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ABSTRACT:  

The Smart Water Safety Evaluation System Using IOT and WQI Modelling is an intelligent water 

monitoring solution designed to assess water quality in real time using multiple environmental 

parameters. The system integrates pH, TDS, and Turbidity sensors to measure the chemical and physical 

characteristics of water. These sensors are interfaced with a NODEMCU (ESP8266) microcontroller, 

which performs data acquisition and pre-processing. The collected data is transmitted to an IOT cloud 

platform such as Thing Speak or BLYNK for remote monitoring and analysis. A Water Quality Index 

(WQI) model is implemented to combine individual sensor readings into a single comprehensive water 

quality score. This approach eliminates isolated parameter interpretation and provides a clear safety 

classification. The system displays real-time pH and TDS values on an LCD screen and triggers a buzzer 

alert when water quality exceeds safe thresholds. Based on the computed WQI value, the system 

categorizes water as safe or unsafe for consumption. This solution enables low-cost, continuous, and 

automated water quality monitoring, making it suitable for households, industries, and rural water 

supply systems. It reduces manual testing efforts while improving response time to contamination 

events. 
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INTRODUCTION: 

Rapid urbanization and industrial growth have significantly increased the risk of water contamination, 

while traditional water quality monitoring methods rely on periodic testing and delayed analysis, 

making early detection difficult. The lack of real-time data and high dependency on laboratory-based 

systems create serious challenges in ensuring safe and sustainable water supply, especially in smart city 

environments. To address these issues, the proposed IoT Based Smart Water Quality Testing System 

enables continuous monitoring of key parameters such as temperature, pH, and turbidity. By providing 

real-time data perception, remote monitoring, and instant alerts, the system supports early risk 

identification and reduces health hazards. This contribution forms a cost-effective and scalable sensing 

layer that strengthens intelligent water quality risk analysis and sustainable water management systems 

[1]. Water quality assessment is essential for ensuring safe drinking water and effective irrigation, yet 

increasing pollution from industrial, mining, and natural activities makes continuous monitoring 

difficult. Conventional water sampling and laboratory analysis are time-consuming, complex, and often 
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impractical for large-scale deployment across diverse water sources. To address these challenges, Water 

Net proposes a real-time water monitoring network that collects water quality parameters and evaluates 

them against established standards. By integrating wireless communication and data-driven 

classification methods, the system enables automated assessment of water suitability for drinking and 

irrigation. This approach reduces manual effort and supports timely, informed decision-making for 

sustainable water resource management [2]. Water quality management is a critical component of 

sustainable water resource systems due to increasing pollution caused by human activities and natural 

disasters. Recent studies highlight the growing role of machine learning and deep learning techniques 

in analysing water quality indices and predicting contamination levels across rivers, lakes, and 

groundwater sources. These data-driven models improve decision-making by providing accurate 

predictions using performance metrics such as RMSE, MAE, and R². The integration of intelligent 

algorithms with real-time monitoring systems supports proactive water management and pollution 

control. Such approaches are expected to significantly enhance sustainable water resource planning in 

future smart water management frameworks [3]. Long-term monitoring of freshwater quality is essential 

for environmental sustainability and effective water resource management. Existing approaches that 

rely on a single data source, such as in-situ measurements or satellite imagery alone, often lead to 

inaccurate and inconsistent results. To overcome these limitations, this study integrates remote sensing 

images with an LSTM-based recurrent neural network to estimate key water quality parameters 

including pH, dissolved oxygen, chemical oxygen demand, and ammonia-nitrogen. The proposed 

model demonstrates strong predictive performance and generates spatially distributed water quality 

maps that align with official observations. This approach supports accurate, large-scale, and time-series 

water quality assessment for sustainable lake management [5]. Water quality degradation has become 

a major global concern, requiring advanced methods for continuous monitoring and accurate prediction. 

This study presents an integrated framework that combines Internet of Things (IoT) sensing with 

machine learning techniques to analyse and predict water quality conditions. Real-time data collected 

from multiple sensors are processed and used to estimate water quality indices and classify water 

suitability. The framework evaluates several regression and classification models, demonstrating 

improved prediction accuracy and reliability. Such IoT and machine learning–enabled systems provide 

effective decision support for sustainable water quality management [8]. Accurate water quality 

prediction is essential for effective water environment management and pollution prevention. This study 

introduces a hybrid deep learning model that combines CEEMDAN for noise reduction, CNN for spatial 

feature extraction, and LSTM for capturing temporal dependencies in water quality data. A self-

attention mechanism further enhances the model by emphasizing important time steps and features. 

