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Abstract - SeasonSense is an intelligent weather 
forecasting and alert platform that utilizes advanced 
machine learning algorithms to analyze both historical and 
real-time meteorological data for accurate prediction of key 
weather conditions, including rainfall, temperature 
fluctuations, and severe events such as storms. Aimed at 
enhancing public safety and preparedness, the system 
delivers precise, location-specific forecasts and timely alerts. 
SeasonSense employs adaptive learning methodologies to 
continuously improve its predictive accuracy over time, 
refining its models based on new data patterns. The 
platform is designed with a user-friendly interface that 
provides seamless access to real-time alerts, weather 
forecasts, and historical climate trends, making it accessible 
to a wide range of users. Its versatility supports critical 
decision-making across various sectors such as agriculture, 
transportation, disaster management, and urban 
planning—helping stakeholders mitigate weather-related 
risks through informed planning and responsive actions. By 
offering reliable, real-time insights, SeasonSense 
significantly contributes to the evolution of weather 
prediction technologies and sets a foundation for future 
innovations in climate monitoring and early warning 
systems.  
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1.INTRODUCTION  
 
SeasonSense is an intelligent weather forecasting system 
that utilizes cutting-edge machine learning models, 
including CatBoost, XGBoost [2], Random Forest [3], and 
Support Vector Classifier [3]. By analyzing extensive real-
time and historical meteorological data, the system 
delivers precise weather forecasts and timely alerts [1]. 

To enhance predictive accuracy, SeasonSense implements 
advanced data preprocessing techniques such as feature 
selection, data normalization, and anomaly detection [4]. 
These steps ensure that machine learning models are 
trained on refined, high-quality datasets. The performance 
of each algorithm is rigorously assessed under varying 

climatic conditions using key evaluation metrics like 
accuracy, precision, recall, and F1-score [8]. 

The system integrates a real-time alert mechanism, 
supported by continuous data ingestion pipelines that 
enable seamless updates and reliable weather predictions 
[14]. It provides in-depth insights into weather patterns, 
including rainfall intensity, temperature shifts, and 
extreme events like storms [9]. 

One of SeasonSense’s key strengths is its adaptability to 
diverse environmental conditions, positioning it as a 
valuable tool in modern meteorological forecasting [7]. By 
harnessing AI-driven predictive analytics, it facilitates 
informed decision-making in crucial domains such as 
agriculture, disaster management, and urban 
infrastructure planning [5]. SeasonSense represents a 
significant advancement in AI-powered weather 
forecasting, contributing to a future of more intelligent 
and precise meteorological systems [6][10]. 

1.1 Problem Statement 

 Unstable weather patterns and severe climatic events 
pose growing risks to agriculture, infrastructure, and 
public safety. Conventional forecasting methods often 
struggle with regional precision and fail to deliver timely 
warnings, increasing threats to lives and property. 

 SeasonSense: Weather Alert and Prediction System 
tackles  these issues by utilizing cutting-edge machine 
learning techniques to improve weather predictions and 
real-time alert systems. By processing both historical and 
live meteorological data, it empowers proactive disaster 
preparedness and risk mitigation. 

1.2 Objective 

 SeasonSense: Weather Alert and Prediction System is a 
machine learning-powered web platform designed to 
improve the accuracy of weather forecasting and deliver 
real-time, location-specific alerts for extreme weather 
conditions. By integrating historical weather datasets with 
live data from the Open-Meteo API, the system enhances 
public preparedness, reduces the impact of adverse 
weather on agriculture, transportation, and daily life, and 
strengthens early warning capabilities. This project 
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leverages multiple supervised machine learning 
algorithms—including Random Forest, Support Vector 
Classifier, XGBoost, and CatBoost—to predict key climatic 
parameters such as rainfall, fog, storms, snow, and 
temperature fluctuations. Each model is evaluated for 
performance, and their combined outputs contribute to a 
robust ensemble prediction framework. Additionally, the 
system features an interactive web interface with 
dynamic, condition-specific layouts and personalized 
recommendation cards. This paper highlights the 
architecture, algorithmic approach, and real-time 
integration used in SeasonSense, demonstrating how AI 
can enhance conventional weather forecasting and serve 
as a reliable, user-friendly tool for climate risk 
management and decision-making. 

1.3  Related Work 

Recent advancements in machine learning (ML) and deep 
learning (DL) techniques have significantly contributed to 
the development of accurate weather prediction and 
climate analysis systems. A study by Patkar et al. [1] 
evaluated multiple machine learning algorithms such as 
Naive Bayes (Bernoulli and Gaussian), Logistic Regression, 
and K-Nearest Neighbors (KNN) for weather forecasting. 
Their work highlighted that the Naive Bayes Bernoulli 
algorithm demonstrated superior accuracy, emphasizing 
the importance of appropriate feature selection and data 
preprocessing in enhancing prediction performance. 

