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1. INTRODUCTION 

With the growth of industries worldwide, one 

of the basic elements of environmental 

management is effective treatment of industrial 

waste. Possibly, the release of untreated 
wastewater is dangerous to human health, the 

ecosystem and water supply resources. 

Industrial effluents are made up of hazardous 

materials like organic substances, heavy 

metals, and toxic chemicals. These pollutants, 

produced by the industries, may damage the 
environment by polluting the water, 

biodiversity loss, and leading to long-term 
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ABSTRACT 

Industrial wastewater treatment is an important challenge for the 

environment. It requires a sustainable and efficient approach to 

decrease the pollutants in wastewater to meet the regulatory 
standards. Traditional methods for the wastewater treatment are 

common but face with a lot of challenges such as high-costs, limited 

efficiency and poor adaptability in handling the complex 

wastewater. This review paper demonstrates how machine learning 

(ML) is utilized to address the complex wastewater of industries by 

enabling predictive maintenance and by using optimized processes. 

Machine learning (ML) techniques are covered, including 

supervised learning for pollutant prediction, unsupervised learning 

for anomaly detection, and reinforcement learning for dynamic 

process control. These techniques not only improve the treatment 

precision by reducing chemicals and energy use by roughly 30% and 
25% but also support real-time decision-making. Various case 

studies in chemical, textile and pharmaceutical industries have 

shown that ML is beneficial for the facilities and the environmental 

regulations. The presence of problems such as inadequate data, 

model transparency concerns, and high computing needs reduced its 

application on a large scale for wastewater treatment. We evaluate 

emerging solutions, including hybrid ML-mechanistic models, IoT-

enhanced sensor networks, and explainable AI (XAI) for regulatory 

transparency. The paper also outlines future directions, such as 

autonomous treatment systems and ML’s potential to achieve 

Sustainable Development Goal #6 (Clean Water and Sanitation). 

Cooperation between researchers, businesses, and legislators is 

essential to achieving this promise. 
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environmental degradation (Chowdhary et al., 

2020). Industrial effluents should be treated to 

encourage sustainability of industrial practice, 

and this should conform to the rules that are 

being established for the global economy. 

Traditional approaches to wastewater 

treatment, which include physical, chemical 

and biological treatment methods, have been in 

use for many years. Nonetheless, these 
technologies are limited in numerous ways 

such as high operating costs, inability to 

control in real-time and the inability to process 

complex effluents (Wang et al., 2024). The 

characteristics of industrial wastewater streams 

which change according to production cycles 

and seasonality cannot be addressed using 

traditional treatment methods because of the 

diverse and dynamic nature of industrial 

wastewater. These issues demonstrate the 

necessity to find another and more innovative 
method to enhance the efficiency and 

sustainability of treatment procedures. 

Recently, machine learning (ML) has become 

a disruptive process to the constraints of 
conventional wastewater treatments. Machine 

learning (ML) algorithms facilitate real-time 

decision making, predictive performance and 

optimization of treatment processes by 

analyzing large volumes of data and their 

intricate patterns (Fatima, 2024).  Machine 

learning (ML) models have been applied to 

forecast level of pollutants, the most suitable 

chemical doses in various conditions, and the 

potential malfunctions of the system. The 

applications have contributed to enhancing the 

performance of treatment at reduced operating 
costs (Aparna and Swarnalatha, 2024). ML is 

even more useful when it is integrated with 

contemporary technologies, such as big data 

analytics (BDA) and Internet of Things (IoT) 

technologies, to manage industrial wastewater. 

This review aims to provide an overall review 

of the advanced technologies in treatment of 

industrial wastewater. The general aims are to: 

(1) explain the main principles, definitions, and 

scope of these technologies and their use in 

wastewater treatment; (2) consider the ways to 

maximize the treatment processes; (3) analyze 

the problems and limitations which may be 
faced in the course of the implementation; and 

(4) provide recommendations for possible 

directions of the future research. In addition to 

adding to the existing body of knowledge on 

the application of machine learning in 

environmental engineering, the purpose of this 

review is to encourage and inspire additional 

creative thinking in the research community by 

connecting case studies and contemporary 

advances in the field. 

However, despite their promising performance, 

machine learning models face significant 

challenges in real-world industrial wastewater 

applications, including data scarcity, limited 

generalizability across treatment plants, 
interpretability concerns, and integration with 

existing process control systems. 

2. OVERVIEW OF INDUSTRIAL 

WASTEWATER TREATMENT 

Industrial wastewater is treated for the removal 

of pollutants in a combined process to remove 

pollutants. Treatment is typically a 

combination of physical, chemical, and 

biological treatment to remove specific types 

of contaminants. The typical physical methods 

for particulate and solid suspended particle 

removal consist of flotation, filtration, and 
sedimentation (Wang et al, 2024). For 

dissolved organic and inorganic pollutants, 

these include chemical processes that involve 

oxidation, flocculation, coagulation, etc., and 

advanced oxidation processes (AOPs) (Ricardo 

et al., 2021). Microorganisms are also 

employed to degrade organic substances, 

namely the nutrients phosphorus and nitrogen, 

in biofilm reactors, activated sludge systems, 

and anaerobic digestion (Sabliy et al., 2019). 
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Industrial wastewater is often characterized by 

the simultaneous presence of a multitude 

pollutants such as organic compounds 

(phenols/ perfumes and pesticides), heavy 

metals (lead, cadmium and mercury) as well as 
the newer pollutants are microplastics and 

Pharmaceuticals (Razzak et al, 2022; Kumar et 

al., 2025). These contaminants are extremely 

harmful to life in the aquatic system as well as 

human health. Heavy metals, for instance, are 

bio-persistent and pass through the food chain 

where they could bio-accumulate and bio-

magnify (Ray and Vashishth 2024). Lake 

blooms and oxygen depletion in waterbodies 

are due to eutrophication from high levels of 

phosphorus and nitrogen. There are many 

organic pollutants -polycyclic aromatic 
hydrocarbons (PAHs)- are induced cancer and 

mutagenesis (Zhao et al., 2025). Although 

progress has been made, existing wastewater 

treatment technology has numerous drawbacks 

and inefficiencies. The composition of 

wastewater may differ greatly according to the 

industry and production process, and even 

operating conditions, which poses an 

intractable problem (Wu et al., 2015). 