Experimental results show that the proposed approach achieves higher prediction accuracy and 

robustness compared to conventional methods. This model provides an efficient solution for reliable 

and long-term water quality prediction [7]. Urban water bodies require fine-grained monitoring to 

support sustainable urban development and ecological protection. Single machine learning models often 

fail to achieve high accuracy due to the complex and dynamic nature of urban water environments. This 

study proposes a stacked ensemble learning approach that integrates multiple regression and advanced 

machine learning models to improve water quality inversion accuracy. The Stacked-RF model 

effectively reduces prediction bias and outperforms individual models in estimating key water quality 

indicators. The results demonstrate the potential of ensemble learning for reliable urban water quality 

monitoring and informed water resource management [10]. 

BACKGROUNDS AND RELATED WORKS: 

Ajayi et al. (2020) proposed Water Net, a LoRa-based water monitoring network combined with 

machine learning models such as Logistic Regression, Random Forest, and SVM to classify water 

suitability for drinking and irrigation in real time. While the approach effectively automates water 

quality assessment using WQI and IWQI metrics, it relies on complex network infrastructure and 
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offline-trained ML models, which limits low-cost and small-scale deployment. Additionally, the system 

focuses more on classification accuracy than on immediate local alerts and on-site visualization. The 

project also assumes availability of sufficient training datasets, which may not always be feasible. These 

gaps motivate simpler IoT-based systems that provide real-time sensing, instant alerts, and easy 

scalability without heavy communication or data requirements [2]. Lei et al. (2022) proposed the GTV-

STP framework, a deep learning–based spatial–temporal model that enables variable-length sequential 

prediction of multiple water quality parameters in Taihu Lake using hydrological flow information. The 

model achieves high prediction accuracy by integrating spatial embedding and encoder–decoder 

structures with temporal awareness. However, the framework relies on large historical datasets and high 

computational resources, limiting real-time deployment and on-site monitoring. It also focuses 

primarily on prediction rather than continuous sensing and early alert generation. These gaps highlight 

the need for lightweight IoT-based systems that provide real-time data acquisition and immediate water 

quality assessment at the source [4]. Hu et al. (2023) proposed the Geo-TA framework, which integrates 

spatial, temporal, and meteorological data using attention mechanisms to improve water quality 

prediction accuracy across multiple monitoring stations. By incorporating geographical coordinates and 

weather factors, the model outperforms traditional temporal-only prediction methods. However, the 

framework depends on dense monitoring networks, large historical datasets, and high computational 

resources. It focuses on prediction accuracy rather than real-time sensing and immediate alert 

generation. These limitations indicate a gap for lightweight IoT-based systems that provide continuous 

on-site data acquisition and early water quality assessment [15]. Sudriani et al. (2022) conducted a 

comprehensive review of surface water monitoring systems and emphasized the importance of 

integrating multiple information sources, including sensors, sampling techniques, and predictive 

models, for sustainable watershed management. The study proposed a unified framework to combine 

water quality and quantity monitoring with model-based data fusion for improved environmental 

assessment. However, most existing systems discussed are complex, large-scale, and infrastructure-

intensive, limiting real-time deployment and affordability. The work highlights a lack of simple, low-

cost, real-time sensing solutions at the field level. This gap motivates IoT-based water quality 

monitoring systems that enable continuous data acquisition, easy deployment, and timely decision 

support [13]. Eliades et al. (2024) introduced a Cyber-Physical-Socio-Environmental Systems (CPSES) 

framework for Smart Water Networks, integrating physical sensing, cyber control, social factors, and 

environmental impacts to improve resilience and sustainability. The framework highlights advanced 

concepts such as digital twins, dynamic risk estimation, and climate-aware water management. 

