
          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 1492 
 

“FLOOD PREDICTION AND MANAGEMENT USING RANDOM FOREST 

MACHINE LEARNING ALGORITHM” 

Prof. V.G.Khetade1, Prerana Phatale2, Atharv Pujari3, Deven Pujari4, Shreyas Pujari5, 

Omkar Sutar6 

D.K.T.E Society’s Textile and Engineering Institute 
Department of Computer Science & Engineering 

---------------------------------------------------------------------***---------------------------------------------------------------------

Abstract - Flooding ranks among the most devastating 
natural calamities, often resulting in substantial damage to 
property and loss of human life. This paper presents an 
integrated IoT and machine learning-based system for real-
time flood monitoring, prediction, and emergency response. 
The proposed system collects environmental data such as 
rainfall, temperature, humidity, river discharge, and water 
level using an IoT sensor module built with NodeMCU 
(ESP8266). The data is processed and sent to a cloud-hosted 
server for real-time analysis. A machine learning model is 
employed to predict the likelihood of a flood based on multiple 
input parameters. The results are displayed through a web-
based application, which also leverages the Google Maps API 
to provide users with location-based emergency alerts and 
nearby resources like hospitals and shelters. The system 
includes secure user authentication, an admin panel for 
emergency resource management, and a user-friendly 
interface for public access. Experimental results confirm that 
the solution is accurate, scalable, and capable of assisting 
users during flood emergencies  
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1.INTRODUCTION  

Floods are some of the most common and damaging natural 
hazards worldwide, endangering human lives, damaging 
property, affecting agriculture, and disrupting essential 
infrastructure. The rising occurrence and severity of floods 
can be attributed to factors such as climate change, 
unchecked urban growth, deforestation, and inadequate 
water resource management. Based on data from the UN 
Office for Disaster Risk Reduction (UNDRR), floods 
accounted for more than 43% of all disaster events recorded 
in the last two decades, affecting billions and causing 
trillions in economic losses. 

Traditional flood detection and alert systems, often relying 
on manual observations or delayed centralized weather 
forecasts, are inadequate in providing timely and accurate 
warnings to at-risk communities. These conventional 
systems frequently suffer from limited geographical 
coverage, lack of real-time monitoring, and insufficient 
integration with localized emergency infrastructure. 

Lately, the integration of Internet of Things technologies 
(IoT), machine learning (ML), and cloud computing has 
revolutionized how environmental data can be captured, 
analyzed, and acted upon. IoT devices such as water level 
sensors and weather monitoring stations provide 
continuous, real-time data streams from vulnerable zones. 
Machine learning algorithms can then process this data to 
identify patterns, predict future outcomes, and trigger early 
warnings. Cloud-based systems ensure that the data and 
services remain scalable, accessible, and resilient under 
high-load conditions. 

This paper proposes a smart, real-time flood prediction and 
emergency management system that combines the 
capabilities of IoT sensing, machine learning-based 
prediction, and interactive web technologies. The system's 
architecture is composed of a NodeMCU (ESP8266) 
microcontroller to collect live water level data, while rainfall, 
temperature, and humidity data are sourced from the 
OpenWeather API. The remaining inputs, such as river 
discharge and elevation, are either retrieved from 
authoritative sources or manually entered by users for 
precise prediction. 

At the core of this project lies a Random Forest Classifier 
trained on historical and real-time environmental data to 
forecast the occurrence of flood events. A Flask-based 
backend processes user inputs and model predictions, while 
a React.js frontend presents users with an intuitive interface. 
If a flood is predicted, the application accesses the user’s 
geolocation via the browser, fetches nearby hospitals, police 
stations, and shelters using the Google Maps API, and 
displays them on an interactive map. This ensures that users 
not only receive an alert but also immediate access to 
lifesaving resources. 

This system has been designed with scalability, affordability, 
and accessibility in mind. Its modular structure allows for 
easy expansion and deployment in different geographical 
regions. The integration of open-source tools and APIs 
reduces the cost barrier, making it suitable for community-
level and governmental adoption. By merging predictive 
analytics with real-time location intelligence, this aims to 
transform flood response from reactive to proactive, 
ensuring better preparedness and faster recovery during 
disasters. 
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In essence, this research addresses the critical need for a 
smarter and more responsive flood monitoring ecosystem by 
demonstrating a viable prototype that empowers users with 
accurate, real-time flood alerts and emergency navigation 
support. 

2.RELATED WORK 

Flood forecasting and management have been active areas of 
research due to the increasing global impact of climate-
related disasters. Numerous studies have examined how the 
combination of machine learning, IoT, and geographic 
information systems (GIS) can enhance the precision and 
effectiveness of flood monitoring systems. 

