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A B S T R A C T

Microplastics (MPs) pose a global concern due to their persistence and potential toxicity. Coagulation is the 
common treatment technology for removing particles including MPs in water and wastewater. This research aims 
to address this challenge by developing machine learning models, including Artificial Neural Network (ANN), 
Least Square Support Vector Machine (LSSVM), Particle Swarm Optimization-Adaptive Neuro-Fuzzy Inference 
System (PSO-ANFIS), and Radial Basis Function (RBF) to predict the removal efficiency of MPs by coagulation 
under different conditions. Various input parameters, such as MP and coagulant concentration, solution pH and 
temperature were considered in these models. Through statistical analyses, the RBF model exhibited the highest 
accuracy with an R2 value of 0.96 and R2 value for ANN, PSO-ANFIS and RBF was 0.91, 0.83 and 0.79, 
respectively. Sensitivity analysis revealed that water temperature had the most significant negative effect, while 
coagulant aid showed the most positive effect on the coagulation performance for MP removal. The modeling 
approach and its findings provide valuable insights for improving the efficiency of MP removal in dynamic water 
and wastewater treatment processes.

1. Introduction

Water scarcity and pollution are major global challenges, impacting 
public health, environmental sustainability, and economic development 
[1]. With population growth and expanding industrial activities, the 
demand for clean water is rising [2]. However, water bodies are 
increasingly contaminated by pollutants such as industrial chemicals 
and pharmaceuticals [3], agricultural runoff [4], and microplastics 
(MPs) [5]. Plastics are so widespread in daily life that human exposure 
to MPs is unavoidable. In recent years, studies have found MPs in tap 
water from different origins such as ground or surface water, and 
desalinated water [6]. This exposure has expressed worries regarding 
possible health hazards. As access to safe drinking water is a UN Sus
tainable Development Goal [7], it’s crucial to accurately assess the effect 
of presence of MPs on health. Additionally, research shows that MPs can 
enter the food chain, particularly through seafood, further contributing 
to human exposure [8].

Coagulation is a widely used primary treatment method for 
removing fine particles from both drinking water and wastewater 

[9,10]. It has proven effective in removing MPs through mechanisms 
like surface charge neutralization and bridging [11]. The jar test is 
commonly used to determine the optimal coagulant dosage for particle 
removal in drinking water treatment plants, simulating coagulation 
under controlled conditions. However, it faces significant challenges, 
including being time-consuming, labor-intensive, and reliant on opera
tor’s judgment, which can introduce errors. Additionally, it is imprac
tical for real-time adjustments as it cannot quickly respond to alterations 
in untreated water characteristics, such as fluctuations in pH, turbidity, 
or contaminants [12]. To overcome these challenges, advanced methods 
like nonlinear models and automatic control systems are needed to 
quickly adjust coagulant dosages based on real-time raw water quality, 
especially for microplastic removal, while reducing human error [13].

In recent years, ML has garnered much attention, with various al
gorithms being used to propose accurate models for coagulant dosage 
rates. Heddam conducted a comparative study applying three ML 
models to predict coagulant dosage rates at the Boudouaou water 
treatment plant [14]. Jayaweera et al. noted that modeling coagulant 
dosage rates for water with elevated turbidity necessitates a greater 
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number of input variables compared to models applied for low turbidity 
water. The results indicated that the ELM-RBF model exhibited moder
ate performance (R2 < 0.59) for high turbidity water, and high perfor
mance (R2 = 0.88) for low turbidity water [15]. Wadkar et al. employed 
CFFNN to model the coagulant dosage rate. The performance of the 
CFFNN was deemed favorable (R2 = 0.88) [16]. Raj et al. evaluated the 
elimination of 1-μm carboxylated PS microspheres using the iron- 
chitosan-based CFS technique. The experimental results were vali
dated by an ANN, yielding an RMSE of 1.0643 and an R2 of 0.9997 [17]. 
Liu et al. developed a deep learning (DL) model to estimate the turbidity 
of effluent from the sedimentation tank using 5761 data points and PAC 
floc images from a DWTP in East China (2022). The DL model was ac
curate than traditional ML models, achieving an R2 of 0.97, compared to 
R2 of 0.76 for the traditional model. Incorporating operational data from 
the sedimentation tank improved prediction accuracy by 79.6 % [18]. 
Hossain explored the use of hybrid BOA and ML techniques to predict 
microplastic removal during coagulation. The results showed that the 
hybrid BOA-BRT model outperformed others, with a high R2, demon
strating its robustness in forecasting MPs elimination efficiency. In 
comparison, the hybrid BOA-ANN model had higher MAE value than 
BOA-BRT [19].

