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Abstract—Accurate weather forecasting is essential for 

agriculture, disaster management, transportation, and 

smart city planning. Conventional weather prediction 

systems primarily depend on large-scale meteorological 

stations and satellite data, which may not provide precise 

localized forecasts. To address this limitation, this paper 

presents a Smart Weather Prediction System using the 

Internet of Things (IoT) and Artificial Intelligence (AI).  

The proposed system employs IoT-based environmental 

sensors to continuously monitor parameters such as 

temperature, humidity, rainfall, and air quality. The 

collected real-time data is transmitted to a cloud 

platform for storage and processing. Machine learning 

algorithms are applied to analyze both historical and 

real-time datasets to identify patterns and predict short-

term weather conditions.  

The integration of IoT-enabled sensing with AI driven 

predictive modeling enhances forecasting accuracy while 

maintaining low cost and scalability. Experimental 

results demonstrate improved prediction performance 

for localized weather conditions compared to 

conventional observation-based systems. The proposed 

system can be effectively deployed in agriculture, 

disaster warning systems, and smart city infrastructures.  

 

I. INTRODUCTION 

 

Weather monitoring plays a crucial role in agriculture, 

environmental management, disaster preparedness, 

and urban planning. Accurate real-time information 

about environmental parameters such as temperature, 

humidity, rainfall, and air quality help in making 

informed decisions and reducing potential risks. 

Traditional weather monitoring systems depend on 

centralized meteorological stations, which may not 

provide continuous, location-specific data at a micro 

level.  

With the advancement of the Internet of Things (IoT), 

environmental parameters can now be monitored in 

real time using distributed sensor networks. IoT-

enabled devices allow continuous data acquisition 

from sensors that measure temperature, humidity, 

rainfall, and air quality. These sensors transmit data to 

cloud platforms for storage and further analysis. 

However, raw data alone is not sufficient to provide 

meaningful insights or predictions.  

To enhance data interpretation and forecasting 

capability, Artificial Intelligence (AI) techniques are 

integrated into the system. AI algorithms analyze 

historical and real-time environmental data to identify 

patterns, detect anomalies, and predict short-term 

weather conditions. By combining IoT based sensing 

with AI-driven analytics, the proposed Smart Weather 

Monitoring System provides accurate, real-time, and 

intelligent weather insights.  

 

II. LITERATURE SURVEY 

 

Rahut et al. [1] proposed a Smart Weather Monitoring 

and Real-Time Alert System using IoT, which 

emphasizes timely weather updates and emergency 

alerts. Their system combines IoT sensors with a 

cloud-based platform to monitor temperature, 

humidity, and rainfall. An alert mechanism is 

incorporated to notify users during extreme weather 

conditions. The key strength of their system lies in its 

real-time notification capability, making it highly 

useful for disaster management and emergency 

response applications. However, the system does not 

deeply integrate machine learning models for future 

weather forecasting.  

 

Mohit Tiwari et al. [2] proposed a weather monitoring 

system that integrates IoT technology with cloud 

computing to collect and analyze real-time 

meteorological data. Their system deploys various 

environmental sensors to monitor parameters such as 

temperature, humidity, and atmospheric pressure. The 

collected data is transmitted to a cloud platform for 

processing, enabling real-time access, storage, and 

analysis. Their research highlights the potential of IoT 

and cloud-based systems in enhancing the 

accessibility and scalability of weather data. The 
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major advantage of their system is its ability to provide 

localized and real-time weather insights, which are 

highly beneficial for agriculture, disaster 

management, and urban planning.  

 

G.A. Girija C et al. [3] developed an IoT-based 

weather monitoring system focused on real-time data 

acquisition and improved forecasting accuracy. Their 

system integrates multiple sensors to measure key 

environmental parameters including temperature, 

humidity, rainfall, and atmospheric pressure. The 

collected data is processed and visualized through a 

centralized system, improving monitoring efficiency. 

Their work demonstrates how IoT-enabled 

environmental monitoring can enhance data reliability 

and accessibility. However, their approach primarily 

focuses on monitoring rather than advanced predictive 

modeling using AI techniques. 

 

III. METHODOLOGY 

 

 
Fig. 3.1: Block Diagram 

 

 
Fig.3.2: Circuit Diagram 

 

Once the environmental data is acquired, the ESP32 

performs preliminary processing, including noise 

reduction, calibration adjustments, and data formatting 

to ensure measurement accuracy. After processing, the 

data is transmitted wirelessly through the built-in Wi-

Fi module to a cloud-based platform. The cloud server 

stores the incoming data in a structured database, 

enabling continuous logging and remote accessibility. 

A web-based dashboard is integrated with the cloud 

system to visualize the collected parameters in 

graphical and numerical formats, allowing users to 

monitor real time weather conditions from any 

location. 

To enhance the intelligence of the system, the stored 

dataset undergoes preprocessing techniques such as 

data cleaning, normalization, and timeseries 

structuring before being fed into an AI model. The 

integration of Artificial Intelligence enables the 

system to analyze historical and real-time 

environmental patterns. Machine learning algorithms 

are trained to identify trends in temperature variation, 

rainfall occurrence, humidity fluctuations, and air 

quality changes. Based on learned patterns, the system 

can generate short-term weather predictions and 

classify environmental conditions.  

