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Abstract—Managing wastewater to effectively remove water
pollution is inherently difficult. Ensuring that the treated water
meets stringent standards is a main priority for several countries.
Advances in control and optimization strategies can significantly
improve the elimination of harmful substances, particularly in
the case of carbon pollution. This paper presents a novel
optimization-based approach for carbon removal in Activated
Sludge Process (ASP) of Wastewater Treatment Plants
(WWTPs). The developed pollution removal algorithm combined
the concepts of Takagi-Sugeno (TS) fuzzy modeling, Model
Predictive Control (MPC) and Grey Wolf Optimization (GWO),
as a parameters-free metaheuristics algorithm, to boost the
carbon elimination in terms of standard metrics, namely
Chemical Oxygen Demand (COD), Biochemical Oxygen Demand
(BODS5) and Total Suspended Solids (TSS). To enhance such a
pollution removal, the proposed fuzzy predictive control for all
wastewater variables, i.e. effluent volume, concentrations of
heterotrophic biomass, biodegradable substrate and dissolved
oxygen, is formulated as a constrained optimization problem.
The MPC parameters’ tuning process is therefore performed to
select appropriate values for weighting coefficients, prediction
and control horizons of local TS sub-models. To demonstrate the
effectiveness of the proposed parameters-free GWO algorithm,
comparisons with homologous state-of-the-art solvers such as
Particle Swarm Optimization (PSO) and Genetic Algorithm
(GA), as well as the standard commonly used Parallel Distributed
Compensation (PDC) technique, are carried out in terms of key
purification indices COD, BOD5, and TSS. Additionally, an
ANOVA study is conducted to evaluate the reported competing
metaheuristics using Friedman ranking and post-hoc tests. The
main findings highlight the superiority of the proposed GWO-
based carbon pollution removal in WWTPs with elimination
efficiencies of 93.9% for COD, 93.4% for BODS5, and 94.1% for
TSS, in comparison with lower percentages for PSO, GA and
PDC techniques.

Keywords—Wastewater treatment systems; carbon pollution
removal; fuzzy predictive control; metaheuristics optimization;
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. INTRODUCTION

Wastewater is a major environmental problem that poses a
threat to ecosystems and human health [1]. Contaminants in
untreated wastewater, including organic pollutants, pathogens,
and heavy metals, can lead to serious health risks and disrupt
the balance of ecosystems [2]. To address the critical issue of
water pollution and ensure a sustainable future, a wide range of
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strategies and regulations are being implemented to improve
water quality, safeguard public health and protect the
environment [3]. The modeling [4] and control [5] of WWTPs
are gaining growing attention, with considerable efforts
dedicated to improving their performance. Advanced automatic
control, artificial intelligence and soft computing approaches
have led to the development of various models aimed at
enhancing the overall effectiveness of WWTPs [6].

Wastewater treatment involves several stages each aimed at
removing different contaminants. The secondary treatment,
which is biological, is the most crucial phase in the overall
process, aimed at removing organic matter from the water, as
well as nitrogen and phosphorus. Biological treatment through
ASPs is the most widely adopted solution for addressing
pollution and removing toxicity from wastewater [7]. In an
ASP, wastewater is aerated in a tank where bacteria break
down organic pollutants in the presence of oxygen. After
aeration, the treated water flows to a clarifier, where the
activated sludge settles out. Some of the sludge is re-circulated
into the aeration tank to maintain microorganism
concentration. The primary goal of ASP is to produce treated
wastewater that meets regulatory standards for effluent quality,
mainly in terms of BOD5, TSS, and COD [8]. It also aims to
maintain appropriate dissolved oxygen levels to avoid anoxic
conditions. However, achieving these objectives is challenging
due to several factors. Variability in influent characteristics,
such as changes in flow rate and pollutant concentrations,
requires constant adjustments to maintain consistent effluent
quality. The behavior of microbial communities is influenced
by numerous factors, including temperature, pH, and nutrient
availability, making it difficult to maintain an optimal balance.
Furthermore, the interactions between various biological,
chemical, and physical processes within the system are highly
complex and difficult to model accurately [9]. As a result,
ensuring optimal treatment performance demands the use of
sophisticated modeling and advanced control strategies,
making the management of ASPs a persistent and significant
challenge.