Based on the literature review, coagulation is the dominating process 
for removing particles such as MPs in water and wastewater. However, 
the coagulant dosage in water treatment plants is not easily adjusted in 
response to changes in raw water quality. Coagulation as a dominating 
separation process for removing fine particles in water and wastewater 
treatment plants needs innovative modeling by ML methods which can 
capture non-linear complex relationships in a timely fashion. Recog
nizing the limitations posed by the availability of measured water pa
rameters, ML methods can effectively leverage raw water quality 
parameters measured at its inlet. While earlier studies primarily 
concentrated on the application of standalone ML models, it is note
worthy that, to the best of the author’s knowledge, none has explored 
the potential benefits derived from integrating metaheuristic algorithms 
with ML models. Due to complicated nature and knowledge of the 
modeling process of MP removal using coagulants and lack of a 
comprehensive modeling method for the prediction of this process, the 
aim of this study is to develop novel ML models for simulating and 
predicting the removal efficiency of MPs by different coagulants in 
water and wastewater treatment plants.

For the first time, accurate ML methods were used to predict the 
removal of MPs as the hazardous emerging contaminants using the 
various coagulants in different operational situations by varying the MP 
size, coagulant dose, pH, temperature of the solution and coagulant aid 
material concentration. ANN, PSO-ANFIS, LSSVM, and RBF by MATLAB 
software were developed to predict the removal of MPs by various co
agulants in water treatment plants. Various input parameters, such as 
MP and coagulant aid concentration, MP size, pH, temperature, and 
sedimentation time, were considered in these models. Various graphical 
and statistical methods were utilized to assess the models performance 
and accuracy.

2. Model theory

2.1. Least squares support vector machine (LSSVM)

The SVM functions are supervised learning techniques that evaluate 
sets of data for classification or regression research utilizing correlated 
learning methods. The solution computations in SVM can be optimized 
using the LSSVM technique, as proposed by Suykens and Vandewalle 
[20]. This modification enhances the performance of SVM by incorpo
rating least squares principles, making it particularly effective in certain 
scenarios where traditional SVM methods may face challenges [21,22].

A support vector machine (SVM) model is a robust technique for 
supervised learning, originally established through statistical learning 
theory, and is widely recognized for its effectiveness in data 

categorization, predictive modeling, and function estimation in high- 
dimensional feature spaces [23]. In regression contexts, SVMs are 
typically formulated to address convex quadratic programming prob
lems governed by inequality constraints, aiming to identify support 
vectors. Nonetheless, the computational burden introduced by con
strained optimization algorithms often results in substantial time and 
memory consumption when handling large-scale datasets. Furthermore, 
SVMs are susceptible to uncertainties arising from data and process 
noise [24], and they perform poorly in the presence of non-Gaussian 
noise and outlier contamination [25].To mitigate these limitations, 
Suykens et al. proposed a modified framework known as Least Squares 
Support Vector Machine (LSSVM) [20], which employs equality con
straints in place of inequality ones and adopts a sum-of-squares error 
cost function similar to that used in conventional neural network 
training [26]. A notable advantage of LSSVM in regression applications 
is its ability to utilize the entire dataset during model construction [27]. 
Fig. 1 shows the schematic diagram of CSA-LSSVM model.

