
Fig. 1. Proposed system
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V. RELATED WORK

Numerical Weather Prediction (NWP) Models:

Traditional weather forecasting has long relied on Numerical Weather Prediction systems that use mathematical
representations of atmospheric physics to simulate weather patterns. While highly sophisticated, these models require
immense computational power, have long runtimes, and can suffer from systematic biases due to simplifications in
physical parameterizations. They also often struggle to produce accurate, high-resolution local forecasts, especially for
rapidly evolving phenomena such as convective storms or localized rainfall events. Researchers have explored post-
processing methods like Model Output Statistics (MOS) to correct systematic errors, but these approaches have
limitations in capturing non-linear and chaotic atmospheric behaviour.

Linear Regression for Trend Forecasting:

Linear regression is widely used in meteorology as a simple, interpretable baseline for forecasting temperature trends
over time. It provides a clear mathematical relationship between independent variables (e.g., time or other features) and
the target variable (temperature), making it easy to understand and communicate. Though limited in capturing non-linear
patterns, it offers a computationally efficient method for initial forecasting and for scenarios where interpretability is
prioritized over complexity.

K-Nearest Neighbours (KNN) in Meteorology:

KNN regression is a non-parametric approach that has been applied to weather prediction by leveraging historical
similarities. Instead of assuming a specific functional form, KNN makes predictions based on the closest matching
historical data points, making it robust for localized forecasting tasks. For example, given humidity, wind speed, and
pressure, KNN can identify similar past conditions and predict corresponding temperatures. Its simplicity and adaptability
make it attractive, but it can struggle with high-dimensional data and requires careful selection of distance metrics and
neighbour counts.

Random Forest Classification:

Random Forest models are ensemble learning methods that build multiple decision trees and average their outputs to
improve predictive performance. They have gained popularity in weather prediction for their ability to model complex,
non-linear relationships among variables such as humidity, wind speed, and pressure. Random Forests are resistant to
overfitting, can handle noisy data well, and provide feature importance metrics that help interpret which variables most
influence predictions. Studies have demonstrated improved accuracy over simpler models in forecasting temperature and
other weather variables.

Visualization and User Interfaces:

Effective visualization is critical for making complex weather predictions actionable and understandable. Prior work has
emphasized building intuitive interfaces that allow users to explore forecast trends, compare models, and understand
uncertainty. Graphical tools can help forecasters, researchers, and the public interpret results more easily, supporting
better decision-making. Systems that integrate model outputs with clear visualizations enable users to identify patterns,
anomalies, and trends at a glance.

Democratization of Forecasting Tools:

Recent efforts in weather prediction research focus on making advanced forecasting methods accessible to a broader
range of users, including operational meteorologists, planners, educators, and even the general public. By developing
easy-to-use graphical interfaces and automated systems, these tools lower the barrier to adopting machine learning
techniques in daily forecasting workflows.
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Fig. 2. Data flow Diagram
Iv. FUTURE WORK

This future work will focus on addressing current limitations, exploring new methodologies, and developing practical
applications to enhance the impact of machine learning-based weather forecasting.:

Multi-Source Data Integration: Another potential area of research is the integration of multi-source data for weather
forecasting. This can involve combining data from different sources such as satellite imagery, radar data, weather stations,
and model outputs. By leveraging diverse data sources, machine learning models can learn more comprehensive patterns
and relationships in the data, leading to improved forecasting accuracy.

Uncertainty Quantification: Quantifying and visualizing uncertainty in machine learning-based weather forecasts is an
important area of research. Future work can focus on developing methods to estimate and represent uncertainty in
forecasts.

Explainability and Interpretability: Explainability and interpretability are essential for understanding how machine
learning models make predictions. Future work can focus on developing techniques to explain and interpret model
predictions.

Sector-Specific Forecasting: Machine learning-based weather forecasting can be tailored to specific sectors, such as
agriculture, transportation, or energy. Future work can focus on developing forecasting systems that meet the unique
needs of each sector, providing accurate and relevant forecasts that support decision-making. For example, agricultural
forecasting systems can predict crop yields, soil moisture, or pest infestations, while transportation forecasting systems
can predict road conditions, traffic flow, or weather-related delays.
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Advanced Algorithms: Future work can explore the use of advanced machine learning algorithms, such as graph neural
networks, transformers, or physics-informed neural networks (PINNs). These algorithms can capture complex patterns
and relationships in weather data, leading to improved forecasting accuracy.

V. CONCLUSION

This research demonstrates the potential of machine learning methodologies to enhance the accuracy and accessibility of
weather prediction systems. By integrating multiple regression techniques—including Linear Regression for interpretable
trend estimation, K-Nearest Neighbours for non-parametric, local prediction, and Random Forest for modelling complex,
non-linear interactions—this system leverages the complementary strengths of diverse algorithms. Multi-variable input
features such as humidity, wind speed, and atmospheric pressure enable richer modelling of atmospheric dynamics,
moving beyond univariate approaches that often fail to capture interdependencies in weather systems.

A key contribution of this work is the development of an interactive graphical user interface (GUI) that allows users to
input data, run forecasts and predictions, and visualize results seamlessly. Such user-friendly interfaces are essential for
democratizing access to advanced predictive tools, lowering barriers for operational meteorologists, researchers,
educators, and policymakers. By supporting intuitive exploration of data and model outputs, the system facilitates better
understanding of forecast trends and model behavior, encouraging evidence-based decision-making.
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