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ABSTRACT 

It is essential to forecast and examine water condition for 

public health. Because pollution is increasing, we need water 

condition prediction (WCP) regularly. Safe water is necessary 

for consumption. Traditional laboratory-oriented testing 

approach is accurate but slow and costly. Nowadays, machine 

learning (ML) and deep learning (DL) models have been used 

to water condition prediction (WCP) and classify water 

quality indices (WQI). These models have also been used for 

monitoring water in real time using Internet of Things (IoT) 

infrastructure by learning complex, non-linear relationships 

in data. We searched for papers on Google Scholar, IEEE 

Xplore, ScienceDirect, and MDPI. We used the keywords 

"water quality prediction", "machine learning", "water quality 

index", and "IoT water monitoring" to search for papers. This 

narrative review synthesizes the literature published between 

2020 and 2026. It critically reviews machine learning (ML) 

and deep learning (DL) models for checking water condition, 

calculating water quality indices, and synthesizing real-time 

water condition checking using IoT.  

Keywords: water quality prediction; water quality 

assessment; machine learning; deep learning; IoT monitoring; 

explainable AI 

INTRODUCTION 

Tracking the water condition is essential for human 

health, economic development, and agricultural productivity. 

Therefore, tracking the water condition is essential for 

environmental management and safe potable water for 

consumption [1]. Because physical, chemical, biological 

conditions change dynamically, regular tracking and 

examination are essential to maintain water condition [1][2]. 

In India, rapid urbanisation, industrialisation, and 

contamination of surface and groundwater sources have 

created a significant challenge in providing safe potable water 

through municipal supplies [3]. 

Traditionally, we require manual collection and 

laboratory testing for water condition checking. This 

approach is time-consuming and costly due to manpower 

requirements [4]. There is a need for well-trained people to 

perform tests to calculate water quality parameters [5]. ML is 

increasingly used for water condition prediction because it 

can learn non-linear relationships between variables and 

provide target outcomes, such as water quality classes or 

water quality index values [1]. 

ML is used to calculate the WQI. Using an ML 

algorithm, we can classify water condition into excellent, 

good, and poor categories using physicochemical parameters; 

ML, which was used to predict the water quality index [6]. 

ML can use different models such as random forests, SVM, 

XGBoost, ANFIS, and neural networks to assess water 

condition [7]. The prediction of chemical amounts, WQI, and 

water classes are different tasks. High accuracy on one dataset 

does not guarantee that it will work everywhere [8][9]. 

DL models perform best when data are complete. 

This is useful when data vary with time and location. To study 

maps and satellite images, CNN models give the best results. 

LSTM and GRU are helpful to study how water condition 

changes as time change [10]. Combining CNN and LSTM 

gives better results for checking water condition. This model 

requires continuous sensor data and high computing power 

[11] [12][13]. When data are limited, incomplete, or have 

missing values and seasonal changes, simple methods can 

work similarly to complex methods [14]. Therefore, DL 

models require validation and careful testing with enough 

data and computing power before deployment [15]. 

We can combine ML and DL models with IoT, which 

can allow automated and continuous water condition 

surveillance [16]. The IoT-based systems have a 

microcontroller such as Arduino and an ESP32 connected 

with sensors for measuring different parameters. They 

utilized of various wireless communication protocols, to 

transfer physicochemical information to remote cloud and 

edge servers [16][17]. Hence, the robustness of the live 

monitoring system is dependent on the integrity of the sensor 

and communication protocol [1][18][19]. 
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There are several limitations present. Water quality 

parameters (WQP) change over time and location, so the 

performance of the model also changes. In public datasets, 

data is collected from a particular place at a particular time, 

so results may vary for another place. Public datasets may not 

be able to show regional conditions. Further issue is many 

studies use different WQI formulations, WQP, and 

performance evaluation metrics, so comparing direct results 

is difficult. 

In many studies, only physicochemical parameters 

are used to test the model. Limited studies have been 

conducted for chemical and biological parameters. This 

review paper summarize recent ML models applied for water 

condition analysis and also compare the datasets, input 

factors, and result evaluation used in existing studies to 

identify limitations. 

Research Objective 

RO1: To study and compare ML and DL methods used for 

water condition prediction. 

RO2: To check the datasets, physicochemical parameters, 

data cleaning steps, and testing methods used in other studies. 

RO3: To check IoT-based live tracking systems and 

determine if they provide live prediction, grouping, or rule-

based checking. 

Conventional water quality assessment 

Continuously tracking the water condition is essential for 

human health. Changes in water can make it unsafe for 

consumption. Traditionally water condition is checked by 

manual sample collection from time to time and testing them 

in a lab. Lab tests give correct results but are time consuming 

and costly. It is not possible to check water condition all the 

time using traditional lab test methods [19][20]. Due to this 

ML is best to check water condition. 

