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Abstract

Over the past few decades, due to human activities, industrialization and urbanization, air pollution and increased
waste generation have become a life-threatening factor in many countries around the world. The detection and
treatment of pollution, due to technological advances, represent some of the most important challenges facing the
world today. The rapid increase in the quantity and complexity of data generated daily in the field of environmental
science and engineering requires advances in data analysis. Advanced data analysis approaches, such as machine
learning, have become essential tools for uncovering hidden patterns or inferring correlations. A number of artificial
intelligence approaches study the nonlinear behavior between inputs and outputs in chemical and biological processes,
from predictive models to emerging optimization and control algorithms for pollutant removal processes and
intelligent control systems. In the present study, the characteristics, advantages and limitations of artificial intelligence
methods, including single and hybrid artificial intelligence methods, were investigated for environmental cleanup. In
summary, the aim of the present study is to investigate different artificial neural networks in the wastewater treatment
process to predict the efficiency of pollutant removal, evaluate the use of fuzzy logic for intelligent control of the
aerobic stage of the wastewater treatment process, soft sensors with the help of artificial intelligence for accurate
estimation of measurement parameters in wastewater treatment plants, and design of monitoring and early warning
systems for aquatic and atmospheric environments, artificial intelligence modeling of solid waste generation, recycling
and reduction of solid waste. The results of this study showed that modeling complex environmental problems using
artificial intelligence technologies has become common in the environmental field, especially in wastewater treatment.
Artificial intelligence technologies are widely used in dealing with problems related to wastewater, air pollution, and
solid waste, and have bright future horizons.
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Introduction

In the past decade, due to human activities, industrialization and urbanization, air and increased
production have become an important factor of life in much of the world. Pollutants can even indirectly
affect citizens, for example, by infiltrating agricultural food crops or even affecting livelihoods and well-
being in cities (Wang et al., 2019; Ercilla-Montserrat et al., 2018). Environmental pollution has become a
major concern for society, prompting strict requirements and regulations for wastewater treatment, air
pollutants, and solid waste, and the need for further improvement in this area (Kannangara et al., 2018).
Also, the amount of air pollutants has increased between 2018 and 2023, which is perhaps the main reason
for this increase in population, increasing industries, and of course, increasing human and industrial
activities (Kafi et al., 2024). Due to all these facts and risks, urgent solutions are necessary to implement
pollution reduction measures (Li & Yi, 2020). Detection and treatment due to technological advances
represent some of the most important challenges facing the world today. The rapid increase in the quantity
and complexity of data generated daily in the field of environmental science and engineering requires
advances in data analysis and analysis. Advanced data analysis and analysis, such as machine learning,
have become tools for creating hidden patterns or inferring correlations. Synthetic technology methods
study the nonlinear behavior of inputs and outputs in chemical and biological theories from emerging
optimization and control algorithms to pollutant removal processes and intelligent control systems..

Methodology

In this study, the characteristics, advantages and limitations of artificial intelligence methods, including
single and hybrid artificial intelligence methods, were investigated for environmental cleanup. In summary,
the aim of the present study is to investigate different artificial neural networks in the wastewater treatment
process to predict the efficiency of pollutant removal, evaluate the use of fuzzy logic for intelligent control
of the aerobic stage of the wastewater treatment process, soft sensors with the help of artificial intelligence
for accurate estimation of measurement parameters in wastewater treatment plants, and design of
monitoring and early warning systems for aquatic and atmospheric environments, artificial intelligence
modeling of solid waste generation, recycling and solid waste reduction

