
AI/ML-Based Water Quality Monitoring MobileApp for 

Predicting E.coli in Surface Waters
Introduction/Abstract

Author: Keerthi Priya Karumanchi kkaruman@students.kennesaw.edu 

Advisor: Dr. Ahyoung Lee alee146@kennesaw.edu

E.coli contamination in surface waters has proven to be a significant public 

health concern, requiring innovative monitoring solutions. Our research presents 

the design of an AI-driven mobile application to predict whether E.coli bacteria 

are present at levels exceeding acceptable thresholds in surface waters. The 

methodology employs sensor devices to collect water quality data parameters, 

such as water temperature, pH, dissolved oxygen and turbidity. A dataset is 

generated based on these parameters and machine learning (ML) algorithms 

are applied to evaluate accuracy, precision, recall, and processing time. 

Additionally, our ML algorithms establish a correlation matrix among water 

quality parameters to identify the key factors influencing E.coli levels. We applied 

various machine learning techniques to the dataset, including Support Vector 

Regression (SVR), Random Forest Classification (RFC), XGBoost, and 

ensemble methods that combine these algorithms. Our findings indicate that the 

ensemble of Random Forest Classification and XGBoost achieved the highest 

accuracy. Users can view E. coli predictions based on current sensor values 

through our Mobile App. Index Terms—Internet of Things (IoT), LoRaWAN, 

AI/ML algorithms, Ensemble Learning Model, Water Quality Monitoring, Mobile 

App, Predicting E.coli

Mobile App for Real-Time Monitoringpp 

Results
The results demonstrate that the ensemble model combining Random Forest 

Classification (RFC) and XGBoost achieved the highest accuracy at 99.9%, with 

a perfect precision of 1.000, recall of 0.998, and F1 score of 0.998. This 

ensemble outperformed individual models like Support Vector Regression 

(SVR), RFC, and XGBoost alone. Although the ensemble model showed the 

highest accuracy, it had a slightly longer execution time than individual 

algorithms.

The study also generated a correlation matrix for the dataset, showing that E. 

coli levels strongly correlate with water temperature and dissolved oxygen, with 

lower correlation to turbidity.

Table 2 shows Algorithm performance evaluation results, summarizing accuracy, 

precision, recall, F1 score, and execution time for each model 

The experimental setup for this paper involves using a LoRaWAN network to 

transmit water quality data collected from sensors measuring water temperature, 

pH, dissolved oxygen, and turbidity. Specifically, the setup includes an outdoor 

LoRaWAN gateway (RAK7289) with a range of up to 10 miles, which forwards 

sensor data to The Things Network (TTN) server. The TTN server then persists 

the data in a PostgreSQL database via MQTT, where it is analyzed using 

machine learning algorithms to predict unacceptable E. coli levels. A mobile 

application displays real-time predictions and sends notifications when E. coli 

levels exceed safe thresholds.
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The proposed AI/ML-based system provides an effective, low-cost solution for 

real-time monitoring of E. coli contamination in surface waters. By using a 

combination of LoRaWAN and machine learning algorithms, including an 

ensemble of RFC and XGBoost, the system achieves high accuracy and 

minimizes false negatives, ensuring reliable detection of unsafe E. coli levels. 

The mobile application allows users to access real-time water quality information 

and receive alerts, contributing to safer recreational water use and improved 

public health monitoring.

Future work can include collecting a larger volume of real-world data to further 

refine and validate the model’s accuracy and reliability over longer periods. In 

addition to this,, comparing the system’s predictions with laboratory-based results 

over extended durations to enhance its credibility.

Email ID of Author: kkaruman@students.kennesaw.edu

Email ID of Supervisor: alee146@kennesaw.edu

To develop an affordable, real-time water quality monitoring system that uses 

machine learning models to predict E. coli contamination based on key water 

parameters, delivering timely contamination alerts to users via a mobile app.
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The app uses Firebase Authentication for secure user access, Firebase Realtime Database for 

displaying live sensor data on water quality parameters, and real-time updates without user refresh. 

It sends alerts if parameters exceed safety thresholds, ensuring timely notifications. Historical data 

access and graphs enable trend analysis, while an intuitive dashboard and parameter-specific 

buttons enhance usability for quick and easy monitoring.

Algorithms Used

The solution leverages AI/ML algorithms to monitor surface waters continuously. It focuses on 

minimizing false negatives (failing to detect unsafe E. coli levels) while tolerating some false 

positives. The prediction model is built from sensor data, standardized using scikit- learn’s 

StandardScaler, and evaluated through training and testing sets.

Intelligent Models for E. Coli Prediction

1.Support Vector Regression (SVR): A method designed for regression tasks that aims to find a 

function that fits the data within a defined margin of error while minimizing complexity.

2.Random Forest Classification (RFC): An ensemble method using multiple decision trees to 

improve prediction robustness and reduce overfitting through majority voting.

3.XGBoost: An efficient implementation of gradient boosting that builds trees sequentially, 

correcting errors from previous trees, and is well-suited for complex datasets.

Dataset Generation:

An initial synthetic dataset was generated using Python, defining acceptable ranges and thresholds 

for random value generation.

Real-world data was gathered from a USGS station, which provided detailed records of the same 

water quality parameters (temperature, turbidity, pH, and dissolved oxygen). This data was used to 

calculate a water quality index, helping to classify the overall quality of the water. The E. coli 

prediction model worked well with this real-world data, confirming that our dataset is effective for 

predicting E. coli levels.

Hyperparameters are critical for tuning the performance of machine learning models. By adjusting 

these parameters, we can optimize the model's performance for specific datasets and tasks

From Correlation Matrix, E.coli level presence strongly correlates with water temperature and 

dissolved oxygen. The pH also strongly correlates with E.coli level presence, while turbidity has the 

lowest correlation among the four feature variables.

Table 1: Hyper parameters and their values Fig 2: Correlation Matrix of Dataset

Water Temperature: Maintained between 60°F and 90°F

pH: The acceptable pH level is between 6.0 and 8.5

Dissolved Oxygen: Levels should be kept between 4.0 and 10.0 mg/L, 

Turbidity: Keeping turbidity within 0.0 to 5.0 NTU helps ensure clear water.

Fig 1: Water Quality Management Architecture
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