Vijendra Kumar et al. [1] provided a comprehensive analysis 
of the latest deep learning applications in flood forecasting. 
Their study highlighted the challenges in model training due 
to data imbalance, real-time processing limitations, and lack 
of standardized datasets. They emphasized the potential of 
hybrid deep learning models in achieving higher accuracy, 
which inspires the use of ensemble methods like Random 
Forest in our system. 

Lihong Wang et al. [2] proposed a paradigm shift from 
traditional flood control strategies to a more holistic flood 
resilience framework. Their research explored not only 
prediction techniques but also socio-economic impacts and 
the importance of integrated emergency responses. This 
aligns with the objective of our system, which integrates 
flood alerts with emergency location services to enhance 
preparedness. 

Mohammed Khalaf and Haya Ala Skar [3] introduced an IoT-
based flood severity prediction system that utilizes ensemble 
learning models to assess flood risk. Their work 
demonstrated that combining real-time sensor data with 
machine learning models significantly improves the accuracy 
of predictions. Our system adopts a similar architecture 
using water level sensors and API-based weather data 
inputs. 

C. Kathiresan and V.B.M. Sayana [4] focused in-depth review 
of current deep learning methodologies, particularly in the 
context of flood mitigation. Their study discussed the 
benefits of decision trees and SVM models in providing fast 
and interpretable predictions. The selection of Random 
Forest in our model draws from this approach due to its 
robustness and explainability. 

S.S. Panhalkar and Amol P. Jarag [5] conducted a flood risk 
assessment for the Panchaganga River in Kolhapur using a 
multi-criteria decision technique. Their work is significant as 
it provides local context, showing how geographic and 
hydrologic data can inform flood prediction at a regional 
level. Our project considers similar factors by including river 
discharge and elevation in the input parameters. 

Finally, Prof. Sashion Sawadatkar et al. [6] studied flood 
management strategies near Kolhapur and emphasized the 
importance of real-time flood alerting and localized 
emergency planning. Their work reinforces the need for 
systems like HydroShield, which combine sensor data, 
predictive analytics, and user-friendly interfaces for 
localized disaster response. 

These studies collectively underscore the need for 
integrated, scalable, and user-centric flood monitoring 
solutions. The proposed HydroShield system builds upon 
these existing methodologies by combining sensor-based 
data collection, ML-based prediction, and geolocation-driven 
emergency resource navigation in a unified platform. 

3. METHODOLOGY 

The proposed flood prediction system combines data-driven 
machine learning techniques with IoT-based real-time water 
level sensing to provide accurate and timely flood risk alerts. 
The methodology is divided into five core phases: data 
acquisition, preprocessing, model training, system design, 
and prediction-response integration. 

 
                    Fig.1 Proposed Architecture Diagram 

A. Data Acquisition 

The system collects eight key environmental features that 
influence flood prediction. These features are obtained from 
different sources: 

1. Water Level (Real-Time Sensor Data): 
o Acquired using an ultrasonic water level 

sensor connected to a NodeMCU 
(ESP8266) microcontroller. 

o Sensor readings are transmitted to an 
Express.js API endpoint hosted on Vercel. 
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2. Meteorological Parameters (via 
OpenWeatherMap API): 

o Rainfall (mm) 
o Temperature (°C) 
o Humidity(%) 

These are fetched automatically by the 
frontend using a city or coordinate-based 
API call to OpenWeather. 
 

3. Location Coordinates (Latitude & Longitude): 
o Automatically retrieved using the 

browser’s built-in Geolocation API. 
o Provides accurate real-time positional data 

for map rendering and location-specific 
predictions. 
 

4. Manually Entered Parameters: 
o River Discharge and Elevation must be 

input by users. 
o These are critical for assessing water flow 

intensity and regional terrain conditions. 
 
B. Data Preprocessing 
Once the dataset is aggregated, preprocessing is carried out 
to ensure model readiness: 

 Handling Missing Values: Interpolation and 
imputation methods are applied where necessary. 

 Normalization: All numerical features are scaled to 
a uniform range using Min-Max Scaling for model 
stability. 

 Outlier Detection: Z-score method is used to detect 
and remove anomalous entries that may distort the 
training process. 

 Labeling: The dataset is labeled with a binary 
target variable: 

o 1: Flood Detected 
o 0: No Flood 

 

 
                   

Table 1 : Flood Occurrence Distribution 
 

 
                       

Table 2: Missing Value Summary 
 
 

C. Selection and Training of the Model 
A Random Forest Classifier is selected due to its reliability 
and ability to provide clear interpretations in classification 
tasks with diverse data. 