Water Quality Index (WQI) 

Water quality is a highly dynamic and complex as it 

varies with space and time. Large datasets were analysed, 

which are complex to interpret. It is a mathematical 

techniques or composite index that aggregates multiple WQP 

into a single digit ranging between 0 to 100 [21]. 

Fig1 Types of Water Quality Index (WQI) 
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Fig 2 Water Quality Parameters 

Literature Review 

Zhu et al. [22] systematically reviewed 45 ML 

algorithms in diverse aquatic environments and concluded 

that ML effectively address complex nonlinear relationships.  

Yan et al. [23] reviewed more than 170 papers for 

organising existing studies into predicting individual water-

quality indicators and WQI. These studies show that data-

driven approaches are important for water-quality research. 

Hassan et al. [24] applied ML models on datasets 

collected from multiple sites in India. They considered 

general parameters (pH, electrical conductivity), organic 

pollution indicators (DO, BOD), nutrient (nitrate), and 

microbiological indicator (total coliforms) for the study. The 

results demonstrated that MLR achieved high performance. 

Prasad et al. [25] investigated water-condition 

projection for Korattur Lake in Chennai, India using 

supervised ML algorithm. RF achieved approximately 95% 

accuracy, and it is also cost-effective. This study is relevant 

to Indian water-condition studies because they use commonly 

used physicochemical parameters for automated WQC. 

Nasir et al. [26] developed a seven-WQC model and 

reported that stacking-based techniques were effective and 

CatBoost produced the best predictive performance in their 

study.  

Nguyen Khoi et al. [27] compared 12 ML models 

and also estimate the WQI for River water, including boosting 

algorithms, tree-based and ANN-based approaches.  

Shams et al. [28] used Exhaustive grid search with 

ensemble (RF, XGBoost, Gradient Boosting, AdaBoost), 

single (DT), instance-based (KNN), kernel-based (SVR), and 

ANN-based (MLP) for WQI and WQC. The 99.5% accuracy 

was obtained by the optimized GBM model for WQC. 

C.Cheng et al. [29] developed a water condition tracking

model with stacked-based ML. By use of drone-based

multispectral imagery with high spatial resolution, they

proposed a robust stacked Random Forest model (ST-RF)

model for checking eutrophication indicators. They

introduced a novel WQI formulated using Pearson correlation

and grey relational analysis. The ST-RF model obtained an

accuracy of 71%.

Pandya et al. [30]. proposed an advanced ensemble 

model by combining the strengths of different ML models 

predicting water potability. They developed a dashboard with 

forecasting and visualizing live input. 

Chen et al. [31] reviewed ANN approaches and 

showed their wide application in water-condition prediction. 

They also investigated that LSTM is best because it can learn 

temporal dependencies when water condition data is 

sequential.  

Water Quality Parameters 

Physical 
Parametres

Chemical 
Parametres

Biological 
Parameters

•Temperature:-affects DO & aquatic life

•Turbidity:-water clarity

•TSS:-solid particles

•Color:-aesthetic Indictor

•Odor:-organic decomposition

•Electrical Conductivity:-ion concentration

•pH:-acidic/basic nature

•Dissolved Oxygen:-essential for aquatic life

•BOD:-oxygen needed by micobes

•COD:-oxygen for chemical oxidation

•Nitrates:-nutrient fertilizers runoff

•Phosphates:-eutrophication cause

•Hardness:-Ca,Mg content

•Total coliform:-bacterial contamination

•Fecal Coliform:-feacl pollution indicator

•E coil:-pathogenic indictor

•Algae:-eutrofication toxins

•Bacteria:-diesea causing organism
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Li et al. [32] investigated LSTM-based water-

condition forecasting for River water. 

Zhang et al. [33] combined CEEMDAN with LSTM 

to forecast water condition in an urban reservoir. These 

studies suggest that time-dependent ML models may be 

useful when continuous historical water-quality data are 

available. 

Q.Zhu et al. [34] proposed combination of 

CEEMDAN and CNN-LSTM enhanced by an attention 

mechanism for water condition projection. The authors 

collected data on physical parameter (turbidity) and chemical 

indicators (DO, pH, CODMn) in water condition checking 

and achieved high accuracy, strong generalisation, and 

robustness. 

Tan et al. [35] integrated the CNN with LSTM 

model in which CNN learn relevant patterns and LSTM 

access temporal relationships. Their results showed 

improvements over conventional LSTM models in several 

error measures.   