These fluctuations can lead to less successful 

conventional remediation techniques which 

were designed for particular contaminant 
profiles and can have difficulty adjusting to 

changing inputs. Moreover, traditional 

techniques generally involve high energy and 

chemical utilization, which result in secondary 

pollution and high operating costs (Kopac, 

2021). For instance, chemical coagulation will 

produce a sludge in need of additional 

treatment, while biological methods can be 

slow and vulnerable to shock damage. 

 
Figure 1. Stages and technologies are noted for a schematic diagram of an industrial wastewater 

treatment process. The picture illustrates the main procedures of industrial wastewater treatment- 

influent (raw industrial wastewater entry), primary (bar screens, grit chamber), secondary 
(clarifier, solid waste removal), and tertiary treatment (UV disinfection, sand filtration, wastewater 

recycling). The end product is clean water that can be safely discharged or reused. Key stages and 

technologies are highlighted in this schematic diagram of an industrial wastewater treatment 

process. The picture shows the basic process of treating industrial wastewater, starting with the 
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influent stage (raw wastewater entry) and progressing through the primary (bar strainer, grit 

screening), secondary (clarifier, solid extraction), and advanced treatment stages (UV disinfection, 

filtration, recycling). Clean water that can be safely released or utilized again is the final result. 

Other essential features, such as the original (and groundbreaking) purification works and 

reservoirs, emphasize the physical, chemical, and biological aspects. 

Another shortcoming of previous systems is 

that they did not have real time monitoring and 

control. The lack of a direct inline, real-time 

response without the need of repeating 
laboratory testing and sampling, direct inline 

monitoring such as operated in the traditional 

treatment may be slow in responding to 

changes in quality of the influent or system 

upset (Du et al., 2014). This inability to 

continuously monitor the sample is likely to 

reduce the effectiveness of remediation and 

result in breaches of environmental rules in 

place to protect water quality. Additionally, the 

increasing complexity of industrial wastewater, 

and particularly the emergence of unregulated 
pollutants, has highlighted the shortcomings of 

current treatment technologies to remove all 

pollutants (Shah et al., 2020). 

While emerging treatment technologies such as 
membrane bioreactors, advanced oxidation 

processes, and anaerobic digestion offer 

enhanced removal efficiencies, their large-

scale deployment is often constrained by high 

capital and operational costs, energy demands, 

and sensitivity to fluctuating influent 

composition. In industrial settings, variability 

in organic loads, toxic compounds, and 

hydraulic conditions can significantly reduce 

process stability, thereby limiting the 

scalability and adaptability of these 

technologies when compared to more robust 
conventional systems. 

Management of industrial wastewater is still a 

big challenge, and the methods often don’t 

work well. Due to this, there is increasingly an 

interest in experimenting with newer 

approaches. Automated systems, smart 

sensors, and machine learning are also 

beginning to be applied in treatment plants. 

Such techniques provide information to the 

operators and can even provide a warning 

about problems before they escalate. These 

approaches will be able to assist treatment 
facilities to operate more effectively, generate 

less waste, and leave a reduced environmental 

impact. 

3. FUNDAMENTS OF MACHINE 

LEARNING IN WASTEWATER 

TREATMENT 

Machine learning (ML), a subset of artificial 

intelligence (AI), is currently being 

implemented in such fields as wastewater 

treatment and environmental engineering. ML 

is able to learn on its own, unlike conventional 
computer programs that require strict 

instructions. It stores patterns and associations. 

That is why it is applicable to predicting 

outcomes, enhancing performance, and 

assisting individuals in making decisions. In 

the case of wastewater treatment, it might 

reduce costs, enhance their efficiency, and 

address some of the challenges that the 

conventional methods have experienced 

(Sakkaravarthy et al., 2024). 

Machine learning enhances data analysis and 

decision-making in industrial wastewater 

treatment by integrating heterogeneous data 

sources, including online sensor 

measurements, laboratory analyses, and 

historical operational records. By learning 
nonlinear relationships among process 

variables, ML models enable predictive 

monitoring, early fault detection, optimization 

of treatment parameters, and adaptive process 

control, thereby improving operational 

efficiency and regulatory compliance under 
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dynamic industrial conditions. 

The wastewater treatment challenge is the 

enormous volume of information that is 

generated daily. Plants employ sensors, 

surveillance devices, and laboratory analyses 
that generate big and complex data. It can only 

be partially explained using standard statistical 

tools. That’s where ML is different. It has the 

ability to filter through the data, identify the 

underlying trends, and translate them into 

workable knowledge. It allows creating 

predictive models, optimizing systems, and 

even being able to monitor things in real-time 

(Zhang et al., 2020; Abualigah, 2025). In 

industrial wastewater, especially where 

conditions vary and older approaches often fall 

short, ML can make a real difference. 