 Dataset Split: 80% training, 20% testing. 
 Libraries Used: Scikit-learn, Pandas, NumPy. 
 Hyperparameter Optimization: Conducted with 

GridSearchCV to fine-tune parameters like 
n_estimators, max_depth, and min_samples_split  

 Cross-validation: 5-fold cross-validation to prevent 
overfitting. 

The model demonstrated high performance with over 93% 
accuracy and a low false-negative rate, which is crucial for 
disaster management systems. 
 
D. System Architecture Design 
The software system integrates three main layers: 

1. IoT Layer: 
o The NodeMCU sends sensor data via HTTP 

POST to a dedicated API endpoint. 
o Includes retry logic for network reliability 

and real-time sensor calibration. 
 

2. Machine Learning Backend (Flask): 
o Receives API requests with eight features. 
o Loads the trained ML model (.pkl file). 
o Returns prediction results as JSON (Flood / 

No Flood). 
 

3. Frontend (React + Tailwind CSS): 
o Presents a user-friendly form for data 

input. 
o Automatically fetches weather and 

geolocation data. 
o On receiving a flood alert: Displays 

emergency points on Google Maps API. 
 
E. Integration and Real-Time Response 

 Secure Communication: All APIs use JWT-based 
authentication for secure data transfer and session 
management. 

 Map Rendering: Triggered only when the backend 
responds with a positive flood prediction. 

 IoT Feedback Loop: Sensor data is updated every 
few seconds for continuous monitoring. 

 

4. IMPLEMENTATION 
 
The implementation phase transforms the proposed 
methodology into a functional system by integrating 
hardware, software, APIs, and machine learning 
components. This section describes the practical realization 
of each system layer, the tools used, and how modules 
interact during real-time operations. 
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A. IoT-Based Water Level Monitoring 
The real-time water level detection is implemented using an 
ultrasonic water level sensor connected to a NodeMCU 
(ESP8266) board. Key implementation details include: 

 Microcontroller Programming: Written in 
Arduino C++, the firmware measures the distance 
from the sensor to the water surface and converts it 
into water level readings. 

 Data Transmission: The sensor transmits data via 
HTTP POST requests to an Express.js API endpoint 
hosted on Vercel, using Wi-Fi credentials pre-
configured on the board. 

 Update Frequency: The sensor sends data every 3 
seconds for near-real-time updates. 
 

 
 

Img.1 Connection of Sensor and NodeMCU 
 

 
 

Img.2 ESP8266 Wi-Fi Setup in Arduino IDE 
 

 
 

Img.3 Real-Time Flood Monitoring Setup 

 
B. Backend API and Machine Learning Integration 
The backend is developed using Python Flask, acting as the 
central controller that receives input data and communicates 
with the ML model: 

 API Development: 
o Flask routes handle POST requests for flood 

prediction  
o JSON Web Token (JWT) authentication secures 

user sessions and endpoints. 
o Express js handles the user registration, login, 

getting the data from microcontroller via GET 
request and back to frontend, calling the open 
weather API and google maps API for map data 

 Model Integration: 
o A Random Forest Classifier model is serialized 

using pickel and loaded into the Flask server. 
o The model receives eight input features and 

returns a binary classification (1 for flood, 0 for 
no flood). 

 Database: 
o MongoDB Atlas is used to store user profiles, 

emergency contact information, and resource 
locations. 

o The express server interacts with MongoDB 
using mongoose. 
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Img.4 User Data in HydroShield MongoDB Collection 
 
C. Frontend Development 
The frontend is implemented using React.js and styled using 
Tailwind CSS and Framer Motion: 

 User Interface: 
o A secure login/signup interface using JWT 

for session handling. 
o A form to input or fetch required features 

(manual + API data). 
 OpenWeatherMap API: 

o Automatically fetches temperature, rainfall, 
and humidity based on browser location. 

 Google Maps API Integration: 
o After flood prediction, the app fetches the 

user's geolocation using the browser’s 
Geolocation API. 

o Nearby emergency facilities (hospitals) are 
shown as pins on the map, based on 
coordinates  

 
                        

Img.5 HydroShield Login Interface 

 
             
Img.6 HydroShield Monitoring with Location Mapping 
 
D. Hosting and Deployment 

 Frontend Hosting: Deployed on Vercel, with auto-
deploy linked to GitHub. 

 Backend Hosting: Flask API deployed on 
Render.com 

 Database: MongoDB Atlas Cloud stores data 
securely and scales well with user load. 

 IoT Device: The NodeMCU device is powered by a 
mobile power bank or USB source and connected to 
local Wi-Fi for continuous operation. 

 
F. Security and Reliability Features 

 JWT Tokens: Ensure only authenticated users 
access protected endpoints. 

 Data Validation: Backend checks for correct input 
types and missing values before processing. 