However, it is primarily conceptual and system-level, requiring complex infrastructure, policy 

integration, and advanced analytics for implementation. The study provides limited focus on low-level, 

real-time water quality sensing and immediate field deployment. This gap emphasizes the need for 

simple IoT-based water quality monitoring systems that act as foundational sensing layers for future 

smart water network architectures [11]. Pandya et al. (2023) proposed an integrated water quality 

management approach using ensemble machine learning models and a real-time interactive 

visualization dashboard to predict water potability with high accuracy. The study demonstrated that 

combining multiple learning algorithms significantly improves prediction reliability compared to single 

models. However, the approach relies heavily on large, well-curated datasets and computationally 

intensive models, limiting real-time field deployment. It also assumes continuous digital data 

availability rather than direct sensor-based acquisition. These limitations highlight the need for 

lightweight IoT-based systems that provide real-time sensing and immediate alerts at the water source 

to complement advanced analytical platforms [9]. Aderemi et al. (2025) presented a systematic review 

on the application of Explainable AI (XAI) techniques in water quality monitoring, emphasizing 

transparency, interpretability, and stakeholder trust in AI-driven systems. The study highlights the 

growing use of methods such as SHAP and LIME to explain predictions made by machine learning and 

deep learning models in IoT-enabled smart water systems. However, most XAI implementations are 

computationally intensive and depend on complex models and large datasets, limiting deployment in 
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low-resource and real-time field environments. The review also notes a lack of standardized evaluation 

metrics and minimal integration with edge-level sensing. These gaps motivate simple IoT-based 

monitoring systems that provide reliable, transparent sensor-level data as a foundation for trustworthy 

and explainable water quality assessment [6]. 

PROBLEM STATEMENT: 

There is no continuous system in place to monitor water's quality (as seen in households, industries, 

and rural supply systems) on an efficient, real-time basis. There are manual tests available to test water, 

but such tests must be done periodically, and they take a significant amount of time to conduct (this 

means a delay in detecting whether or not the water is contaminated), regardless of whether the water 

meets certain parameters of either being safe to drink. Unsafe drinking water due to abnormal pH level, 

excessive TDS (total dissolved solids), or excessive turbidity presents a significant threat to human life; 

however, many systems will not alert the user in time or provide an overall assessment of the safety of 

the water in one step. Therefore, there is a need for an automated, inexpensive, continuous-monitoring 

system that can monitor multiple water-quality parameters, intelligently combine the data from each of 

those multiple parameters into a unified assessment of water quality (using WQI (Water Quality 

Index)), and provide real-time alerts to users about whether or not the water they are using to drink is 

safe to consume. 

LITERATURE REVIEW [EXISTING SYSTEM & PROPOSED SYSTEM) 

EXISTING SYSTEM: 

At present, the majority of current water quality testing systems are laboratory and process dependent 

with users collecting drinking water samples from such sources as rivers, lakes, tanks or distribution 

lines for laboratory analysis. For example, the characteristics of drinking water are tested using a 

combination of different instruments and chemical reagents to determine parameters such as acidity 

(pH), cloudiness (turbidity), mineral content (hardness) and level of pollutants (total coliform / E. coli). 

All current methods are reliant on trained individuals to collect, test, and interpret data. Other industries 

that test for water quality use a similar process to that used for food and/or dairy products in that they 

perform periodic testing rather than continuous testing. Testing methods used in the industrial setting 

are done off-line, with results obtained after laboratory testing. The delay in obtaining results 

contributes to the inability of the monitoring system to provide timely identification of unsafe water 

quality and consequently, there is an absence of any real-time alert systems. The lack of connectivity 

between centralized testing facilities and end-users does not allow for remote monitoring by either 

regulatory officials or consumers. As such, violations of safe drinking water standards are often detected 

after negatively impacting health and/or the environment. This clearly indicates that there is a need for 

an automated, real-time, remote-access monitoring system for assessing the quality of drinking water. 