Industrial wastewater treatment challenges can 

be formally expressed as machine learning 

tasks: 

 Regression tasks, such as predicting COD, 

BOD, nutrient concentrations, or energy 

consumption 

 Classification tasks, including 

compliance/non-compliance detection and 

fault classification 

 Anomaly detection tasks, where 

unsupervised models identify deviations 

from normal operational states 

 Sequential decision-making tasks, addressed 

through reinforcement learning for aeration, 

dosing, and control 

Table 1. Comparison of Machine Learning Techniques in Wastewater Treatment 

ML Technique Applications Advantages Limitations References 

Supervised 

Learning 

Predicting 

pollutant 

levels, 
COD/BOD 

High-

accuracy, 

interpretable 
models 

Requires labeled 

data, sensitive to 
outliers 

(Makumbura et al., 

2024; Duan et al., 

2025; Irwan et al., 
2025) 

Unsupervised 

Learning 

Clustering, 

anomaly 
detection 

No need for 
labeled data, 

identifies 
patterns 

Less 
interpretable, 

requires 
preprocessing 

(Pinto et al., 2024) 

Reinforcement 

Learning 

Process 

optimization, 
autonomous 

systems 

Adapts to 

dynamic 
conditions, 

self-learning 

High 

computational 
cost, complex 

implementation 

(Myakala et al.; Qi et 
al., 2019; Espinosa-

Leal et al., 2020; 
Kalusivalingam et al., 

2022; Pintos Gómez 
de las Heras et al., 

2023) 

Deep Learning 

Image 

analysis, time-
series 

forecasting 

Handles 

complex data, 

with high 
predictive 

accuracy 

Requires large 

datasets, 
computationally 

expensive 

(Brownlee, 2018; 

Torres et al., 2018; 
Ismail Fawaz et al., 

2019) 

ML model performance in wastewater 

treatment is commonly evaluated using metrics 

such as RMSE, MAE, R², and MAPE for 

regression tasks, while precision, recall, F1-
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score, and ROC-AUC are used for 

classification. Reinforcement learning 

performance is typically assessed using 

cumulative reward, energy savings, and 

constraint satisfaction. Standardized evaluation 
metrics are essential for fair comparison across 

studies and industrial deployment. 

3.1 Types of Machine Learning Techniques 

The techniques of machine learning are 
generally divided into three main types: 

supervised learning, unsupervised learning, 

and reinforcement learning. All of these work 

in different ways and are suited to different 

kinds of problems. In wastewater treatment, the 

choice of method usually depends on what kind 

of data is available and what the treatment 

system is trying to achieve. 

Supervised learning is most commonly applied 

to predicting pollutant concentrations and 

treatment efficiency due to the availability of 
labeled historical data. Unsupervised learning 

is particularly useful for anomaly detection, 

process clustering, and identification of 

unknown operational patterns without prior 

labeling. Reinforcement learning offers unique 

advantages for real-time process control and 

energy optimization by learning optimal 

control policies through interaction with the 

treatment system. 

3.1.1 Supervised Learning 

Supervised learning is a machine learning 

model trained in data that already has the 
answers. In other words, the inputs are given 

along with the expected output, and the model 

learns the connection between these. This kind 

of approach is quite easy in wastewater 

treatment. For example, it can be used to 

predict how much energy a process might need, 

how efficient the treatment will be or what the 

level of a certain pollutant could look like 

(Aparna and Swarnalatha, 2024). Common 

techniques include methods such as support 

vector machines (SVMs), decision trees, 
random forests, and linear regression. SVMs 

have been used to estimate wastewater quality 

indicators such as biochemical oxygen demand 

(BOD) and chemical oxygen demand (COD) 

(Qambar and Al Khalidy, 2022). 

3.1.2 Unsupervised Learning 

Unsupervised learning is applied in cases in 

which the inputs do not form labelled outputs. 

Its objective is to make a specific decision of a 

specific answer but also to identify patterns that 

are not evident in the data. This can be helpful 

in activities such as identifying trends within 

massive datasets, identifying atypical values, 

or grouping similar wastewater samples with 

each other (Navato and Mueller, 2021). Among 

the popular methods, there are principal 

component analysis (PCA), hierarchical 

clustering, and k-means clustering. For 
example, PCA has been used in wastewater 

(and other) studies to dimensionally reduce the 

data, which can then be more easily analysed 

and visualised (Marín Celestino et al., 2018). 

3.1.3 Reinforcement Learning 

Reinforcement learning (RL) is simply trial 

and error learning. An agent tries different 

actions, gets rewarded when it does the right 

thing, and penalised when it doesn’t. Over 

time, it figures out which decisions work best. 

In wastewater treatment, RL is starting to be 
used to improve how processes are managed 

and how resources are allocated. A good 

example is in activated sludge plants, where 

RL has been applied to control aeration. By 

adjusting aeration in this way, operators have 

been able to cut down on energy use while still 

keeping treatment performance at a high level 

(Gu et al., 2023). In wastewater treatment, RL 

formulations typically define the state as 

process variables (e.g., DO, ammonia, flow 

rate), actions as control decisions (e.g., aeration 

rate, chemical dosage), and reward functions 
based on treatment efficiency, energy 

consumption, and regulatory compliance. 