2.1.1. Coupled simulated annealing (CSA)
Simulated Annealing (SA) is a probabilistic search algorithm 

designed to locate global optima in complex combinatorial optimization 
tasks. Initially introduced by Metropolis et al. [29] and later advanced 
by Kirkpatrick et al. [30], SA draws its conceptual basis from the 
metallurgical process of annealing, in which a material is heated to a 
molten state and then gradually cooled to refine its crystalline structure 
and minimize imperfections. This metaheuristic has proven highly 
effective for large-scale datasets, as it systematically explores the search 
space to approximate the global minimum of an objective function. 
Coupled Simulated Annealing (CSA), inspired by the concept of coupled 
local minimizers (CLM), involves multiple SA processes operating 
concurrently in a coordinated framework. While various global search 
algorithms have been utilized to solve high-dimensional optimization 
problems, a common limitation across them is the requirement for 
extensive evaluations of the objective function to ensure convergence to 
the global optimum. To mitigate this issue, hybrid strategies combining 
global and local search techniques are often employed to accelerate 
convergence, albeit with a reduced likelihood of attaining the true 
global minimum. To overcome these limitations, Xavier-de-Souza et al. 
[31] introduced a novel optimization framework based on the inter
connection of several SA instances. The fundamental idea behind this 
coupling mechanism is to enable collaborative exploration by sharing 
information between solvers, thereby improving robustness and 
increasing the probability of reaching the global solution.

2.2. Adaptive neuro-fuzzy inference system (ANFIS)

The ANFIS strategy was originally introduced by Jang [32] as a five- 
layered hybrid algorithm designed for the combining of both fuzzy 
systems and neural networks. The ANFIS topology can typically be 
trained using a hybrid learning algorithm that incorporates both fuzzy 
reasoning and back-propagation techniques. The fundamental expla
nation of the layers in the ANFIS architecture, involving two input pa
rameters and one output parameter, has been provided before [33,34].

2.3. Multilayer perceptron (MLP) networks

Intelligent systems have the capacity to gain experience, improve 
their performance, and adapt to changes in the environment [35]. 
Neural networks offer several advantages, including the ability to 
handle large volumes of data and the capacity to generalize results. 
ANNs are parallel distributed systems composed of various artificial 
neurons. Multi-Layer Perceptron (MLP) networks, a type of neural 
network, consist of three constituents: input, hidden, and output layers. 
MLP networks can have one or multiple hidden layers, with each layer 
containing several neurons. Determining the optimum of neurons 
number in the hidden layer can be accomplished through either trial and 
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error methods or an intelligent approach. The performance of developed 
systems is often evaluated using mean square error. In these systems, 
errors are backpropagated through the network, and weights and biases 
are optimized through iterations called epochs. It is crucial to determine 
an appropriate number of epochs to avoid undertraining or overtraining 
the system. Undertraining occurs when the system does not have suffi
cient time to complete the learning process, while overtraining results in 
the system memorizing data without actually learning, leading to poor 
performance in forecasting test datasets [36]. Striking a balance in the 
number of epochs is essential for optimal performance in predicting test 
datasets.

2.4. Radial basis function (RBF)

RBF represents a variant of feed-forward neural networks, devised on 
the premise of localized basis functions and iterative function approxi
mation networks [37,38]. The training of RBF networks exhibits a 
comparative ease when juxtaposed with MLP networks, attributable to 
the straightforward and fixed three-layer structural configuration. RBF 
displays exceptional adaptability to data not encountered during the 
training phase. The RBF neural network consists of an input, a hidden, 
and an output layer [39]. Each neuron within the hidden layer in
corporates a radial basis function serving as a non-linear activation 
function. The outputs of these functions are reciprocally correlated with 
the distance from the neuron’s center. Noteworthy model parameters 
encompass the neurons’ centers, the distance scale, and the 

configuration of the radial function. Leveraging linear optimization 
techniques, RBF attains a globally optimal solution for the adjustable 
weights, minimizing the Mean Square Error [39].