By combining IoT-based real-time sensing with AI 

driven predictive analysis, the proposed methodology 

ensures accurate monitoring, intelligent forecasting, 

and improved environmental awareness. The system 

architecture is scalable, cost-effective, and suitable for 

applications in agriculture, pollution monitoring, 

disaster preparedness, and smart city infrastructure.  

 

A. SYSTEM ARCHITECTURE  

The system architecture consists of three major 

components: Data Acquisition Layer, Data Processing 

Layer, and Prediction Layer.  

 

Data Acquisition Layer  

This layer includes all hardware components 

responsible for collecting environmental data. Sensors 

such as the temperature and humidity sensor, 

atmospheric pressure sensor, rain sensor, and air 

pollution sensor continuously monitor the surrounding 

environment. These sensors generate electrical signals 

corresponding to the measured environmental 

parameters.  

 

Data Processing Layer  

The ESP32 microcontroller acts as the central 

processing unit of the IoT system. It receives the 
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sensor signals, processes the raw data, and converts 

them into digital values. The processed data is then 

transmitted to the cloud through Wi-Fi 

communication.  

 

Prediction Layer  

In this layer, machine learning algorithms analyze the 

collected data. Historical weather data is used to train 

prediction models, and the trained models are used to 

predict rainfall conditions. Algorithms such as Linear 

Regression and Random Forest Regression are 

implemented to improve prediction accuracy.  

 

B. DATA PREPROCESSING  

Before applying machine learning algorithms, the 

collected dataset must undergo preprocessing to 

improve data quality. The dataset obtained from 

Kaggle contains several weather attributes that are 

used for rainfall prediction.  

First, the dataset is loaded into the Python 

environment using the Pandas library. Missing values 

present in the dataset are handled using mean value 

replacement to ensure data consistency. Categorical 

variables are converted into numerical format using 

dummy encoding techniques.  

After cleaning the dataset, the input features and target 

variable are separated. Environmental parameters 

such as temperature, humidity, pressure, and air 

quality are used as input features, while rainfall 

conditions are used as the target variable.  

The dataset is then divided into training and testing 

sets using the train_test_split() function. Typically, 

80% of the data is used for training the machine 

learning model and 20% is used for testing its 

performance.  

 

IV. RESULT 

 

To evaluate the performance of the proposed weather 

prediction system, two machine learning algorithms, 

namely Linear Regression and Random Forest 

Regression, were implemented and compared. The 

dataset was divided into training and testing sets using 

an 80:20 ratio. The models were evaluated using two 

performance metrics: Mean Squared Error (MSE) and 

R² score. Mean Squared Error (MSE) measures the 

average squared difference between the predicted 

values and the actual values. A lower MSE value 

indicates better prediction accuracy. The R² score, also 

known as the coefficient of determination, measures 

how well the model explains the variance in the data. 

A value closer to 1 indicates a better model 

performance.  

From the results obtained, the Linear Regression 

model produced a training MSE of 0.04936 and a 

testing MSE of 0.093822. The corresponding R² 

scores were 0.652177 for training and 0.446371 for 

testing. In contrast, the Random Forest Regression 

model produced significantly better results. The 

training MSE was 0.000001, and the testing MSE was 

0.0, which indicates extremely low prediction error. 

Similarly, the R² score for the training dataset was 

0.999993, and the testing R² score was 1.0, showing 

that the model explains almost all the variance in the 

dataset.  

1000

 
Fig.4.1: Actual Vs Predicted value 

 

From the graph, it can be observed that the predicted 

values follow the general trend of the actual rainfall 

data but do not perfectly match all the data points. In 

some cases, the predicted values deviate from the 

actual values, indicating prediction errors. This occurs 

because Linear Regression assumes a linear 

relationship between input features and the target 

variable, which may not fully capture the complex 

patterns present in weather data. 

 

CONFUSION MATRIX ANALYSIS  

The confusion matrix contains four important 

components:  

• True Negatives (TN): 58  

These represent the number of cases where the model 

correctly predicted that there would be no rainfall.  
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• False Positives (FP): 0  

These represent cases where the model incorrectly 

predicted rainfall when there was actually no rainfall.  

 
Fig.4.2: Confusion Matrix 

 

• False Negatives (FN): 7  

These represent cases where the model predicted no 

rainfall but rainfall actually occurred.  

 

• True Positives (TP): 9  

These represent cases where the model correctly 

predicted the occurrence of rainfall.  

From the confusion matrix, it can be observed that the 

model performs well in predicting no-rain conditions, 

as indicated by the high number of true negatives. 

However, some rainfall events were not correctly 

predicted, as shown by the false negative  

 

FINAL WEATHER PREDICTION RESULT 

DISPLAYED ON WEB INTERFACE  

 
Fig.4.3: Final Output 

 

The final output of the proposed smart weather 

monitoring and prediction system is displayed through 

a web-based interface. The system collects 

environmental parameters such as temperature, 

humidity, atmospheric pressure, rainfall detection, and 

air quality using IoT sensors connected to the ESP32 

microcontroller. These real-time sensor values are 

transmitted to the server through a wireless network.  
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