3.2 Key Machine Learning Algorithms 
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Numerous machine learning methods, each 

with distinct benefits based on the application, 

have been effectively used in wastewater 

treatment. Among the most popular algorithms 

are: 

3.2.1 Neural Networks: 

Complex, non-proportional interactions in 

wastewater data are easily handled by neural 

networks, particularly deep learning 

algorithms. Time-series forecasting of water 

quality metrics and image analysis of sludge 

settling have both made use of convolutional 

neural networks (CNNs) and recurrent neural 

networks (RNNs) (Alvi et al., 2023). 

Decision trees are simple, interpretable models 

that use feature values to separate data into 

branches. An ensemble of decision trees called 
a random forest improves prediction accuracy 

and decreases overfitting. In wastewater 

treatment facilities, these algorithms have been 

used to optimise chemical dosage and forecast 

effluent quality (Fatima, 2024). SVMs perform 

exceptionally well on tasks involving 

regression and classification, particularly in 

high-dimensional domains. They have been 

used to forecast the effectiveness of treatment 

and to categorize wastewater samples 

according to contaminant levels (Ekinci et al., 
2023). GBMs, like LightGBM and XGBoost, 

are sophisticated ensemble methods. That 

constructs models one after the other in order 

to fix mistakes from earlier interactions. They 

have been used in identifying faults in the 

treatment system and precise forecasting of the 

water quality indicators. 

The possibility to enhance the effectiveness of 

operations, to reduce costs, and to ensure 

environmental needs are significant. These are 

then succeeded by the integration of machine 

learning technology within wastewater 
treatment systems. Nonetheless, data quality, 

model transparency, and computing resources 

should all be taken into consideration 

effectively to implement it. The following 

sections discuss these issues. 

Although deep learning models offer high 
predictive power, their effectiveness is 

constrained by data availability. In many 

industrial settings, limited labeled datasets 

favor tree-based models or hybrid ML–

mechanistic approaches, which often 

outperform deep networks under data-scarce 

conditions. 

While deep learning models offer high 

predictive accuracy, their increased complexity 

often reduces interpretability, which can limit 

trust and adoption in operational wastewater 

treatment settings. In contrast, decision trees 
and ensemble methods such as random forests 

provide a balance between predictive 

performance and interpretability, making them 

more suitable for regulatory compliance and 

operator-guided decision-making in industrial 

environments. 

4. APPLICATIONS FOR MACHINE 

LEARNING IN INDUSTRIAL 

WASTEWATER TREATMENT 

Numerous important problems such as 

resource management, defect detection, 
process optimization, predictive modelling, 

and real-time monitoring are being addressed 

using machine learning (ML) in the context of 

industrial wastewater treatment. The 

applications enhance wastewater treatment 

systems in terms of effectiveness, reliability, 

and sustainability, as the abilities of machine 

learning algorithms to analyze complex data, 

identify trends, and provide valuable 

information. 
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Figure 2. Flow of Activated Sludge Process in Wastewater Treatment. The activated sludge 

process, which is a crucial biological wastewater treatment technique, is shown in the image. It 

displays sewage inflow combined with bacteria/biomass and waste-activated sludge (WAS). This 

breaks down organic contaminants, while some of the sludge (Returned Activated Sludge, or RAS) 

is recycled to preserve microbial activity.  The effluent which has been cleared is segregated to be 
disposed of or further treatment. To achieve effective treatment, the focus of this procedure should 

be to find a balance between biomass retention and removing trash (Baskar et al., 2024).

4.1 Predictive Modeling: Forecasting 

Pollutant Levels and Treatment 

Efficiency 

The most prevalent use of machine learning in 

wastewater treatment is predictive modelling. 

ML models are efficient in forecasting the level 

of pollutants based on available historical and 

real-time information, such as chemical 

oxygen demand (COD), biochemical oxygen 

demand (BOD) and concentrations of heavy 

metals (Qambar and Al Khalidy, 2022). One 

such example is the prediction of COD removal 

efficiency in the anaerobic digestion processes 
through the application of artificial neural 

networks (ANNs). Those that have attained 

correlation coefficients of above 0.95 (Jeong et 

al., 2021). Equally, ensemble techniques have 

been used to predict effluent quality parameters 

to make proactive changes to treatment 

processes such as random forests and gradient 

boosting machines (GBMs) (Ekinci et al., 
2023). These predictive capacities are essential 

in reduction of chances of the removal of 

untreated effluents and for ensuring 

compliance with environmental standards. 

4.2 Process Optimization: Enhancing 

Treatment Processes 

The wastewater treatment processes that have 

been shown to be helpful and effective as 

process optimization tools encompass aeration, 

chemical dosing, and sludge control, to 

mention but a few. As an example, 
reinforcement learning (RL) algorithms have 

been used to optimise aeration rates in the 

activated sludge processes. They have been 

demonstrated to save up to 25% of the 

expenditure on energy and maintain the 

effectiveness of the treatment (Monday et al., 
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2024). Examples of machine learning (ML) 

models include support vectors machines 

(SVMs) and decision trees. These are applied 

in chemical dosing to identify the best 

coagulant dosages, lowering chemical usage 
and operating expenses (Achite et al., 2024). 

Furthermore, it has been demonstrated that the 

process optimization of ML-driven sludge 

dewatering increases solids capture rates and 

decreases sludge volume, which lowers 

disposal costs (Farghali and Osman, 2024). 

ML-based predictive models utilize historical 

datasets combined with real-time sensor data to 

forecast pollutant concentrations and treatment 

performance indicators. Time-series models 

capture temporal dependencies, while 

regression and ensemble learning techniques 
model nonlinear relationships between influent 

characteristics, operational parameters, and 

effluent quality, enabling proactive process 

adjustments. 