Haq et al. [10] proposed hybrid deep learning design 

by combining CNN with LSTM and GRU separately for 

water condition forecasting in smart aquaculture, wherein the 

combination of CNN with LSTM gives higher prediction 

accuracy and computational performance.  

Yan et al. [36] proposed smart system with deep 

reinforcement learning and GCN to capture 

interdependencies among WQP for water condition 

prediction, for better water management and pollution 

control. The studies findings that hybrid DL architectures 

fcan be useful when data are large and continuous time-series. 

Hu et al. [37] explored 27 studies that applied ML to 

forecast chemical contaminants in consumption water. Their 

review showed that RF was frequently used, particularly for 

groundwater contamination classification. 

 Özsezer and Mermer [38] used seven ML 

algorithms to estimate drinking water condition using a 

benchmark data containing physicochemical indicator. 

XGBoost and RF performed particularly well in their studies. 

Such results give support for developing ML models for 

drinking-water condition. 

Essamlali et al. [39] reviewed the ML with IoT for 

water condition tracking and described the use of wireless 

technologies. The sensors are applied to collect data for 

indicators and ML models can use this data to identify 

problems or predict future water condition. 

 Dharmarathne et al. [40] reviewed ML with IoT-

based water-condition evalution and highlighted the 

effectiveness of automated systems. New automated methods 

are useful for automated drinking water plants.  

Ajakwe et al. [41] proposed the CIS-WQMS which 

combines AI and edge intelligence with IoT hardware to 

provide fast water-condition tracking and prediction based on 

threshold requirements.  

Rahu et al. [42] proposed aninfrastructure with IoT 

water condition analysis. Data were collected from the Rohri 

Canal which is located in Pakistan. The MLP and random 

forest models achieved 93% and 91% accuracy for the WQI 

and WQC prediction, respectively. They also concluded that 

ML models perform better with smaller datasets. 

Bataineh et al. [43] proposed a hybrid ML model for 

WQI prediction. The author constructs a model by combining 

an SHAP-initialized neural network and the XGBoost 

boosting model to determine whether water is drinkable or 

not. 

Makumbura et al. [44] integrated ML models with 

SHAP-based explainable AI (XAI) to recognize the 

contribution of different WQP to model predictions. Their 

work illustrates how XAI can provide additional information 

about which parameters influence water condition 

predictions. 

Campos et al. [45] investigated AutoML for WQI 

prediction using a smaller number of parameters and 

demonstrated that WQI prediction can be automated. 
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No Authors Water Source ML/DL Model(s) Key Findings Limitations 

Reported 

1 Hassan et al. 

[24] 

Surface water RF, ANN, SVM, MLR and 

other ML models 

MLR models showed strong 

capability for WQI 

prediction/classification;while 

nitrate,pH, conductivity, 

DO,total coliform,BOD were 

important variables 

The performance 

depends on the 

dataset 

characteristics and 

parameter 

availability. 

2 Prasad et al. 

[25] 

Surface water SVM,MDT,LR,RF,naive 

Bayesian 

RF models yielded with 95% 

accuracy 

Well trained 

datasets; only 

individual ML and 

DL;No hybrid 

architectures  

3 Nasir et al. 

[26] 

River/surface water tree-based (DT, 

RF),boosting-based 

(XGBoost, CatBoost), 

statistical (LR, SVM), and 

neural network-based (MLP) 

models 

Compared with seven classifiers; 

CATBoost achieved the highest 

accuracy 

Performance may 

vary with 

geographical and 

dataset 

characteristics of 

the study. 

4 Khoi et al. 

[27]  

River/surface water boosting-based ensemble 

models (AdaBoost, GB, 

HGB, LGBM, XGBoost), 

tree-based models (DT, ET, 

RF), and neural network-

based models (MLP, RBF, 

DFFNN, CNN). 

XGBoost gives 98% accuracy The site-specific 

nature of the 

dataset limits 

direct 

generalization. 

5 Cheng et al. 

[29] 

River/surface water stacked ensemble models  ST-RF improved accuracy, The site-specific 

nature of the 

dataset limits 

direct 

generalization. 
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6 J. K. Pandya 

et al. [30]  

surface water ensemble combine wih tree-

based model (DT), ensemble 

model (RF), boosting-based 

models (GBM, XGBoost), 

and neural network-based 

model (NN) interactive 

dashboard for water 

potability prediction 

Model gives 96.7% accuracy 

 

Performance 

depends on dataset 

characteristics and 

parameter 

availability 

7 Chen et al. 

[31]  

Surface/river water 

and other aquatic 

systems 

ANN/DNN ANN models can capture 

nonlinear relationships and are 

widely applicable to water 

condition prediction. 