Over the years, numerous control strategies have been
proposed for WWTPs. These techniques differ in their targeted
objectives, which are typically defined in terms of optimizing
dissolved oxygen and enhancing harmful substances removal.
In study [10], a comprehensive framework is proposed for
evaluating various control techniques of WWTPs. Feedback
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strategies for simultaneous evaluation of economics, energy,
and removal of nutrients are addressed. In study [11], a two-
stage linear control scheme is developed to regulate the
effluent substrate concentration. Static inner-loop controller is
designed using a metaheuristic algorithm for parameters
selection. Strategies of static feedback with pole placement
[12] and model predictive control [13] are investigated based
on an established TS fuzzy representation for ASPs. In study
[14], authors examined the design of fuzzy controllers for
dissolved oxygen and nitrate dynamics under varying
conditions. In [15], a PDC technique is designed under linear
matrix inequalities (LMI) constraints of stabilization. In study
[16], model predictive control, PID regulation, data-driven and
neural networks are investigated to optimize nitrogen removal
offering a flexible and adaptive approach to process control. In
[17], authors implemented cascaded Pl and event-based control
strategies for WWTPs using the nitrogen-to-energy index as a
performance indicator. In study [18], various artificial
intelligence-based strategies are explored with a particular
focus on aeration control. In study [19], authors developed
deep learning-based simulators to improve the control of
phosphorus removal processes. In study [20], authors proposed
a nonlinear predictive control strategy to manage the nonlinear
dynamics inherent in WWTPs and enhancing the control
performance and stability. In study [21], a neuro-fuzzy based
MPC controller is designed to estimate key process variables
and adjust aeration levels for cost-effective nutrient removal. In
[22], authors proposed an economic-oriented MPC ensuring
ammonia concentration within specified limits.

In addition to these aforementioned state-of-the-art control
strategies, the application of metaheuristics algorithms has
become increasingly significant in addressing the complexities
inherent in WWTPs. In study [23], a dynamic multi-objective
PSO algorithm is proposed for dissolved oxygen and nitrate
dynamics. In study [24], a GA optimizer is used to modify the
set-point of PI controller for dissolved oxygen variables. Two
levels are used: at the higher one, GA determines the optimal
dissolved oxygen set-point based on operational conditions and
at the lower, a Pl controller adjusts the aeration to reach the
set-point. In study [25], various metaheuristics are integrated
with a fuzzy inference system to enhance the modeling
accuracy of WWTPs. The achieved prediction capabilities
guarantee more effective management and compliance with
environmental standards. In study [26], a coyote optimization
algorithm is employed to optimize the adaptive controller
parameters for dissolved oxygen concentration in a biological
sequential batch reactor. In [27], authors proposed a framework
to optimize the aeration in WWTPs. A neural network predicts
energy consumption and dynamically adjusts PI controllers. In
[28], an extreme learning machine with metaheuristic
algorithms is designed for the modeling of water quality
parameters in Nigeria.

In this context, advanced optimization strategies are crucial
to effectively manage WWTPs. Metaheuristics have emerged
as powerful tools for controlling complex systems, offering
competing solutions to the challenges inherent in biological
processes [29]. Due to the strict quality requirements set by
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international standards as well as the increasing complexity of
WWTPs, it becomes essential to optimize all biochemical
variables involved in the purification process to ensure more
effective pollutant removal and guarantee the compliance with
increasingly stringent water quality standards. Indeed, there are
few contributions in the literature that address the enhancement
of all pollutants removal. Most proposed optimization
strategies focus on economic objectives, and many studies
often limit their scope to the dynamics of dissolved oxygen to
minimize energy consumption, neglecting other critical
variables such as wastewater influent volume, biomass growth,
substrate concentration, and others. On the other hand, most
metaheuristics of the literature suffer from the problem of
choosing and tuning their control parameters. The efficiency of
such algorithms is strongly linked to the tuning of parameters
of the algorithm itself, often tedious and time-consuming in
design. Thus, the use of a metaheuristic with a reduced number
of algorithmic parameters, or even without parameters, can
circumvent such a design problem and offers more simplicity
in the optimization process. GWO algorithms as a parameters-
free metaheuristics thus present an interesting and justified
choice for optimizing the wastewater treatment. Therefore, the
use of a GWO algorithm combined to a nonlinear multi-input
multi-output model, which accounts for all state variables of
ASPs, as well as an efficient automatic control strategy, is
essential to further enhance the purification challenges and the
carbon pollution removal. In this paper, an intelligent carbon
pollution removal strategy, based on an established TS fuzzy
modeling and MPC combined with a GWO metaheuristic
tuning policy is proposed to manage all intervening variables in
WWTPs and enhancing the performance of purification in
terms of BOD5, COD and TSS metrics. The uniqueness and
main contributions of this work are summarized as follows:
(1) A powerful and parameters-free GWO metaheuristic is
proposed to adjust the many effective gains of the designed
fuzzy MPC controllers and consequently boost the carbon
pollution removal in WWTPs. (2) The enhancement of overall
purification variables is aimed and the commonly used BODS5,
COD and TSS indices are considered to quantify the carbon
removal efficiency. (3) Performance is evaluated in terms of
reproducibility, algorithmic convergence, and solution quality.
(4) Comparisons to the most commonly used state-of-the-art
algorithms, i.e. PSO and GA optimizers, as well as the PDC
technique are performed. (5) An ANOVA based on Friedman
ranking and post-hoc tests is carried out.