4.3 Fault detection and diagnosis: 

identifying system anomalies and failures 

Fault diagnosis and detection are necessary to 

ensure the reliability and effectiveness of 

wastewater treatment systems. Anomalies in 

sensor data and potential system failures have 

been studied using machine learning 

algorithms especially in unsupervised learning 

algorithms such as principal component 

analysis (PCA) and k-means clustering (Alvi et 

al., 2023; Murugaiah, 2024). As an example, 
deep learning models like autoencoders have 

been applied to detect outliers in standard 

operating parameters to identify membrane 

bioreactor (MBR) issues (Frontistis et al., 

2023). Early detection of defects makes it 

possible to take timely corrective measures that 

minimize downtime and expensive repair. 

4.4 Real-time monitoring: using IoT and ML 

for continuous water quality monitoring 

The combined effect of internet of things (IoT) 

and machine learning (ML) has emerged for 

the treatment of wastewater through real-time 

monitoring. Machine learning models process 

and demonstrate the constant stream of 

information and give real-time information 

about the performance of the system. IoT 
sensors record data regarding such parameters 

as pH, turbidity, and dissolved oxygen (Islam 

et al., 2023). CNNs have been utilized to 

analyze settle sludge pictures by allowing real-

time identification of the efficiency of the 

sedimentation. Similarly, time-series have also 

been subjected to recurrent neural networks 

(RNNs) to predict water quality patterns and 

enable fast adjustments in the treatment 

process (Wongburi and Park, 2023). Moreover, 

they can be monitored in realtime to confirm 

their adherence to regulations to improve 
operational efficiency. 

4.5 Resource management: Reducing energy 

and chemical consumption  

ML are the tools that play an important role in 

the treatment of wastewater in a sustainable 

way within the available resources. ML models 

help to optimize the usage of energy for 

treatment plants by employing a high amount 

of energy in aeration system (Qambar and Al 

Khalidy, 2022). Optimal operating conditions 

that enhance treatment performance and reduce 
energy have been identified with the help of 

genetic and ML algorithms. ML-based 

predictive models are also developed to assist 

in the management of chemicals and to 

optimize the utilization of coagulants and 

disinfectants. This practice also reduced the 

expenses involved in the utilization of different 

chemicals (Abass et al., 2025). The above 

discussion demonstrates how one can get 

significant environmental and financial 

benefits by utilizing the ML. 
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5. CASE STUDIES AND SUCCESS 

STORIES: MACHINE LEARNING IN 

ACTION 

Chemicals, pharmaceuticals, and textiles are 

just a few of the industries that have 
demonstrated success in using machine 

learning (ML) for the treatment of industrial 

wastewater. These case studies demonstrate 

how machine learning (ML) may improve the 

treatment process, change industry-related 

problems, and have a major positive impact on 

the economy and environment. 

5.1 Textile industry: optimizing dye removal 

and reducing chemical usage 

The textile industry is one of the famous 

industries for wastewater production. 

Traditional techniques for the treatment of 
textile wastewater are very difficult because of 

the presence of very high levels of organic 

pollutants and dyes. From the study of many 

case studies in plant of India, it was 

investigated that, an ml-based system was used 

to extract the azo dye from wastewater 

(Sharmila et al., 2024). This system used to 

estimate the optimal dose of the oxidant and 

coagulants based on the combination of 

supervised learning techniques, including the 

support vector machines (SVMs) and random 
forests. By the use of this method, results 

showed that usage of chemicals reduced by 

30% and dye removal efficiency increased by 

25 percent. This method not only increases the 

benefits for improving the regulations of 

environment but saves the cost used for that 

purpose. 

Another successful example of the application 

of deep learning models to the textile industry 

is in effluent quality monitoring in real-time. In 

one of the plants in Bangladesh, colour and 

turbidity parameters were monitored in real-
time using convolutional neural networks 

(CNNs) and Internet of Things (IoT) sensors 

(Mohsin et al., 2024). This method minimized 

the chances of non-compliance. The ecological 

effects of wastewater release were also 

minimized through the ability to make rapid 

changes to the treatment processes. 

5.2 Chemical industry: enhancing heavy 

metal removal and energy efficiency 

The treatment of wastewater containing 

hazardous organic compounds and heavy 

metals presents difficulties for the chemical 

sector. A German chemical plant used machine 

learning (ML) to optimise its 

electrocoagulation process for heavy metal 

removal (Sharmila et al., 2024). The facility 

maintained excellent removal efficiency for 

lead and cadmium and reduced energy usage 

by 20% through the use of reinforcement 

learning (RL) algorithms. The ML model 
continuously adapted to provide optimal 

performance under a range of influent 

circumstances of operating parameters like 

voltage and electrode spacing. 

In a separate case, an ML-based fault detection 

system was implemented by a US chemical 

manufacturing firm. This aimed at identifying 

anomalies in their wastewater treatment 

processes (Imen et al., 2023). The technique 

reduced downtime by 15% and extended the 

lifetime of membranes by 20%. Unsupervised 

learning techniques including principal 

component analysis (PCA) and k-means 

clustering were used to detect early indications 

of membrane fouling in reverse osmosis units. 

5.3 Pharmaceutical industry: addressing 

emerging contaminants and improving 

process control 

Wastewater from the pharmaceutical sector 

contains complex organic molecules, such as 

active pharmaceutical ingredients (APIs). 