3. Experimental data for the coagulation removal of MPs

To investigate the coagulation removal of MPs, various input pa
rameters derived experimentally were considered in the models. These 
parameters include MP size, coagulant type and dose (mg/L), water pH, 
water temperature (◦C), and type and concentration (mg/L) of coagulant 
aid material. It is important to note that, given the complexity of co
agulants and coagulant aids as shown in Fig. 2, a numerical value is 
assigned to distinguish them as a specific input. The output of the models 
is the MP removal efficiency (%). In total, 405 datasets were selected 
from literature work. Of the total datasets, 75 % were randomly selected 
for training the models, and 25 % used for testing model performance. 
Data were selected randomly using MATLAB. Like similar previous 
studies [40–42], train-test split method was used since it is quick and has 
lower computational time. No preprocessing was made on the data. 
Table 1 provides details of the data used in this study, and Table 2
provides a summary statistics of input data. The accuracy of the 
employed models for estimating actual values are assessed using metrics 
such as the correlation coefficient (R2), mean relative error (MRE) and 
mean absolute error (MAE). These metrics are formulated in Eqs. (1)– 
(3): 

Fig. 1. A layout of a CSA-LSSVM algorithm [28]. Reproduced from ref [28].
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4. Results and discussion

4.1. ML model development

Various ML methodologies, including ANN, PSO-ANFIS, LSSVM and 
RBF in MATLAB were applied for the computation of MP removal in 

Fig. 2. Experimental workflow for coagulation and MP removal [43]. Reproduced from ref. [43] with permission from Elsevior, License Number: 6045670478746 
© Elsevier.

Table 1 
Details of actual data employed in this research.

MP size 
(μm)

MP type Coagulant Coagulant dose 
(mg/L)

Coagulant aid Coagulant aid 
dose (mg/L)

pH T 
(◦C)

Removal 
efficiency (%)

Dataset Ref.

0–500 Polyethylene 
terephthalate

PAC 20–50 Anionic PAM, 
ASA, SA

0–100 3–9 25 33.14–100 44 [43]

1–6.3 Polystyrene FeCl3 5.62–199 None – 6.5–7.3 25 14.50–100 22 [44]
1 Polystyrene C-577 26.71–46.19 None – 7.3 25 27.98–63.91 7 [44]
0–5000 Polyethylene FeCl3⋅6H2O 27.03–1351.45 None – 7 25 0.32–13.23 24 [45]
0–5000 Polyethylene AlCl3⋅6H2O 24.14–3621.45 Anionic PAM, 

Cationic PAM
0–15 6–8 25 0.19–64.29 136 [45]

0–5000 Polyethylene FeCl3⋅6H2O 27.03–1351.45 Anionic PAM, 
Cationic PAM

0–15 7 25 0.38–91.24 128 [46]

10–100 Polyethylene AlCl3⋅6H2O 10–50 PC sand 0–500 7 20 8.11–100 32 [47]
1 commercial fluorescent 

polystyrene 
microspheres

AlCl3⋅6H2O 250 SDS, Tween 0–10 7 30 76.42–99.18 12 [48]

Table 2 
Summary statistics of experimental data.

Min Max Mean Standard 
deviation

MPs LB size 0 2000 638.3627 727.8529
MPs UB size 1 5000 1557.6714 1725.0906
Coagulant code 1 5 1.8247 0.9473
Coagulant dose (mg/ 

L)
5.6231 3621.4500 391.0174 570.4163

pH 3 9 6.9780 0.5689
Temp (◦C) 20 30 24.7531 1.6315
Coagulant aid code 0 7 1.0988 1.4793
Coagulant aid dose 

(mg/L)
0 500 16.5556 63.6522
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coagulant systems. Training data were used to train the models. In 
particular, an ANFIS model coupled with PSO was employed for the 
precise prediction of MP removal in the coagulant system like previous 
studies [40,49]. PSO served the purpose of training the model and 
determining optimal parameter values within the ANFIS framework. 
The determination of optimal values for Particle Swarm Optimization 
(PSO) parameters was accomplished through a trial-and-error approach. 
Table 3 presents a comprehensive overview of the PSO-ANFIS parame
ters. Trial and error method was used to find the optimum parameters of 
PSO algorithm.