The rest of the paper is organized as follows. Section Il
presents the modeling part as well as a preliminary survey on
the nonlinear ASP model for carbon removal, along with its
equivalent TS fuzzy representation and the MPC strategy. The
main indices and measures for quantifying carbon removal
efficiency, namely BOD5, COD and TSS, are also provided. In
Section 111, the MPC gains tuning problem is introduced and
formulated as an optimization problem under operational
constraints. The proposed parameters-free GWO algorithm is
presented in Section 1V. Section V provides demonstrative
results and discussions to assess the effectiveness of the
proposed GWO-based approach in enhancing carbon removal
in WWTPs. Finally, Section VI concludes the paper.
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Il.  MODELING AND PRELIMINARIES

A. Activated Sludge Process

As shown in Fig. 1, a typical architecture of ASP consists
of a bioreactor, a decanter/clarifier, and a sludge recycling pipe
[8]. The wastewater is mixed with activated sludge in the
bioreactor, where dissolved oxygen is supplied to support the
growth of microorganisms that degrade organic pollutants.
Following the aeration phase, the mixture flows into the
decanter, where the sludge settles to the bottom, allowing the
clarified water to rise to the top. The treated water is then
separated for further processing or discharge, while a portion of
the settled sludge is recycled back into the bioreactor via the
sludge recycling pipe, maintaining the optimal concentration of
microorganisms for continuous treatment.

Air Blower

Liquor Mixers

Clarifier/Decanter

Influent
Gy

—

Effluent

Anoxic Tank Aeration Tank

Recycled Sludge Rejected Sludge N
[ 14 ’
Fig. 1. Layout of an activated sludge treatment procedure.

Focusing on the carbon removal, a reduced dynamic model
based on the commonly used Activated Sludge Model N°.1 is
retained to describe all the nonlinear dynamics of the plant. It is
assumed that the purified water is free of particulate substances
and the concentrations of soluble components are equal at inlet
and outlet of the decanter:
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where g, is aregulation gain, V, is the volume reference,

ref
f, and f, are the fraction rates of recycling and extraction
flows, respectively, x is the half-saturation rate of substrate,
Koy 18 the oxygen saturation rate for biomass, x, is the

oxygen regulation gain, S is the saturation concentration of

O,sat

oxygen, b,, is the heterotrophic biomass mortality rate, z, is
the biomass growth rate, f is the fraction of particulate
products, and Y,, is the substrate/biomass conversion rate.

B. TS Fuzzy Modeling

From the nonlinear model (1) of ASP system, an equivalent
quasi-LPV form can be derived as follows [30, 31]:

X (t)=A(S(X,u)) X (t)+B(I(X,u))u(t)

y(t)=C(9(X,u)) X (t) @

V =0y + 0~ Oy =& (Vi =V ) (12) where (X, u) is a parameters vector of the system state
variables X € R" and control inputs ue R™, A(Q(X,u))
and B(B(X , u)) are non-constant state-space matrices given
by the following Eqg. (3) and Eq. (4) expressions:

[k, 0 0 0 i
f, (1+f)q
0 gy S fullrfa, o 0
Ks+Ss Koy +So  (fr+fy) V .
A(S(X,u))= _
(BW)=l g S S, +(1-f)b, - g
Y, K +Sg Koy +Sg \%
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Looking at the state-space form given in Eq. (2)-(4), three
non-constant terms, known as model nonlinearities, which
constitute the set of TS fuzzy premise variables are expressed

as follows:
Ss(t)  Soft)

