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Abstract

Industrial wastewater treatment is a crucial but challenging task. The perpetual chemical and bio-
chemical reactions impart a great deal of complexity to the composition of industrial wastewaters.
While conventional modeling approaches can handle linear processes, complex systems exhibiting
non-stationary behavior can prove challenging. Machine learning techniques based on variants of
Artificial Neural Networks, Bayesian approaches and Genetic Algorithms have proven promising
for outlier detection, model generation and prediction in the field of wastewater treatment. In this
context, intelligent techniques enable both feature extraction and application of suitable algorithms
to datasets to obtain precise results. Inference mechanisms that support decision-making combined
with visualization render machine learning algorithms as the most dependable techniques for
analyzing various factors affecting wastewater treatment systems. Machine learning approaches are
useful for data processing, real-time modeling and actionable inference for compliance with
government norms for wastewater treatment. Moreover, machine learning algorithms have also been

applied in wastewater treatment to optimize efficiency parameters.

This paper reviews the application of machine learning algorithms for data processing, modeling,
parameter optimization, prediction, and decision-making for efficient management of wastewater
treatment processes. The challenges and limitations of these approaches are also discussed.
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1. Introduction (ANN) [4, 10, 14, 17, 19, 22, 24, 29], Support
Vector Machines (SVM)[6], Decision Trees
[20], Genetic Algorithms (GAs) [15] and
Fuzzy Learning based methods [15-18] have

Industrial wastewaters are teeming with a
plethora of pollutants. Wastewater treatment

process (WWTP) is a challenging task due to
. . proven effective in the generation of models
the complex dynamics of the perennial
. . . that are applicable to a diverse range of
reactions taking place in the natural
. . . o applications in the field of water-quality
environment. This makes real-time prediction
. o . monitoring, wastewater treatment as well as
analysis more difficult than ever. Intelligent
] . . . plant design for the same. For example,
Machine Learning techniques such as Bayesian
. o Bayesian inference methods have been applied
Learning [7, 21], Artificial Neural Networks
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to generate multi-objective water-quality
models which can determine the sources of
contamination in water, detect presence of
pathogenic  micro-organisms and suggest
optimal placement of sensors for quality
monitoring [1]. Likewise, ANNSs can be trained
to predict the concentrations of continuous
valued attributes like suspended solids (SS)
concentrations and biochemical oxygen
demand (BOD) in wastewater plant effluent
[15, 22]. ANNs can also be used to model
nitrogen and phosphorous removal from
wetlands constructed for wastewater treatment
[2, 19] Further, ANNSs are found to be suitable
for modeling and prediction of chemical
precipitation of heavy metals in mining
industry wastewaters [26]. The use of ANNs in
adsorption modeling helps to address the
shortcomings in traditional adsorption models
and thereby enable better predictions in
various systems [2, 4]. Section Il of the paper
summarizes diverse intelligent methods for
wastewater treatment found in
literature.Section 11 of the paper discusses the
major challenges faced by machine learning
based methods when applied to the task of
wastewater treatment. Finally, Section IV of
the paper provides observations and
concluding remarks regarding application of
machine learning technology and tools to the

challenging task of wastewater treatment.

2. Intelligent Techniques in Wastewater
Treatment
mathematical

Conventional modeling

approaches are capable of demonstrating the

water quality parameters which tend to change
with time. This approach can very well handle
linear processes but are subject to various
limitations while handling  unstationary
behavioural patterns arising due to biological
growth or algal growth in industrial
wastewaters.

It is observed from Table 1 that ML based
inductive learning approaches are helpful in
monitoring the waste water treatment
processes, minimize problems and also come
up with efficient solutions to the problems
being encountered in waste water treatment
and management.

ML based algorithms can extract relevant
features and can be used to train models which
are capable of achieving better results in terms
of accuracy and sensitivity [10]. Al based
techniques can moreover pre-process and
sample raw datasets, perform data smoothing
and noise removal, identify outliers and train
models and thus have emerged as versatile
tools in managing day to day operations in
WWTPs and rendering effluent of a better
quality. As per the literature surveyed, it is
evident that different Al based approaches
offer a varied set of advantages. ANN serves to
provide prediction and control models for
parameters as BOD, COD and other organic
pollutants and can thus be utilized in most
wastewater applications [10, 28]. While GAs
are known for their high versatility, they can
also be used for the qualitative analysis of
wastewater [15, 28]. PSO algorithms are
highly flexible and can be used in optimization

of wastewater treatment systems [31].
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Table 1: Intelligent approaches in wastewater treatment