ANN performance 

is significantly 

influenced by data 

integrity and 

model design 

8 Li et al. [32] Surface/river water 

;Haihe River Basin, 

China 

LSTM LSTM is best for temporal water-

quality checking. 

It requires 

sufficient 

temporal data and 

careful model 

tuning. 

9 Zhang et al. 

[33] 

Surface/river 

water  

CEEMDAN-LSTM  Coupling signal decomposition 

with LSTM improved the 

prediction of dynamic water 

condition. 

A hybrid 

architecture is 

more complex and 

computationally 

demanding. 

10 Zhu et al. 

[34] 

Surface  water CEEMDAN-CNN-LSTM The model achieves high 

accuracy with robustness against 

data noise 

exploring other 

advanced DL 

techniques 

11 Tan et al. 

[35] 

Water environment CNN-LSTM CNN-LSTM captures local 

patterns and temporal 

dependencies and improves 

predictions over conventional 

approaches. 

It requires 

substantial time-

series data and 

model training. 

12 Haq et al. 

[10] 

Aquaculture water CNN with LSTM and GRU 

separately 

Hybrid DL provided effective 

prediction for smart aquaculture 

applications. 

The model 

complexity and 

dataset size can 

affect deployment. 
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13 Yan M et al. 

[36]  

River/surface water GCAE-RL Network DRL +Triple-Channel 

Adjacency-Atten tion 

GCN;Time-series Images 

conversion; 

Deep Clustering Autoencoder + 

Auto-Regression 

 

unstable for the 

actual water 

14 Özsezer & 

Mermer 

[38]  

2,400 water bodies 

(physicochemical 

dataset) 

RF, XGBoost, plus 5 others RF and XGBoost performed best 

for drinking-water condition 

classification 

Dataset-specific 

performance; 

limited to 

physicochemical 

data 

15 Essamlali et 

al. [39] 

General water 

condition tracking 

ML + IoT integration IoT sensors + ML support live 

abnormality detection 

Sensor fouling, 

missing data, 

calibration errors, 

cybersecurity 

16 Ajakwe et 

al. [41] 

General (CIS-

WQMS 

framework) 

AI + edge computing Edge-based ML reduced 

response time, improved 

availability 

Practical 

deployment 

challenges 

(network 

reliability, fouling, 

calibration) 

17 Rahu et al. 

[42] 

Rohri Canal, 

Pakistan 

MLP, RF MLP achieved 93% accuracy for 

WQI , RF good with 91% for 

WQC 

Small datasets 

improve 

performance; 

scalability issues 

18 Bataineh et 

al. [43] 

Secondary datasets feature-informed neural 

network initialization 

+(XGBoost) 

Model an accuracy of 86.9% No framework to 

multiclass WQI 

classification and 

time-series 

forecasting ;No 

dynamic datasets 
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19 Makumbura 

et al. [44] 

Surface/freshwater 

system 

RF, LightGBM, XGBoost + 

SHAP 

XGBoost achieved strong 

prediction performance; SHAP 

helped identify influential water-

quality parameters. 

High-performing 

models still 

require 

interpretability 

and validation 

across locations. 

20 Campos et 

al. [45] 

River/surface water 

 

 

AutoML, CatBoost, RF, 

XGBoost 

AutoML predicted WQI using a 

reduced parameter set; ensemble 

tree models performed strongly. 

Reduced-

parameter models 

require validation 

across other 

regions and 

datasets. 

 

Table1:  summary of reviewed literature 

METHODOLOGY APPROACH 

We searched for papers on Google Scholar, IEEE 

Xplore, ScienceDirect, and MDPI. We used the keywords 

"water quality prediction", "machine learning", "water quality 

index", and "IoT water monitoring" to search for papers. We 

considered papers from 2020 to 2026. This approach helps 

identify research gaps and future directions 

CONCLUSION 

From the review, we can conclude that ML can 

support water-quality prediction and WQI classification. It 

can also be used to detect contaminants and for real-time 

monitoring. There are several gaps. In many studies, water 

quality can be checked using water from rivers, lakes, 

groundwater, and reservoirs. There is no any research for 

predicting water quality for packaged drinking water. Many 

studies predict WQI or water quality, but fewer studies 

integrate ML predictions with regulatory compliance. Many 

models reported high accuracy without sufficient evaluation 

of the model and real-time deployment. Finally, most studies 

investigate individual water-quality prediction, IoT 

monitoring, or classification separately. But very few studies 

integrate them into a unified framework. In the future, we can 

focus on developing an ML model with real time prediction 

for water quality checking and BIS compliance assessment in 

packaged drinking water, with performance evaluation and 

real-time implementation 
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