L) s O s
2,(9(X,u))= ‘\”/i”((tt)) (5b)
2,(9(X,u)) =g, (1) (50)

A global state-space TS fuzzy model of the WWTP carbon
removal dynamics is therefore obtained by defuzzification of
local LTI sub-models as given in Eqg. (6):
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0 K,
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where X eR*, ueR* and yeR*are the system state,
input and output vectors, respectively, A R** and
B e R* the

2=(2,2,,2,)eR® is the vector of premise variables,

denote constant  state-space  matrices,

#4;(.)=0 is the i activation function, and r =2°=8 is the
number of local sub-models.
The convex polytopic transformation of premise variables

of Eqg. (5) yields the following expression of all fuzzy
activation functions:
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Z; and Z;, respectively:
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where 7, = n)1(aux{zj} and ,z, = "Q'P{ZJ} are the upper

and lower bounds of premise variables, respectively.

A complete TS fuzzy model as given in Eq. (6) is therefore
established by computing the constant state-space matrices (3)-
(4) with all possible combinations of the bounds of premise
variables (5) and activation functions (7). On the other hand,
the validity of the established TS fuzzy model is evaluated
using the well-known Variance Accounted For (VAF %)
metric defined as follows [15]:

Np

J(t)=De (t+1[t)Qe(t+1|t)+

1=1

Niz_l[AuT (t+1]t)RAu(t+] |t)}

where y, and y, are the outputs of the nonlinear and TS
fuzzy models, respectively, var(.) is the mathematical

variance function, i e {V, Xy, Ss,So}-

C. Model Predictive Control Design

To achieve an efficient carbon pollution removal in the
WWTP, a fuzzy Model Predictive Control (MPC) approach is
proposed. The principle aims to compute a sequence of TS
fuzzy local control laws where only the first element is applied
to the process [32, 33]. Such a control sequence is updated at
each sampling time to minimize the following quadratic cost
function:

(10)
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where Np eN and N_ e N are the prediction and control
=Q">0 and R=R" >0 are the

weighting matrices, e(t+| |t) is the tracking error between
the desired and predicted system outputs.

horizons, respectively, Q

Based on the established TS fuzzy representation (6) of the
WWTP carbon removal model, a distributed MPC strategy is
proposed. The local predictive controllers are designed using
the same fuzzy sets and activation functions as those in the TS
fuzzy model. The defuzzification of the overall MPC laws is
then performed and applied to the nonlinear model (1) of the
studied WWTP.

I1l.  OPTIMIZATION PROBLEM FORMULATION

The removal of organic carbon is a crucial step to ensure
the effluent water quality and compliance with environmental
regulations. Three primary metrics are commonly used to
evaluate and measure the efficiency of carbon removal in
wastewater: Chemical Oxygen Demand (COD), Biochemical
Oxygen Demand over five days (BOD5), and Total Suspended
Solids (TSS). Each of these metrics serves as an indicator of
organic material and pollutants in the water, providing essential
information about the performance of the treatment process.
These quality indicators are quantified using the ASP’s
purification variables such as biodegradable substrate (Ss),
particulate inert organic matter (X;), slowly biodegradable
substrate (Xs), active heterotrophic biomass (Xgn), active
autotrophic biomass (Xga), and particulate byproducts from
biomass decay (Xp).

For both the influent and effluent, the calculation of these
performance metrics is performed using the following formula

[8]:
COD =(Sg + Xg + X, + Xgy + Xgu + X ) (11)

BOD, =0.25(S + X¢ +(1— f)(Xgy + Xga)) 12

TSS =0.75(Xs + X, + Xgy + X + X)) (13)

The closed-loop performance of WWTPs in terms of COD,
BODS5 and TSS metrics is clearly dependent on the appropriate
choice of MPC design parameters controlling the purification
variables. Up to now, no efficient tuning technique exists to
select optimal MPC parameters, i.e. weighting coefficients

AeR, and horizons(Np, NC) e Nx N, under complex and

time-varying operational conditions. The selection of optimal
values for these gains is often done by time-consuming and
tedious trials-errors based procedures. The hardness of such a
tuning problem increases further with the complexity and
dimensionality of the system. To overcome this hard challenge,
the idea to formulate such a tuning task as an optimization
problem is proposed as follows:
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Minimize f (W)

WeD ¢ CR

subject to: (14)
gJ(W) 0 VJ ) coneq

hj (W ) <0; vJ =1..., ncon—ineq

where D ¢ = {W eR%W,, W <W, } denotes the

low —

initial bounded d-dimensional search space and W is the
vector of decision variables, unknowns of the problem.