Utilizing the coupled simulated annealing Algorithm (CSA) [31,50] 
for optimization purposes, the optimal values for the LSSVM algorithm, 
including γ and σ2, were derived employing the RBF kernel function. 
Specifically, these values were identified as 42.3863 and 73.4652, 
respectively. In the context of MLP networks, it was determined that a 
single hidden layer is sufficient. Since with one hidden layer, we have a 
simpler model and adequate accuracy and according to previous studies 
[51–53], the model was developed with one hidden layer. Consequently, 
our MLP structure was designed with a single hidden layer to reduce 
computational time.

The default loss function utilized for the ANN model developed is the 
mean squared error (MSE). A logsig activation function was used as the 
hidden layer activation function. The optimizer used is the Levenberg- 
Marquardt algorithm (trainlm), which is MATLAB’s standard training 
function for feedforward neural networks.

The algorithm’s validity was assessed by incrementally increasing 
the number of neurons from 1 to 50 within the determined hidden layer. 
Notably, the highest efficiency was observed when the MLP comprised 
45 neurons in the hidden layer.

The RBF model necessitates the determination of two tuning vari
ables, specifically spread and the maximum number of neurons (MNN), 
integral to the structure of the RBF model. Optimizing these variables is 
imperative for enhancing the accuracy of the model. The trial and error 
algorithm was employed to ascertain the optimal values for these tuning 
variables. The optimum values for Spread and MNN were identified as 
62 and 120, respectively.

4.2. Comparison of different ML models

In this study, we employed four ML models of PSO-ANFIS, RBF, ANN, 
and LSSVM for predicting MP removal using the coagulant systems. 
Fig. 3 shows the accuracy of the developed models based on R2 value. 
The strengths of the models developed by PSO-ANFIS, RBF, ANN, and 
LSSVM in predicting MP removal using the coagulant systems were 
assessed using various statistical indices (Table 4). The findings indicate 
that RBF model presented the highest accuracy. RBF exhibited higher 
prediction strengths in terms of R2 for the total dataset. Regarding MAE 
and MRE, the RBF model demonstrated fewer errors compared to the 
other models.

The application of the developed ML algorithms in estimating MP 
removal using the coagulant system is provided in Table 5. RBF pre
dicted MP removal using different coagulants, with the highest perfor
mance with the lowest MRE. The minor disparities in the forecast 
capabilities of present models applied in alternative uses might be 

ascribed to the characteristics of the data, like the variety of clotting 
agents, quantity and kind of inputs, and the form of computational 
procedures. Distinct computational procedures might produce diverse 
outcomes in various applications. The prediction accuracy of each model 
significantly lower when FeCl3-H2O is used as a coagulant compared to 
other coagulants. The reason for that can be unseen experimental pro
cedures and situation and maybe the interaction between experimental 
parameters like pH and temperature compared to other data and FeCl3- 
H2O performance due to its hydrolysis, charge neutralization, or floc 
formation kinetics.

4.3. Effects of input parameters on MP removal efficiency

To comprehend the behavior of MP removal during coagulation, 
varying dosages of FeCl3⋅6H₂O and AlCl3⋅6H2O were employed. 
Notably, AlCl3⋅6H2O exhibited superior performance in MP removal 
compared to FeCl3⋅6H₂O. As depicted in Fig. 4a, the removal efficiency 
initially exhibited an upward trend, followed by stabilization. 
Conversely, even with a substantial dosage of FeCl3⋅6H₂O, a low removal 
efficiency for PE was noted [45]. Fig. 4b illustrates the comparison of 
removal efficiency for small MP particles under different dosages of 
FeCl3⋅6H₂O at pH 7.0. The results indicated that smaller PE particle sizes 
correlated with higher removal efficiency [45]. Polyacrylamide (PAM) 
is frequently employed to augment coagulation in water treatment due 
to its outstanding performance [54]. In comparison to cationic PAM, 
however, the growth rate of removal efficiency was significantly higher 
in the presence of anionic PAM, as depicted in Fig. 4c [45].