Another significant contribution in this field was 
presented by Jain et al. [6], who implemented both deep 
learning and classical machine learning approaches for 
rainfall prediction. The study utilized historical 
meteorological data and applied models like Long Short-
Term Memory (LSTM) networks, which outperformed 
traditional models in capturing temporal dependencies 
and delivering more precise forecasts. Their work 
demonstrated the potential of DL models to learn complex 
patterns in sequential weather data. 

Similarly, the work of Zakariah et al. [14] explored the use 
of Internet of Things (IoT) sensors integrated with ML 
algorithms for real-time environmental monitoring and 
prediction. The authors developed a smart system capable 
of collecting weather-related data and processing it 
through ML models to provide actionable insights. This 
study underlines the synergy between IoT technology and 
intelligent algorithms in improving the responsiveness 
and accuracy of predictive models. 

2.PROPOSED SYSTEM 

The proposed system is designed to deliver accurate, 
region-specific weather forecasts across various 
Australian localities. It leverages advanced machine 
learning algorithms to analyze both historical and real-
time meteorological data, focusing on key parameters such 

as temperature, humidity, wind speed, atmospheric 
pressure, and rainfall. 

To ensure the quality and consistency of the data, 
preprocessing steps are implemented to handle missing 
values, normalize numerical features, and encode 
categorical variables. The dataset is divided into training 
and testing subsets to facilitate robust model evaluation. A 
variety of machine learning techniques are employed, 
including Random Forest, Support Vector Machine (SVM), 
K-Nearest Neighbors (KNN), and ensemble methods such 
as XGBoost and CatBoost. These models are evaluated 
using standard performance metrics such as accuracy, 
precision, recall, and F1-score to identify the most 
effective approach for localized weather prediction. 

To improve predictive accuracy further, the system 
incorporates microclimatic variations across different 
Australian regions, allowing it to respond dynamically to 
hyper-local changes in weather patterns. Real-time alerts 
notify users of sudden shifts in weather conditions, such as 
unexpected rainfall or temperature drops. 

To enhance user engagement, the system may also 
integrate visual analytics using libraries like Matplotlib 
and Seaborn. These tools provide valuable insights into 
historical weather trends and evolving patterns, 
reinforcing the utility of the system as a practical and 
intelligent forecasting solution. 

Algorithms 

To ensure precise and reliable weather predictions, the 
system integrates multiple machine learning algorithms, 
each contributing unique strengths to climate forecasting. 

• Gradient Boosting 

Gradient Boosting is an ensemble learning method that 
builds decision trees sequentially. Each new tree aims to 
reduce the residual error of the previous ensemble, 
improving overall performance in complex prediction 
tasks. 

Fm(x) = Fm−1(x) + γhm(x) 

Where: 

- Fm(x) is the updated prediction model after m iterations 

- γ is the learning rate 

- hm(x) is the new decision tree added at iteration m 

•Random Forest 

Random Forest constructs an ensemble of decision trees 
during training, and the final output is determined by 
majority voting across all trees. This method enhances 
generalization and mitigates overfitting. 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

                Volume: 12 Issue: 05 | May 2025               www.irjet.net                                                                       p-ISSN: 2395-0072 

  

© 2025, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 557 
 

P(Y = c) = (1/N) ∑ Pi(Y = c) 

Where: 

- Pi(Y = c) is the prediction from the i-th tree 

- N is the total number of trees 

•Support Vector Machine (SVM) 

SVMs are effective for classifying data by finding the 
optimal hyperplane that separates classes. Kernel 
transformations are used to handle non-linear 
relationships. 

w · x + b = 0 

Where: 

- w is the weight vector 

- x is the input feature vector 

- b is the bias term 

• K-Nearest Neighbors (KNN) 

KNN is a non-parametric method that classifies a sample 
based on the majority class among its k nearest neighbors, 
using Euclidean distance as a similarity metric. 

d(A, B) = √[(x₂ - x₁)² + (y₂ - y₁)²] 

Where A(x₁, y₁) and B(x₂, y₂) are two points in the feature 
space. 

Model Evaluation 

Each algorithm is assessed using the following evaluation 
metrics: 

• Accuracy: Proportion of total correct predictions 

•Precision: Ratio of correctly predicted positive 
observations to total predicted positives 

•Recall: Ratio of correctly predicted positives to all actual 
positive instances 

•F1-Score: Harmonic mean of precision and recall, 
providing a balance between the two 

3.METHODOLOGY 

The SeasonSense system employs a structured approach 
to developing a machine learning-based weather 
prediction and alert mechanism. This section outlines the 
steps taken, including data sourcing, preprocessing, model 
training, and evaluation. 

a. Data Collection 

The primary dataset used in this study consists of 
historical weather records obtained from publicly 
accessible sources such as Kaggle and online weather APIs. 
The data encompasses key meteorological variables 
including temperature, humidity, rainfall, atmospheric 

pressure, and wind speed, which are critical for accurate 
forecasting in diverse geographic regions. 

b. Data Preprocessing 

To ensure consistency and improve model performance, 
the raw data was subjected to a series of preprocessing 
steps: 

• Missing Values: Null entries were handled using mean or 
mode imputation based on the distribution of each feature. 