Such a problem is solved to found optimal values of MPC
parameters W," =(Np., N, A ) In this optimization

c,i?
process, the Integral of Absolute Error (IAE) and Integral of
Square Error (ISE) are considered as performance criteria. An
appropriate external penalty technique is proposed to handle

the MPC constraints N, — N 0 < 0 as follows:

f|AE,i (W ) = J:w €

N, —N
W )[dt +exp (1000 N—"J
P (15)

N, —N,
e ( j e? (W )dt +exp 1000N—
P (16)

where ¢ (.),Vie{V,Xg,,S;,S,} denotes the tracking

error between the desired set-point and system’s output for
each ASP dynamics.

IV. PROPOSED GREY WOLF OPTIMIZER

The proposed Grey Wolf Optimization (GWO) algorithm is
a parameters-free metaheuristic method inspired by the social
behavior and hunting mechanism of grey wolves in nature [34].
In the social hierarchy of wolves, there is a leader known as the
a-wolf, who is responsible for making decisions related to
hunting, food distribution and resting areas. The B-wolves, who
are at the secondary level, assist the a-wolf in decision-making.
The 3-wolves, take on roles such as scouting and sentry duties.
Finally, the m-wolves occupy the lowest level in the hierarchy
and are responsible for maintaining a balanced relationship
within population.

In a d-dimensional search space, each wolf is characterized
by its position x! :(xf(l,xf(z,___,x:(d). The position of the
prey is denoted as x = (xkpl, XD oy X2 g ) The best solution

of GWO is considered as a. The second and third best ones are
respectively considered as B and 8. The rest of the wolves have
their positions updated randomly around the prey. Hunting
process includes the following three main steps [34]:
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1) Encircling: The grey wolves’ encircling behavior to
hunt for a prey can be expressed as follows:

Xli<+l =X = A 17
Ay :‘Uk X¢ — Xl:‘ (18)
9, =2vU (0,1)-p, (19)

where 77, is a random number between 2 and 0, v, is
linearly decreased from 2 to O over the iterations courses, and
U (0,1) is a uniformly random number in [0,1].

2) Hunting: The best candidate solutions o, B and &
wolves, have the better recognition of the pr%/ ]gotentlal
position. The top three solutions X", X** are
stored to guide the other wolves toward the prey S potential

location by updating their positions as follows:

best,1 best,2 best,3
Xkes + Xkes + Xkes

Xk+1 3 (20)
best1 _ best,2 _ B B
where X, —AY '91k ’ Xy = Xi _Ak ‘92,k ,
best,3 5 o
X =X, —A9 - g, 9
k k kZ3k the coefficients vectors ¥, ~2k and

9
Sk aswell as A7, AY and A are computed as follows:

4, =2v,U (O,ZL)—ULK,ISRZk =2v,, U (0,1)—1)21k

S =205, U (0’1)_03k'A =|771sz - XII<|
B _ B s

Ay ‘772 KX =X ‘ Ay ‘773k - X ‘ 1)
3) Attacking: Grey wolves finish the hunting process by

attacking the prey until it stops moving. In order to model the

attacking process, the value of v, is linearly decreased from 2

to O over iterations and involves the reduction of the fluctuation

rate of 9, which is a random value in the range[—2u,, 20, | -

A pseudo-code for the proposed GWO algorithm is given
in Algorithm 1 [35, 36].
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Check the termination criterion and repeat iterations.

Algorithm 1: Grey Wolf Optimizer

Randomly initialize the grey wolves’ population.

Initialize % and 77, 0
Evaluate the objectlve functlon for each search agent and select

a p 5
Xo o and Xo .

Update the position of the current search agent.

9.
Update ¢, “1Kand 77‘ k.
Evaluate the objective values of all GWO search agents.

191.10

oxexP o oxe
Update the positions "k, "k and "% .