 Error Handling: Graceful error messages are 
provided on both frontend and backend for 
robustness. 

 

5. RESULTS AND DISCUSSION 
 
This system was evaluated on several critical performance 
aspects including prediction accuracy, real-time 
responsiveness, system scalability, and resource efficiency. 
The testing phase was conducted using a combination of 
validation datasets, simulated inputs, and controlled stress 
testing environments to assess the system's operational 
robustness. 
 
A. Prediction Accuracy 
 
The core of the HydroShield system relies on a Random 
Forest Classifier trained using a comprehensive dataset with 
features such as rainfall, temperature, humidity, river 
discharge, water level, and geolocation parameters. After 
training, the model was tested against a reserved validation 
set to assess generalization capability. 
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Metric Value 

Accuracy 99.7% 

Precision 99.5% 

Recall 99.6% 

F1-Score 99.7% 

                              

Table 3: Model Performance Metrics 
 

 
                 

Img.7 Random Forest Classification Report 
 
These metrics suggest that the model demonstrates strong 
reliability in predicting floods. The high recall score is 
especially important in applications where safety is critical, 
as it ensures most true flood events are detected. The F1-
score, which balances precision and recall, confirms the 
model's strength and reliability in practical situations. 
 
B. Response Time 
 
Real-time responsiveness is vital for flood risk mitigation. 
The system’s end-to-end latency was measured from data 
input on the frontend to the display of flood prediction and 
emergency information. The average times recorded are as 
follows: 
 

Operation Average Time 

Frontend Form Submission 50 ms 

Backend Model Inference 120 ms 

MongoDB Read/Write 40 ms 

Total Prediction Time ~250 ms 

                   

Table 4: HydroShield Prediction Time Breakdown 
 
The entire process typically completes in under one second, 
offering real-time feedback crucial for decision-making in 
emergency conditions. The efficient architecture using React 
for frontend, Flask for backend, and optimized data pipelines 
ensures minimal delay. 
 
C. System Load Testing 
 
Scalability is a key consideration, especially during flood 
events when system demand may spike. The HydroShield 

platform was tested under increasing user loads using tools 
such as Apache JMeter and Locust. 
 
The system remained responsive and functional up to 1000 
users, with graceful degradation observed beyond 500 users. 
These results demonstrate strong horizontal scalability and 
robust backend handling, ensuring system reliability during 
peak usage. 
 
D. Summary of Observations 

 The prediction model performs with high 
precision and minimal false negatives, making it 
suitable for proactive disaster management. 

 System latency is low enough for real-time 
applications. 

 The platform scales well and maintains high 
reliability, crucial for broad deployment across 
multiple regions. 

 Use of modern frameworks and cloud technologies 
ensures efficient resource utilization and 
portability. 

 

6. CONCLUSION 
 
This system presents a comprehensive, real-time solution for 
flood prediction and emergency response by integrating IoT-
based water level monitoring, environmental data 
acquisition, and machine learning algorithms. The platform 
combines a React.js frontend, express and Flask-based 
backend, and a Random Forest Classifier to provide users 
with accurate flood risk predictions and immediate access to 
nearby emergency services using Google Maps API. 
 
Extensive testing demonstrates the system’s high accuracy 
(99.7%), low response latency (~250 ms). By leveraging 
real-time sensor data, open weather APIs, and dynamic 
location services, this ensures timely alerts and vital 
information dissemination, making it a valuable tool in 
disaster risk reduction and community resilience planning. 
 
The project also highlights the effective use of open-source 
technologies, cloud platforms, and API-based architecture to 
create a responsive and scalable early warning system. 
Overall, HydroShield achieves its goal of enhancing public 
safety through technological innovation. 
 

7. FUTURE WORK AND SUGGESTIONS FOR 
IMPROVEMENT 
 
While the current system is efficient and effective, several 
enhancements can be pursued in future iterations: 

1. Multi-Sensor Integration 
Adding more IoT sensors (e.g., for rainfall, river 
flow, soil moisture) can reduce reliance on external 
APIs and improve prediction precision through real-
time environmental data fusion. 
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2. Geographical Expansion 
Expanding the system's coverage area and 
customizing models for different regions based on 
local topography, climate, and hydrology would 
make the solution globally applicable. 
 

3. Crowdsourced Data Collection 
Enabling community members to report flooding 
conditions through the app can improve situational 
awareness and enhance model training with 
ground-truth data. 
 

4. AI-Powered Emergency Response Optimization 
Incorporating AI techniques to recommend optimal 
evacuation routes and resource allocation based on 
severity and location of predicted floods. 
 

5. Integration with Government Alert Systems 
Collaborating with meteorological and disaster 
management agencies to automate public alerts 
through SMS, sirens, and local broadcasts. 
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