These are challenging for traditional treatment 

techniques to break down. A Swiss 

pharmaceutical facility included machine 

learning (ML) models to improve API  
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Table 2. Case Studies of ML Applications in Industrial Wastewater Treatment  

Industry Application 

ML 

Technique 

Used 

Results/Improvements References 

Textile 
Dye removal 

optimization 

Random 

Forests, SVMs 

30% reduction in 

chemical usage 

(Zaharia et al., 

2021; 

Ganthavee et 
al., 2024; Liu 

et al., 2024) 

Chemical 
Heavy metal 

removal 

Reinforcement 

Learning 

20% energy savings, 

high removal efficiency 

(Lakshmi et 

al., 2021; 

Barkhordari et 

al., 2024) 

Pharmaceutical 
API 

degradation 

Gradient 

Boosting 

Machines 

40% improvement in 

API removal 

(Mizera et al.; 

Jiang et al., 

2023; Vora et 

al., 2023) 

Food 

Processing 

Biogas 

production 

optimization 

Ensemble 

Learning 

30% increase in biogas 

yield 

(Olatunji et al., 

2024; Sidi 

Habib et al., 

2024; Duan et 
al., 2025) 

degradation into its advanced oxidation process 

(AOP) (Thakur et al., 2023). A 40% increase in 

API removal efficiency was attained by the ML 
system that was based on gradient boosting 

machines (GBMs) and predicted the ideal 

oxidant and reaction time combination. 

A Japanese pharmaceutical company used 
machine learning (ML) to operate its biological 

treatment system in real time (Wasalathanthri 

et al., 2020). The company optimised aeration 

rates and nutrient dosing to analyse time-series 

data from bioreactors by using recurrent neural 

networks (RNNs). This resulted in a 15% 

increase in treatment capacity and a 25% 

reduction in energy usage. 

5.4 Cross-industry success: resource 

recovery and circular economy 

Machine learning has helped wastewater 

treatment transition to a circular economy and 

recover resources. An ML-based system was 

used in the Netherlands in which extraction of 

phosphorus from sludge was done at a 

municipal wastewater treatment facility 
(Sheikh et al., 2023). The system achieved 

85% recovery efficiency by optimising 

precipitation conditions. This also predicted 

phosphorus recovery rates using supervised 

learning techniques. This produced a lucrative 

by-product for agricultural use in addition to 

lessening the environmental impact of 

phosphorus release. In a similar vein, ML was 

utilised by a Brazilian food processing facility 

to maximise the production of biogas through 

anaerobic digestion (Cruz et al., 2022). By 

predicting ideal feedstock compositions and 
digestion times, the machine learning model—

which was based on ensemble learning 

techniques—was able to reduce greenhouse 

gas emissions and increase biogas generation 

by 30%. 
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Table 3. Challenges and Solutions for ML Implementation in Wastewater Treatment 

Challenge Description Potential Solutions References 

Data Quality and 

Availability 

Inconsistent 

monitoring, missing 

data, noise 

Advanced sensors, data 

preprocessing, 

collaborative data 

sharing 

(Liu et al., 2021; 

Bertrand et al., 2022; 

Bernardi et al., 2023; 

Zhao et al., 2024) 

Model 

Interpretability 

Black-box nature of 

advanced ML 

models 

Explainable AI (XAI) 

techniques (e.g., SHAP, 

LIME) 

(Zhong et al., 2022; 

Hassija et al., 2024) 

Computational 

Costs 

High resource 

requirements for 

training and 

deployment 

Lightweight algorithms, 

edge computing, cloud-

based platforms 

(Andriulo et al., 2024; 

Cao et al., 2024; 

Jouini et al., 2024) 

Integration with 

Infrastructure 

Traditional systems 

not designed for 
ML 

Retrofitting with IoT, 

modular ML systems, 
workforce training 

(Elahi et al., 2023; 

Rehman et al., 2024; 

Khan et al., 2025; 
Mendonca et al., 2025) 

Regulatory and 

Ethical Issues 

Compliance with 

standards, 

algorithmic bias, 

data privacy 

Robust regulatory 

frameworks, transparent 

decision-making, ethical 

guidelines 

(Hanna et al., 2024; 

Tilala et al., 2024; 

Radanliev, 2025) 

6. CHALLENGES AND CONSTRAINTS 

OF MACHINE LEARNING IN 

INDUSTRIAL WASTEWATER 

TREATMENT 

The possibilities of machine learning (ML) in 

revolutionizing wastewater treatment in 

industries are immense, yet there are 
challenges associated with its implementation. 

These constraints that cross the technological, 

operational, and infrastructure boundaries 

should be mitigated to ensure that industries 

realize the full benefits of machine learning. 

6.1 Data quality and availability issues 

 The success of any data-driven model depends 

on both the quality and amount of data to be 

used in training and validation. Industrial 

wastewater treatment may pose a challenge in 

data collection because of sensor breakdowns, 

missing data, and inconsistencies in monitoring 
(Ba-Alawi et al., 2022). Poorly-quality data, 

including that containing noise, outliers, and 

biased information, may cause inaccurate 

output and unreliable performance (Karkouch 

et al. 2016).  

Different industries have no specific format of 

data and exchange protocols, which become 

more difficult for the development of practical 

and standardized analytical systems 

(Lwakatare et al., 2020). These problems need 

a huge investment in better data processing 

techniques, high-quality sensor technologies 

and collaborative structures to share the data. 

Poor-quality data, including sensor noise, 

missing values, inconsistent sampling 

frequencies, and lack of standardization across 
facilities, can significantly degrade the 

accuracy and reliability of ML models. These 

issues may lead to biased predictions, reduced 

generalizability, and unstable model 

performance, highlighting the need for robust 

data preprocessing, validation, and quality 
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assurance protocols. 