V. SIMULATION RESULTS AND DISCUSSION

A. Numerical Experimentations

In this study, the most commonly used state-of-the-art
metaheuristics, such as Genetic Algorithm (GA) [37] and
Particle Swarm Optimizer (PSO) [38] are considered for the
performance evaluation and comparison. All competing
metaheuristics are independently executed on an AMD Ryzen
5 CPU, 3.3 GHz, and 8.0 GB of RAM. Population cardinality

of Noop =100 and maximum iterations of n. =500 are set.

Specific control parameters of GA and PSO algorithms are
given as follows:

—  GWO [35, 36]: parameters-free algorithm.
—  GA[37]: mutation rate 0.02, crossover probability 1.

iter

— PSO [38]: inertial factor 1, coefficients of cognitive
and social accelerations 1.5 and 2, respectively.

Numerical parameters of the WWTP system are derived
from literatures [8]. All reported algorithms are independently
executed 10 runs. Results are summarized in Table I, Table Il
and Table 111 where STD and ET metrics denote the standard
deviation and elapsed time, respectively. Convergence histories
and data distribution for the metaheuristics optimization are
depicted in Fig. 2 and Fig. 3, respectively.

For the IAE and ISE criteria, demonstrative results in Fig. 2
show the convergence behaviors of the reported algorithms to
solve problem (14)-(16) and highlight the exploration-
exploitation capabilities of each of the compared algorithms.
Based on these curves, the superiority of GWO algorithm is
clearly observed in terms of convergence fastness, quality of
the obtained solution and the balance between global and local
search capabilities. Indeed, a better exploration of the search
space is shown at the first iterations of the optimization process
where the GWO optimizer ensures more significant transitions
between the evaluated cost function values compared to those
of the reported GA and PSO ones. During last iterations, better
exploitation of promising neighboring regions likely to contain
the global optimum of the considered WWTPs carbon removal
problem is guaranteed for the GWO solver.

The Box-and-Whisker plots of Fig. 3 display the statistical
data distribution through their quartiles for the optimization
results over 10 independent runs of problem (14)-(16). Tighter
and symmetrical shapes are obtained for the GWO algorithm,
thus showing the high performance of search reproducibility
leading to minimal values of standard deviations STD, both for
the ISE and IAE criteria.

All these findings from measures of Tables | to Table 111 as
well as curves of Fig. 2 and Fig. 3 confirm the outperforming
of the GWO algorithm, as a parameters-free metaheuristic,
followed by the reported PSO and GA with less competitive
performance and tedious process for tuning of the main control
algorithmic parameters.
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TABLE I. NUMERICAL OPTIMIZATION RESULTS OVER 10 INDEPENDENT RUNS OF PROBLEM (14)-(16)
o Algorithms
Criteria
GA PSO GWO
Best 1.5244e+8 1.0259e+8 7.9002e+7
Mean 2.1253e+8 1.5244e+8 1.0166e+8
Worst 2.7180e+8 2.7762e+8 1.5956e+8
IAE STD 4.007e+7 5.3916e+7 2.3261e+7
COD (%) 89.9 91.1 93.9
BODS5 (%) 90.8 92 934
TSS (%) 91.6 92.2 94.1
ET (sec) 6.1458e+4 4.2635e+4 2.2441e+4
Best 1.3579e+16 3.3837e+15 2.7222e+15
Mean 2.0811e+16 8.9913e+15 4.9479e+15
Worst 2.9132e+16 3.2867e+16 7.4036e+15
SE STD 5.730e+15 8.7072e+15 1.5908e+15
COD (%) 89.7 90.7 934
BODS5 (%) 89.2 91.1 92.8
TSS (%) 90.6 91.8 93.3
ET (sec) 5.0509e+4 4.7070e+4 1.6781e+04
TABLE II. DECISION VARIABLES FOR THE MEAN CASE OF OPTIMIZATION (14)-(16): IAE CRITERION
Tuning algorithms
TS sub-model GA PSO GWO
A Nc N p A Nc N p A Nc N p
1 0.510 6 8 0.04 2 15 0.241 2 10
2 0.253 6 10 0.550 2 14 0.07 6 8
3 0.337 4 11 0.972 8 15 0.202 4 7
4 0.474 7 12 1 4 15 0.04 7 15
5 0.270 4 11 0.063 4 5 0.075 6 7
6 0.143 4 12 0.04 2 15 0.04 2 14
7 0.548 6 13 0.935 8 12 0.04 2 6
8 0.407 5 15 1 2 15 0.533 2 15
TABLE Ill.  DECISION VARIABLES FOR THE MEAN CASE OF OPTIMIZATION (14)-(16): ISE CRITERION
Tuning algorithms
TS sub-model GA PSO GwWo
A N, N, A N, N, A N, N,
1 0.886 6 10 0.390 2 5 0.091 4 12
2 0.351 7 9 0.065 5 6 0.05 4 5
3 0.529 7 10 0.709 8 15 0.075 3 10
4 0.04 4 10 0.04 8 15 0.04 4 5
5 0.316 6 9 0.127 7 8 0.182 3 6
6 0.496 6 11 0.04 2 15 0.04 2 13
7 0.04 6 11 1.00 8 12 0.04 3 8
8 0.586 6 14 0.999 2 15 0.644 2 15
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Fig. 2. Convergence histories of the reported optimization algorithms: (a) IAE criterion; (b) ISE criterion.