• Encoding: Categorical features, where applicable, were 
transformed into numerical representations using label 
encoding. 

• Feature Selection: Highly correlated and relevant 
features were selected using correlation matrices and 
domain knowledge. 

• Normalization: Numerical attributes were scaled to a 
standard range to ensure uniform input distributions. 

• Train-Test Split: The dataset was partitioned into 80% 
training and 20% testing sets for robust model validation. 

c. Model Development 

A variety of supervised learning models were trained to 
determine the most effective approach for weather 
prediction. The algorithms implemented include: 

• Random Forest Classifier 

• Support Vector Machine (SVM) 

• K-Nearest Neighbors (KNN) 

• CatBoost and XGBoost Classifiers 

Each model was fine-tuned using hyperparameter 
optimization techniques such as grid search and cross-
validation to enhance generalization performance. 

d. Model Evaluation 

Model efficacy was evaluated using widely accepted 
classification metrics: 

• Accuracy: Measures the overall correctness of 
predictions. 

• Precision: Represents the proportion of correctly 
identified positive outcomes. 

• Recall: Evaluates the model’s ability to detect all relevant 
instances. 

• F1-Score: Provides a harmonic mean of precision and 
recall, useful for imbalanced data. 

These metrics enabled a comparative analysis to identify 
the most suitable model for deployment. 
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4.RESULT AND DISCUSSION 
 
This section presents the comparative performance of 
various classification algorithms applied to the weather 
prediction problem. The models evaluated include 
CatBoost, Random Forest, Logistic Regression, Gaussian 
Naive Bayes, K-Nearest Neighbors (KNN), XGBoost, and 
Support Vector Machine (SVM). The performance metrics 
considered are Testing Accuracy, AUC-ROC Score, 
Precision, and Recall—particularly focusing on classifying 
days with significant weather events like rain, dry spells, 
or seasonal transitions. 
 

Table -1: Performance Metrics of Different Classification 
Algorithms 

 

MODEL 
TEST - 
ACCURACY 
(%) 

AUC-
ROC 

PRECISION 
RECA
LL 

CatBoost    86.34 0.75 0.75 0.56 

Random 
Forest 

84.35 0.76 0.65  0.61 

Logistic 
Regression 

77.36  
0.76   

0.76  0.76 

Gaussian 
NB 

74.91 0.74 0.46  0.74 

KNN (k=3) 75.31 0.74 0.46 0.72 

XGBoost 85.68 0.74 0.73 0.55 

SVM 77.70 0.76 0.49 0.75 

 
The results show that the CatBoost classifier performed 
the best overall, achieving the highest testing accuracy of 
86.34%, followed closely by XGBoost 85.68%and Random 
Forest 84.35%. These ensemble models also maintained 
strong AUC-ROC scores, indicating a good balance between 
sensitivity and specificity.  

Interestingly, while Logistic Regression and SVM achieved 
lower accuracies, they demonstrated higher recall values, 
which is important for minimizing false negatives in 
critical weather scenarios. High recall is crucial in alert 
systems to avoid missing actual weather events. On the 
other hand, models like CatBoost and XGBoost offered 
better precision, meaning fewer false alarms (i.e., 
predicting an event when there is none). 

•  Daily & Hourly Forecast Insight 

SeasonSense Website provides a brief and practical 
overview of daily and hourly weather conditions, making 
it a reliable source for weather updates and supporting 
users in planning their day-to-day activities effectively. 

Overall, the models trained and tested demonstrate 
effective performance for predicting various weather 
conditions—not just rainfall—and can be integrated into a 
real-time alert system. This makes the solution highly 
valuable for climate resilience, agricultural planning, 
transportation, and public safety in diverse regions such 
as Mumbai and beyond. 

 

Chart -1: Architecture of Proposed System 
 

 
 

Chart -2: Confusion Matrix - A heatmap representation of 
the classification results. 
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Chart -3: ROC Curve - Trade-off between True Positive 
Rate and False Positive Rate. 

 

5.IMPLEMENTATION DETAILS 
 

 

Fig.5.1 Home Page 
 

 
 

Fig.5.2 Predictor Page 
 

 
 

Fig.5.2 Predictor Page - Results 

6. CONCLUSIONS 
 
The SeasonSense system enhances the accuracy and 
reliability of weather forecasting by leveraging advanced 
machine learning techniques. By evaluating and 
comparing various predictive models, the system 
effectively supports informed decision-making in critical 
areas such as agriculture, disaster preparedness, and 
transportation. Its adaptable design enables it to respond 
to different weather parameters, offering dependable 
forecasts that promote both safety and operational 
efficiency. This project highlights the transformative 
potential of machine learning in meteorology, laying the 
groundwork for future innovations aimed at reducing the 
risks associated with sudden and severe weather events. 
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