PROPOSED SYSTEM: 

The Smart Water Safety Evaluation System (SWSES) uses the Internet of Things (IoT) to continuously 

monitor water quality with an emphasis on providing automated, real-time information while using 

Water Quality Index (WQI) modelling techniques for evaluating water quality. The SWSES relies on 

different types of sensors to measure critical parameters related to water quality (e.g., pH, total dissolved 

solids (TDS), and turbidity) in order to capture chemical and physical characteristics of water. The 

sensor output data is converted into electrical signals by an ESP8266 (NodeMCU) microcontroller. This 

microcontroller takes the output from each sensor and captures it as well as performs any initial 

processing needed to ensure that each parameter reading is accurate before transmitting its output to an 

IoT cloud platform (for example, between Thing Speak or Blynk). The IoT cloud platform then allows 
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users and authorities to monitor the water quality and thus, have access to the information whenever 

they need it. As a result, the limitations that exist with offline testing methods such as mail delivery of 

samples, laboratory tests, and interpretation of results at a later date are eliminated. To calculate the 

WQI score, all of the sensor parameters are integrated into a single WQI score through the use of the 

WQI model. With this approach, there is no need to interpret the individual readings of each parameter 

as the resulting WQI score provides a single, standard classification for the overall safety of the water. 
This system is built to provide feedback to users quickly in a local manner. A real-time pH and Total 

Dissolved Solids (TDS) value will be presented to the user via an LCD display, and a buzzer will alert 

users to any water quality measurements that are at or above the established limits defining when the 

water is not fit for consumption. The WQI (Water Quality Index) score will also provide an indication 

of whether or not the water is fit for consumption. Therefore, any action to mitigate exposure to 

contaminated water (i.e. boiling, filtering) can occur immediately after the water quality is determined. 

By combining IoT (internet of Things) enabled water data collection; cloud-based WQI calculations; 

and overall system approach for water quality monitoring; these methods provide a low-cost, 

continuous, and automated means of monitoring water quality for household, industrial, and rural water 

supply systems; reduce the amount of time and effort required to perform manual testing to verify water 

quality; and improve response time to water contamination incidents. 

SYSTEM ARCHIECTURE: 

The proposed IoT-based Water Quality Monitoring System follows a layered architecture comprising 

sensing, processing, communication, cloud, and application layers. The sensing layer includes pH, TDS, 

and turbidity sensors that collect real-time water quality parameters. The NodeMCU (ESP8266) acts as 

the processing unit, converting analog signals into digital data and computing the Water Quality Index 

(WQI). The built-in Wi-Fi module enables wireless transmission of processed data to cloud platforms 

such as ThingSpeak or Blynk. The cloud layer stores and visualizes data for remote monitoring. The 

application layer includes an LCD, mobile dashboard, and buzzer to display results and generate alerts 

for safe or unsafe water conditions. 

 

 

 

NODEMCU (ESP8266) microcontroller 
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FIG:1 NODEMCU(ESP8266) 

 

The NodeMCU (ESP8266) is a low-cost, open-source microcontroller board with an 

integrated Wi-Fi module, widely used in IoT applications. It is based on the ESP8266 system-

on-chip, which combines a microcontroller and TCP/IP networking capabilities. The board 

supports digital and analog input/output pins for interfacing with sensors such as pH, TDS, 

and turbidity sensors. It can be programmed using the Arduino IDE with Embedded C or Lua 

scripting. The built-in Wi-Fi enables direct cloud communication without additional 

hardware. Its low power consumption and compact design make it suitable for real-time 

monitoring systems. 

PH SENSOR: 

 

FIG :2 PH SENSOR 

The pH sensor is used to measure the acidity or alkalinity of water. It provides an analog output corresponding to 

the hydrogen ion concentration in the water sample. Monitoring pH is essential, as extreme pH levels can indicate 

contamination and pose risks to human health and aquatic life.  

TDS SENSOR 

 

FIG:3 TDS SENSOR 
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A TDS (Total Dissolved Solids) sensor is used to measure the concentration of dissolved substances such as salts, 

minerals, and metals in water. It works by measuring the electrical conductivity of water, since higher dissolved 

solids increase conductivity. The sensor provides output in parts per million (ppm), which helps determine the 

purity and suitability of water for drinking or other uses. In IoT-based smart water quality monitoring systems, a 

TDS sensor plays an important role in assessing water safety and is commonly used in calculating the Water 

Quality Index (WQI). 

TURBIDITY SENSOR 

 

FIG:4 TURBIDITY SENSOR 

The turbidity sensor detects the presence of suspended particles in water by measuring the intensity of light 

scattered through the sample. High turbidity values indicate poor water quality caused by sediments, organic 

matter, or pollutants. 