%108 (@)

IAE value

0.5

(b)

ol

Fig. 3. Box-and-Whisker plots of the algorithms’ reproducibility capacities: (a) IAE criterion; (b) ISE criterion.

B. ANOVA Tests and Comparison

Performance assessment of the metaheuristics is a crucial
stage in any optimization. Various studies have been addressed
for comparisons and statistical analyses of this category of
algorithms [39, 40]. In this study, ANOVA tests, mainly in the
form of Friedman ranking and paired comparison Fisher’s LSD
post-hoc test, are carried out and analyzed.

Considering the performance criteria IAE and ISE of (15)
and (16), a statistical comparison based on Friedman ranking
and Fisher’s LSD post-hoc test is performed according to the
cost functions values of 10 independent executions [41, 42].
The optimization scores-based ranking of the reported GA,
PSO and GWO algorithms is performed in the sense of
Friedman. For the 03 reported algorithms and 10 executions,

the Friedman test leads to the computed statistics 7, =128
and yZ2, =146 for IAE and ISE criteria, respectively. Based

on the chi-square distribution, the critical value with two
degrees of freedom and 95% level of confidence is equal to

;5221095 =62 < yZ, < yZ,. The null hypothesis is rejected and

there are significant differences between performances of the
proposed optimization metaheuristics. To further explore these
differences, Fisher’s LSD post-hoc test is applied to determine

which algorithms differ from each other. When the absolute
difference of the ranks’ sum of two algorithms exceeds a
critical value, they are considered significantly different. Based
on the statistical formula in [41, 42], the critical value is 4.9047
for the IAE criterion and 4.2476 for the ISE one. Paired
comparisons are summarized in Tables IV and V where the
underlined values highlight significant differences between the
reported algorithms. From this ANOVA, one can conclude that
the GA algorithm performs the worst according to both the
IAE and ISE criteria and the GWO s the best, outperforming
each one of the other algorithms.

TABLE IV.  PAIRED COMPARISON OF ALGORITHMS: IAE CRITERION
PSO GWO
GA 8 16
PSO 8
TABLE V. PAIRED COMPARISON OF ALGORITHMS: ISE CRITERION
PSO GWO
GA 10 17
PSO - 7
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C. Carbon Removal Performance

To assess the effectiveness of the established TS fuzzy
model, numerical simulations are firstly performed to represent
and compare the time-domain responses of the modeled ASP
dynamics, including the effluent volume and the concentrations
of heterotrophic biomass, biodegradable substrate, and
dissolved oxygen. Randomized input profiles are applied over
a simulation horizon of 60 hours as shown in Fig. 4. The
transient responses comparing the initial nonlinear model of
ASP with the established TS fuzzy one are compared based on
the VAF (%) metric of (9) as shown in Fig. 5. Input profiles in
Fig. 4 are randomly distributed over a horizon with several
transitions to well excite all dynamics. The curves of Fig. 5
quantifying the difference between time-domain responses of
the system highlight the close similarity when considering its
nonlinear model and its equivalent TS fuzzy model. High VAF
(%) measures are achieved for all modeled ASP’s dynamics
with values exceeding 99% for the biomass and biodegradable
substrate concentrations, and ranging from 82% to 97% for the
dissolved oxygen one. The ability of TS fuzzy modeling to
mimic the nonlinear dynamic behavior of the carbon removal
process is guaranteed. The established TS fuzzy structure thus
accurately replicates the nonlinear dynamics of the initial ASP
system (1) and such a linear and time-variant (LTI) structure
can be easily considered for control design purposes.