Sr No. | Intelligent Modeling Approach Parameters predicted References
1. BLS (Broad learning system) with BODs [8]
MOPIO-OBLS :optimized MOPIO-OBLS
and unoptimized OBLS
2. Bayesian Networks for the analysis of COD, Total Nitrogen and Total [21]
MSBR Phosphorous
3. Multi-layer perceptron BOD, COD, TSS [3]
4. Feedforward Neural Network, adaptive BOD [26]
neuro-fuzzy inference system and SVM
5. Adaptive neuro-fuzzy inference system Prediction of removal of [23]
and SVM Kjeldahl Nitrogen
6 ANN and SVM Prediction of TSS and COD [13]
7. ANN and SVM Prediction of TDS and COD [11]
8. ANN COD and trace metals [24]
9 Recurrent Neural Network, Deep Neural NO, [5]
Network
10. Time Stacked Broad Learning System mechanism faults considered [9]
are sludge bulking, toxicity
shock and inhabitation
11. Multi-objective particle swarm dissolved oxygen and nitrate [15]
optimization algorithm, Fuzzy neural
network controller
12. ANN & Response Surface Methodology | COD, TSS, TDS, TS [27]

3. Major challenges for Intelligent
Techniques

The complex dynamics of industrial
wastewaters are best understood by Al tools
and formulated into specific mathematical
models. However, abrupt changes in process
parameters may lead to incorrect results and
inconclusive outputs, which in turn may
pose a deterrent in decision making,
minimize the accuracy of the model trained
with selected data using Al tools and
thereby affect the prediction accuracies
required for operational performance. Far
more reliable outputs can be achieved by
appropriate selection of historical, real-time

or raw data and adequate training of the

models ordained for WWT tasks. Lack of
robust security mechanisms may lead to
which warrant

crucial situations

comprehensive  management  meticulous
handling and operation of WWTPs.

The remarkable solutions offered by Al
tools could be marred by cyber attacks,
malware [28]. So in a nutshell, protection
from cyber attacks, optimizing operational
costs and energy consumptions and training
data to capture complex situations would
render Al tools more reliable and profitable.
Specifically, the challenges to intelligent
techniques comprise, ‘sampling of data for

training of the model’, ‘parameter tuning for

ML based models’, ‘relevant feature
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extraction’ and ‘interpretation and
visualization of results’, which are described
next.

3.1 Sampling of data for training the ML
model: The efficiency and generalization of any

ML based model

sampling of data. In wastewater plants the

depends upon efficient

consistency of the samples is usually not
uniform across the collection grid. Hence, it is
necessary to use optimal placement of sensors
for collecting training samples from different
acquisition points [7, 30]. Moreover, water
guality could keep changing due to complex
internal reactions and environmental effects. So,
reliance should not be built upon a model
trained using historical samples alone, but
should be time-variant and dynamically adjusted
using adaptive techniques [12, 22].

3.2 Parameter tuning for ML model:
Machine Learning models often require tuning
of configuration parameters [32, 33]. For
instance, efficiency of Neural Networks based
models for WWTP will also depend upon
selection of activation function and tuning of
hyper-parameters such as number of hidden
layers, learning rate and number of epochs [32,
33]. Popular ML tools like WEKA facilitate
iterative hyper-parameter tuning for model
training which in turn helps to achieve
acceptable accuracy and avoid over-fitting in the
derived models [36].

3.3 Feature Extraction: In order to train an
accurate model for WWTP, it is important to
prioritize and extract the most relevant features

from waste water. Deep learning methods have

proven effective in this regard [24].

3.4 Interpretation and Visualization of
Results: A trained ML model may be accurate
in its predictions, however it may still remain
difficult to interpret for humans. Some
techniques like Decision Trees accord easy
visual interpretation and can also be translated
into rule sets, however this is difficult for ANN
based models. Hence, domain experts may still
be required to interpret the learned results from
an ML model, thus limiting the scope for
automation.  Soft computing tools like
MATLAB [34], TensorFlow [35] and WEKA
[36] can assist in visualization of results to some
extent.

4. Conclusion

The literature reviewed reiterates the fact that
the use of intelligent techniques has emerged as
a boon in the field of wastewater treatment. ML
based intelligent techniques have proven
versatile and more efficient in modeling various
aspects of wastewater treatment compared to
conventional methods. The increased ability of
various modeling approaches to remove
hazardous contaminants and predict wastewater
quality is really commendable. It is expected
that future research will further strive to work
upon the existing limitations for more robust
intelligent approaches for wastewater treatment

and management.
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