6.2 Model interpretability and transparency 

The complicated and dense nature of many 

computational models, like deep neural 

networks and ensemble models, poses a 
significant barrier for their use in the treatment 

of wastewater (Imen et al., 2023). These 

decision-making models give great accuracy of 

prediction, but sometimes these models 

become very difficult to understand because of 

their complex structure. Complex 

computational systems made it very difficult 

for workers to use in industries especially 

where legal and safety compliance are major 

considerations (Emeihe et al., 2024). 

Therefore, researchers are working on these 

complex models to address this problem by 
creating strategies like Local Interpretable 

Model-Agnostic Explanations (LIME) and 

Shapley Additive Explanations (SHAP) which 

are very useful to improve the understanding 

level of model outputs. For example, SHAP 

analysis has been used to quantify the influence 

of influent COD, temperature, and hydraulic 

retention time on effluent quality predictions, 

enabling operators to trust ML-based 

recommendations. 

6.3 High computational costs and resource 

requirements 

The creation and use of powerful 

computational models may require the use of 

high-performance technology, including 

graphics processing units (GPUs), and 

extensive computing power (Murugaiah, 

2024). Nonetheless, the requirements may be 

prohibitively expensive to small and medium-

sized businesses (SMEs) that have minimal 

funds or technology infrastructure (Matsoso et 

al., 2021). Additionally, large and complex 

datasets may consume a lot of time and delay 
real-time solutions (Lwakatare et al., 2020). 

One way of overcoming these problems is by 

researchers exploring distributed systems, 

cloud platforms, and lightweight methods of 

computing to improve accessibility, efficiency 

and to reduce the processing requirements. 

6.4 Incorporation with existing 

infrastructure 

There are various practical and technical 
challenges to integrating modern data-driven 

technology into the current wastewater 

treatment infrastructure. The facilities remain 

mostly equipped with outdated technology that 

was not designed to support the processing of 

complex data and real-time monitoring (Chow 

et al., 2018). Therefore, it may be difficult to 

add Internet of Things (IoT) sensors, data 

collection tools, and automated control systems 

to these systems (Bhadauria, 2024). The lack of 

skilled specialists to use and manage such 

innovative technologies poses an extra barrier 
for their adoption in a successful way (Sun and 

Jung, 2024). To overcome these problems, 

researchers, business leaders, and legislators 

should collaborate to come up with practical 

applications with solutions that should be easy 

to implement for the treatment of wastewater. 

6.5 Regulatory and ethical concern 

Ethical and regulatory concerns connected to 

the use of machine learning to treat wastewater 

are also very serious. When making decisions 

by using these methods, industries must 
comply with the prescribed rules and 

regulations that govern the environment (Singh 

et al., 2024a; Singh et al., 2024b). Ethical 

concerns can be a problem when false or 

prejudiced data can result in unreliable results, 

particularly where the well-being of people and 

the environment is at stake (Albahri et al., 

2023). This is why it is necessary to establish 

effective ethical standards and robust legal 

systems to promote the safe and transparent use 

of machine learning in wastewater 

management. 

 

 



53 | Machine Learning for Smarter Industrial Wastewater Treatment 

NATURE’S SYMPHONY 
Volume 3 Issue 2, Fall 2025 

6.6 Transferability across treatment plants 

A key limitation of current ML applications is 

limited generalizability across facilities due to 

plant-specific influent characteristics and 

operational strategies. Emerging approaches 
such as transfer learning, federated learning, 

and domain adaptation offer promising 

solutions by allowing models trained in one 

context to be adapted to new plants with 

minimal retraining. 

7. FUTURE DIRECTIONS AND 

OPPORTUNITIES 

The use of machine learning in wastewater 

treatment is also associated with several ethical 

and regulatory issues. In the case when such 

systems are used to facilitate the decision-

making process during the important treatment 
processes, it is relevant that industries can 

adhere to all the appropriate environmental 

laws and standards of operations (Singh et al., 

2024a; Singh et al., 2024b). Ethical issues arise 

when inaccurate or discriminatory data results, 

inaccurate predictions, particularly when 

human health or the environment may be 

impacted (Albahri et al., 2023). To mitigate 

these dangers, the responsible use of machine 

learning in wastewater treatment should be 

guided by clear ethical principles and robust 

regulatory action. 

7.1 Emerging trends: deep learning and 

hybrid models 

A subbranch of machine learning known as 

deep learning can process big data with non-

linear relationships. It has become a topic of 

great interest within the wastewater treatment 

industry. The methods that are most frequently 

used include Convolutional Neural Networks 

(CNNs) and Recurrent Neural Networks 

(RNNs) to perform different tasks, including 

image analysis of sludge-settling and 
prediction of water quality parameters across 

time (Borzooei et al., 2024). Moreover, cross-

hybrid models that combine methods based on 

data with ideas of physical or mechanistic 

models are gaining relevance to enhance model 

interpretability and prediction quality (Wang et 

al., 2022). These types of hybrid models can be 

utilized to optimise reactor design and overall 
increase the performance of treatment; it 

involves combining Computational Fluid 

Dynamics (CFD) with machine learning 

(Alotaibi et al., 2024). 