For lower dosage of coagulant (0.5 mM) of AlCl3⋅6H2O, the removal 
of MP was hardly changing, even for the tiny particle size. However, the 
elimination efficiency of PE diminished with raising solution pH with a 
high coagulant dosage (5 mM AlCl3⋅6H2O), particularly for the tiny sized 
particles [45]. The investigation extended to assess MP removal effi
ciencies at pH 3–9 [43]. As shown in Fig. 4d, pH has a slight impact on 
the removal performance. In the Poly-Aluminum Chloride (PAC) system, 
pH 3 has resulted in a slight reduction of removal efficiency. As is 
known, the hydrolysis reaction involves the amalgamation of Al3+ with 
OH− , the OH− concentration serves as the pivotal factor determining pH 
levels. Consequently, the reduction induced by low pH might be linked 
to the restraining impact of acidic environments on the hydrolysis of 
PAC. This, in turn, exerts a detrimental influence on the hydrolysis by- 
products, leading to a corresponding limitation in double layer 
compression. Conversely, elevated pH levels can positively influence the 
efficacy of removal processes [55]. Garvasis et al. [56] discovered that 
the efficiency of aluminum sulfate nanoparticles remained unaffected 
when the solution pH varied between 3 and 9. Likewise, Zahrim et al. 
[57] observed minimal impact of pH on color removal using ferric 
chloride-APAM, even with pH fluctuations from 6 to 10. These findings 
suggest that enhanced coagulation remains effective when dealing with 
water at diverse pH levels. To gain deeper insights into the chemical 
dynamics and stability of solutions during the flocculation phase, zeta 
potentials across varying pH levels were measured [58]. Chen et al. [8] 
noted that the zeta potentials of nanoparticles exhibited minimal vari
ation as pH was increased, consistently maintaining a stable negatively 
charged milieu, indicating the unaltered electrical characteristics of NPs 
in response to pH shifts. In addition, the results show that PSO-ANFIS 
predictions are inferior to the other models, except at pH 5.

4.4. Sensitivity analysis

Sensitivity analyses was conducted to elucidate the impact of each 
input parameter on the target variable, namely MP removal. The 
quantitative effect of each parameter was determined using a relevancy 
factor, as per the previously outlined method. The relevancy factor is 
constrained within the range of − 1 to 1, where higher absolute values 
indicate a more pronounced effect of the respective parameter. In this 
context, a positive effect signifies an increase in the target variable as a 

Table 3 
Details of the PSO-ANFIS model for predicting MP removal in coagulation 
systems.

Parameter Value

Maximum iteration number 100
Maximum particle number 1000
Initial inertia weight (Wmin) 0.7
Inertia weight damping ratio (Wdamp) 0.89
Cognitive acceleration (C1) 1
Social acceleration (C2) 2
Number of fuzzy rules 10
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specific input parameter rises, while a negative effect indicates a 
decrease in the target variable with an increase in the specific input 
parameter. The relevancy factor serves as a metric to quantitatively 
assess the influence of each parameter on the target variable, providing 
insights into the sensitivity of the system to individual input variations. 
The details about sensitivity analysis by relevancy factor method and 
further information can be found in previous studies (Amirkhani et al.; 
[59]).

Among the main operating parameters, the minimum and maximum 
size of MPs, coagulant dose, pH and temperature were identified to have 
a direct impact on the results, meaning that changes in any of these 
parameters could affect the performance of MP removal during 

Fig. 3. Comparison of estimated MP removal efficiency by the models of a) ANN, b) PSO-ANFIS, c) LSSVM, and d) RBF in relation to experimentally deter
mined results.