Results and Discusspn

Results of this study The results showed that modeling complex environmental problems using Al
technologies has become popular in the environmental field, especially in wastewater treatment. Al
technologies are widely used in dealing with problems related to wastewater, air pollution, as well as solid
waste, and have bright future horizons. Many approaches have also proven practical applications of Al in
water application, air quality monitoring, industrial waste management including solid, electronic, toxic
and hazardous waste control, etc. One of the notable developments in the past decades was the popularity
of Al technologies in the field of environmental pollution control, which are considered as attractive and
efficient alternative methods to deal with the complexities of uncertain, interactive and dynamic
environmental problems. Among all these technologies, various types of ANN are the most widely used Al
technologies, because they are much easier to implement. However, the performance of artificial neural
networks is limited due to their relatively poor repeatability. In air pollution control, AI models are
potential, effective and powerful tools for modeling and analyzing pollutant levels related to environmental
pollution (Shams et al., 2021). Therefore, it is recommended to develop various Al algorithms for predicting
ambient air pollution, as it is useful for government officials, decision makers and the general public in
terms of environmental, health and economic objectives. In industrial waste, Al methods show superior
performance under optimal conditions when applied to recycled construction waste materials. In the
renewable energy sector, Al is also an effective optimization tool of production chains to optimize and
improve decision-making, which reduces energy costs (Rentsch et al., 2015). In modern cities, solid waste
from construction activities has been associated with a huge volume of aggregate concrete. Salimbahrami
and Shakeri (2021) used ANN and Support Vector Machine (SVM) method to obtain the compressive
strength of recycled concrete
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Conclusions

The results of the study showed that modeling complex environmental problems using artificial
intelligence technologies has become common in the field of environment, especially in wastewater
treatment. Artificial intelligence technologies have been widely used in dealing with wastewater, air
pollution, and solid waste. Methods such as artificial intelligence technologies for wastewater treatment,
intelligent control of wastewater treatment, and soft sensor technologies for wastewater treatment play a
leading role in modeling, optimization, prediction, and control. Artificial intelligence technology is also
used to warn the aquatic environment and assess water quality in rivers, lakes, oceans, and groundwater,
estimate air pollutants, predict solid waste generation, and recycle and reduce solid waste. Therefore,
artificial intelligence has many applications in the control and management of environmental pollution.
Different types of applications of artificial intelligence in the water sector are also classified as predictive
models, water resources management and optimization, decision support, and management evaluation.
Challenges and implications for Al development, research, and policy are largely focused on ethical and
environmental dimensions, and often on providing principles rather than practical implementation. The
research highlights two important challenges—practical and conceptual—that need to be addressed to foster
sustainable Al
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Table 1- Comparison of studies conducted in the field of environmental pollution with artificial
intelligence

Authors Year Subject

Results

Jahani and Siri YY)

networks

Mahmoudzadeh Y. YY

Investigating the effect of urban
vegetation on reducing noise
pollution using artificial neural

Study of two neural network
etal models: multilayer perceptron
(MLP) and linear regression in

Based on the results of the model
sensitivity analysis, wall width, average
tree height, and average shrub crown
diameter with impact coefficients of 0/72,
0/44, and 0/15, respectively, have the
greatest impact on reducing sound
intensity in urban green sound walls.
The results show that the major pollutants
are mostly particulate matter (PMj), CO»,
.SO,, and NOx

assessing air pollution in Tabriz

metropolis
Vosoughetal  Y:YY¥

Evaluation and prediction of
volatile organic compound
pollution levels at gas stations
using two artificial neural network
models: multilayer perceptron and
radial basis function
Bhuvaneshwari  Y+YY Investigating the Gaussian Support

The results and analyses conducted in this
study showed that the major pollution
resulting from gasoline consumption

consists of two stages, one during
refueling and the other after gasoline
consumption.
The results of this research showed that

etal Vector Machine Algorithm Based  the average prediction error is 9/83, which

on Air Pollution Prediction

Lietal Y«Y)  Application of heuristic algorithms
(neural network (BP), extreme
learning machine (ELM), genetic
algorithm optimized neural
network (GA-BP)) in carbon
emissions from transportation

Liu et al ARRR

Investigation of an intelligent
hybrid model (EWT-MAEGA-
NARX which combines EWT,

MAEGA and NARX neural

is lower than existing solutions and the
accuracy is 95 Percentage.

The results show that the genetic
algorithm optimized with hybrid extreme
learning machine (GA-ELM) has the
highest degree of fit between the predicted
value and the actual value, which
represents the most carbon emission of the
heuristic algorithm in transportation.

Experimental results show that the EWT-
MAEGA-NARX model can achieve
satisfactory prediction in predicting air
pollutant concentrations.

networks) for predicting air

pollutant concentrations
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