7.2 Potential for AI-driven autonomous 

systems 

This is the future of wastewater management 

through the development of AI-powered self-

learning devices, which are able to draw 

conclusions and make improvements in real 

time. This is motivated by reinforcement 

learning (RL) and deep reinforcement learning 
(DRL). They allow the systems to trial and 

judge the most appropriate control schemes 

(Al-Saadi et al., 2023). As an example, 

autonomous systems that are DRL-optimized 

can save a huge sum of money and energy by 

streamlining the chemical dosing and aeration 

phases (Nam et al., 2020). When combined 

with new technologies in computing and IoT, 

these solutions will become much more 

versatile and adaptable in numerous industrial 

environments. 

7.3 Role of ML in attaining sustainable 

development goals (SDGs) 

Machine learning is directly relevant to the 

realization of the United Nations Sustainable 

Development Goals (SDGs), in particular, 

Goal 6 (Clean Water and Sanitation) and Goal 

9 (Industry, Innovation, and Infrastructure). 

Such data-based solutions can contribute to the 

reduction of the environmental impact of 

industrial operations and the process 

optimization of resources utilization and 

quality control of water (Kumar et al., 2025). 
Machine learning models have been used to 

safeguard biodiversity too by anticipating and 

mitigating the effect of wastewater discharge 

over aquatic habitats (Yang and Xiong, 2024). 
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Moreover, the techniques aid the recovery of 

valuable resources from wastewater, such as 

energy and nutrients, and, by extension, the 

transition to a sustainable and circular 

industrial economy (Soo et al., 2024). 

Machine learning contributes to achieving 

Sustainable Development Goals by enhancing 

water quality monitoring and treatment 

efficiency (SDG 6), reducing energy 

consumption through process optimization 

(SDG 7), and enabling resource recovery and 

waste minimization strategies that support 

circular economy principles (SDG 12). 

7.4 Collaboration between researchers, 

industries, and policymakers 

Machine learning could be highly instrumental 

in wastewater treatment, and close cooperation 
between researchers, industries, and 

policymakers is required. Academic efforts 

should focus on developing models which are 

scalable, interpretable, and energy-efficient to 

address real-world treatment issues (Ahmad et 

al., 2022). Industrial stakeholders will be able 

to obtain the full potential of these technologies 

by investing in trustworthy data systems, staff 

development, and modern sensor devices. 

Policymakers, in their turn, have a significant 

part to play in the establishment of the legal and 
institutional framework, which will facilitate 

data sharing and provide incentives for 

adopting technology-based solutions (Chy and 

Buadi, 2024). Also, there are the public- 

private alliances and industrial partnerships 

that are a good medium of sharing knowledge 

and enhancing rapid innovation in wastewater 

control. 

7.5 Ethical and social considerations 

The growing use of machine learning in the 

process of wastewater treatment is associated 

with a number of ethical and social concerns. 
To develop trust in the community and promote 

greater utilization, the privacy of data needs to 

be secured, bias in analysis models should be 

avoided, and fair access to technological 

solutions should be ensured (Oladosu et al., 

2024). The sustainability of such technologies 

will also rely on the long-term decision-making 

processes that are transparent, inclusive, and 

guided by sound ethics.  

8. FUTURE DIRECTIONS 

The integration of machine learning in 

industrial wastewater treatment is a significant 

change in the process of managing and 

enhancing the treatment systems by industries. 

This review has demonstrated that machine 

learning can be useful in resource optimization, 

fault detection, real-time process monitoring, 

predictive control, and overall system 

improvement in a number of important aspects. 

These approaches can ensure that wastewater 
treatment processes become more effective, 

cost-efficient, and sustainable when used 

adequately, as they will ensure a higher level of 

compliance with environmental regulations 

and enhanced resource recovery. 

Applications in various industries, such as 

textiles, chemicals, and medicines exhibit 

quantitative changes in the treatment 

effectiveness, energy efficiency, and chemical 

efficiency. Although these benefits exist, 

several challenges still hinder large-scale 
adoption. The quality of data, the transparency 

of the model, the requirements of the 

computation and the compatibility with 

existing infrastructure will be of concern. Their 

solution will require further investment in 

technology and training and a more concerted 

effort, between the researchers, engineers, and 

industry specialists. 

Beyond improving operational efficiency, 

machine learning may also lead to new 

opportunities. It encourages the creation of 

intelligent systems that are capable of 
autonomous decision-making and ongoing 

process optimization, supporting the broader 

objectives of sustainability and the circular 
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economy. Its strategic importance in the 

development of sustainable industries is 

highlighted by their relevance to global 

initiatives such as the Sustainable 

Development Goals of the UN, particularly 
SDG 6 (Clean Water and Sanitation) and SDG 

9 (Industry, Innovation, and Infrastructure). 

Future advancements will be predicated on 

cooperation among scientists, decision-

makers, and business executives. The 

development of transparent, energy-efficient, 

and real-world adaptable models should be the 

aim of researchers. In order to guarantee 

implementation, industries should 

simultaneously invest in modern sensors, data 

systems, and capacity building initiatives. By 

creating mechanisms that encourage creativity 
and responsible data sharing, policymakers 

may accelerate this progress. 

8. CONCLUSION  

The present review paper provides an in-depth 

and recent discussion on the role of machine 

learning in increasing the aspect of industrial 

wastewater treatment. It introduces details of 

recent developments, real world applications, 

and the difficulties of implementing these 

methods to enhance efficiency of treatment, 

reduce environmental effects, and facilitate 
sustainable growth. There is a good chance that 

the increasing application of machine learning 

will revolutionize the industrial wastewater 

treatment sector. Practice-based innovation, 

multidisciplinary research, and long-term 

collaboration will be necessary to realize this 

potential. 
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