Table 4 
Statistical values of the proposed models for the training, test and total datasets.

Parameter Training dataset Test dataset Total dataset

ANN
R2 0.9162 0.9153 0.9154
MAE 5.6151 6.0379 5.7205
MRE 0.7399 0.8091 0.7571

PSO-ANFIS
R2 0.8982 0.8379 0.8837
MAE 6.3770 8.7538 6.9698
MRE 0.8382 0.8497 0.8411

LSSVM
R2 0.8748 0.7936 0.8540
MAE 6.9953 8.3995 7.3455
MRE 0.7304 0.5673 0.6897
RBF
R2 0.9887 0.9695 0.9841
MAE 1.5891 3.5847 2.0868
MRE 0.1401 0.2454 0.1664

Table 5 
MRE of the proposed models for the prediction of MP removal using different 
coagulants.

Coagulant ANN PSO-ANFIS LSSVM RBF

PAC 0.0886 0.1557 0.0653 0.0308
FeCl3 0.6390 0.0996 0.7896 0.0210
C-577 0.2822 0.2556 0.2525 0.0853
FeCl3⋅6H2O 0.8271 0.9181 0.9933 0.2056
AlCl3⋅6H2O 0.8943 1.0570 0.5908 0.1873
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coagulation. The sensitivity analysis results (Fig. 5) highlight that water 
temperature had the most negative effect on MP removal with a rele
vancy factor of − 0.5666, followed by the minimum and maximum size 

of MPs (0.5365 and 0.5313, respectively). It was observed that pH and 
coagulant dose had a negligible impact on the removal efficiency. In 
addition, the type and dose of coagulant aid presented the most positive 

Fig. 4. Comparison of experimental and estimated MPs removal efficiency at room temperature in the presence of a) FeCl3.6H2O and AlCl3⋅6H2O, b) FeCl3⋅6H2O, c) 
5 mM AlCl3⋅6H2O with cationic and anionic PAM, and d) 50 mg/L PAC. Experimental data from [43,45].

Fig. 5. Sensitivity analysis of the operating parameters in the modeling of MP removal during coagulation process in water and wastewater treatment.
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impacts on MP removal efficiency, with a relevance factor of +0.3264 
and + 0.3265, respectively.

5. Conclusions

In this study, the MP removal from water and wastewater treatment 
plants was estimate using ML models. Four ML models, including ANN, 
PSO-ANFIS, LSSVM and RBF were employed to estimate the removal 
efficiency of MPs during the coagulation treatment of water and 
wastewater. Different operating parameters, such as MP minimum and 
maximum size, coagulant dose, pH, temperature of the solution and 
coagulant aid were used as input parameters. The developed models, 
namely ANN, PSO-ANFIS, LSSVM, and RBF demonstrated high accuracy 
with R2 values of 0.91, 0.88, 0.85, and 0.98 respectively. According to 
the sensitivity analysis, water temperature exhibited the most signifi
cant adverse impact on MP removal efficiency. The second most crucial 
factors were the minimum and maximum size of MP, whereas pH and 
coagulant dose were found to have minimal influence on MP removal 
efficiency. The type and dose of coagulant aid demonstrated the most 
favorable effect on enhancing MP removal efficiency.

The study addresses a significant void by offering a comparative 
assessment of various ML approaches for modeling microplastic 
removal, a topic that has not been thoroughly explored in previous 
research. Additionally, the research presents a data-driven modeling 
framework that allows for quick predictions and modifications of 
coagulation performance, eliminating the necessity for repeated tests. 
From a practical perspective, the models created can help water treat
ment personnel optimize the use of coagulants, boost the effectiveness of 
MP removal, and decrease operating cost. This directly benefits public 
health and aligns with the wider objective of reducing plastic pollution 
in water ecosystems. In summary, the results showcase the potential of 
ML to improve environmental process management and highlight the 
significance of combining data analysis with traditional water treatment 
methods.
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