WI-FI MODULE 

 

FIG:5 WI-FI MODULE 

The Wi-Fi module enables wireless data transmission from the Arduino to an online platform or cloud server. It 

allows real-time monitoring of water quality parameters from remote locations, supporting IoT-based applications 

and continuous surveillance. 

LCD DISPLAY 

 

FIG:6 LCD DISPLAY 

The LCD display provides real-time visualization of water quality parameters such as temperature, pH level, and 

turbidity. It allows users to monitor sensor readings locally without requiring external devices.  

BUZZER 
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FIG:7 BUZZER 

The buzzer serves as an alert mechanism in the system. It is activated when any measured parameter exceeds the 

permissible limits, providing an immediate audible warning to users for prompt corrective action. 

LIMITATIONS AND FUTURE SCOPE: 

A Real Time Remote Accessible IoT Based Water Quality Monitoring System has some limitations. 

The performance of sensor technology heavily influences the performance of the system; pH, TDS and 

turbidity sensors are calibrated periodically but drift once they are exposed to the environment. 

Continuous transmission of data via Wi-Fi is required to communicate the data to the cloud, this may 

not be an issue for urban areas that have an abundance of Internet access; however, this is not the case 

for rural or Gadge areas where stable signature is not available. The power supply may also cause 

interruptions in real time monitoring. Additionally, only a limited number of physical and chemical 

measurements are reported through the current model. No biological contaminants, heavy metals or 

toxic substances are detected by the current version of this monitoring system. There may also be data 

security and privacy issues during the transmission of information to the cloud due to this monitoring 

system primarily being designed for small scale applications like home or business use. Many 

modifications would have to be done to the system to deploy it industrially. To improve the system in 

future, it is likely there will be further sensor developments (e.g., dissolved oxygen sensor, temperature 

sensors, gas sensors) enabling detailed analysis. The potential exists for the incorporation of artificial 

intelligence and machine learning algorithms for predictive analysis and anomaly detection purposes. 

The application of block chain technologies will provide secure and tamper-free data storage. The use 

of solar energy to provide power to operate will improve the feasibility of remote location applications. 

In addition, a broad-based deployment will aid in the development of smart cities’ water management 

systems. 

 

RESULT: 

An IoT-based Smart Water Safety Evaluation (SWSE) system was created and tested using various 

types of water. The pH, TDS, and turbidity sensors provide real-time measurements of the physical and 

chemical properties of the water sample. The NodeMCU (ESP8266) provides data acquisition, pre-

processing, and wireless transmission to the IoT Cloud Platform (ThingSpeak/Blynk) without any 

significant delays. The water quality index (WQI) model generates a single score for all the individual 

sensor readings, making it easier to interpret and eliminating the need for analyzing the parameters 

independently. The system can accurately classify both safe and unsafe water samples using the 

established WQI threshold levels. Real-time pH and TDS values are displayed on the LCD, and when 

the water quality exceeds acceptable limits, the buzzer will sound as an alert for immediate notification. 

Cloud integration allows for remote and continual monitoring of the water quality along with graphical 

representation of the historic data. The experimental results analytically indicate that the proposed 

system provides an accurate, low cost, automated, and remoted, constant method for assessing water 

quality for domestic, industrial and rural use. 

CONCLUSION: 

The smart water safety evaluation system makes use of the Internet of Things (IoT) and water quality 

index (WQI) modelling techniques to supply a highly automated and efficient real-time assessment of 

water quality. By combining multiple sensors (pH, total dissolved solids [TDS], and turbidity) with a 

NodeMCU (ESP8266) microcontroller, this system is able to provide accurate data acquisition as well 
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as wirelessly transmit that information to cloud services for further remote monitoring. Water Quality 

Index (WQI) aids the interpretation of complex water quality parameter analysis into a single parameter 

for classification, making it easier for end-users to identify safe water to drink. The use of an LCD 

displays and buzzer alert increases user awareness of the safety status of water supplies and quickens 

the response time by users if there is a water contamination problem. Ultimately, the system will provide 

a low-cost, dependable, and scalable method of providing continuous monitoring of drinking water 

quality. 
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