The proposed GWO-tuned MPC strategy is applied on the
nonlinear model (1) of the activated sludge process over a
simulation horizon of 100 hours. The time-domain responses of
the control approach are illustrated and compared with those of
PDC-based one as shown in Fig. 6 to Fig. 9. Curves illustrate
the closed-loop performance of the controlled carbon removal
variables in terms of set-point accuracy, fastness and damping
of transient responses. More superior performance for effluent
volume, biodegradable substrate, heterotrophic biomass and
dissolved oxygen concentrations are guaranteed in comparison
with the PDC-based control case [15].

XBHin (mg/L)

0 20 40 60 0 20 40 60
Time (h) Time (h)

SSin (mg/L)
T a5
ga (mg/L)
~
~ o

0 20 40 60 0 20 40 60
Time (h) Time (h)

Fig. 4. Evolution of input profiles: influent flow, heterotrophic biomass and
biodegradable substrate concentrations, and air flow in the bioreactor.

Vol. 16, No. 3, 2025
101 ™ ™ 100

100.5
99.5 v

10 = === == == = = = = o

99

VAF volume (%)
VAF heterotrophic biomass (%)

0 20 40 60 0 20 40 60

Time(h) Time(h)

100 100
g -~
%9 S ’__r__’ ~4
© \ - = 95} ¢
G 9981 = ~=- S B
2 g d
© 99.7 “ N 3 "
<] ° 90
S 906l 1 ! E 1
I 1 S
I 1 3 1
b5 1 B
B 995 \ S I
kel 1 w 85
a \ < ]
& 99.4 \ 1 >
> S

99.3 80

0 20 40 60 0 20 40 60
Time(h) Time(h)

Fig. 5. VAF metrics for the TS fuzzy modeling process evaluation.

To evaluate the impact of the proposed GWO-optimization
approach on purification efficiency and carbon removal, key
performance indicators are compared between influent and
effluent waters. In this assessment, variations in COD, BOD?5,
and TSS serve as critical metrics to determine the effectiveness
of each method. These indicators must comply with regulatory
standards with maximum permissible values of 30 mg/L for
BODS5, 30 mg/L for TSS, and 125 mg/L for COD. Meeting
these thresholds ensures that the treatment process is effective
and aligned with environmental regulations, while any
exceedance would indicate the need for further adjustments.
For this purpose, results of Fig. 10, Fig. 11 and Fig. 12 depict
the quantification of pollution removal efficiency.

%10%
- r T T T T T T
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14 - - 'PDC
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Step-responses of the effluent’s volume dynamics.
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Fig. 7. Step-responses of the heterotrophic biomass concentration dynamics.

For the 1AE criterion, results of Fig. 10 show that the COD
removal efficiency reaches 89.9% for GA, 91.1% for PSO, and
93.9% for GWO. Similarly, the BOD5 elimination is recorded
at 90.8% for GA, 92.0% for PSO, and 93.4% for GWO as
shown in Fig. 11. Regarding the TSS removal of Fig. 12, GA
achieves 91.6%, PSO attains 92.2%, and GWO remains the
most effective with 94.1%, thus highlighting its superior
performance. For the ISE case, the COD elimination rates are
about 89.7% for GA, 90.7% for PSO, and 93.4% for GWO.
Likewise, for the BOD5 removal, GA achieves 89.2%, PSO
attains 91.1%, and GWO outperforms both with 92.8%. Lastly,
for the TSS removal, GA reaches 90.6%, PSO achieves 91.8%,
and GWO leads with 93.3%. For the compared PDC technique,
removal efficiencies are 90.7% for COD, 90.5% for BODS5,
and 91.8% for TSS remaining lower than those of the GWO-
based removal case.
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Fig. 8. Step-responses of the biodegradable substrate concentration
dynamics.
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Fig. 9. Step-responses of the dissolved oxygen concentration dynamics.

D. Discussion

In this study, research findings can be summarized into
three main points: numerical experimentations of optimization
process, GWO-based MPC control of ASP pollutant dynamics,
and quantification of carbon removal efficiency through COD,
BODS5 and TSS performance metrics.

For numerical experimentations, obtained results of Table |
to Table Il as well as those of Fig. 2 and Fig3, show that the
proposed GWO algorithm demonstrates better convergence
capabilities for both the IAE and ISE criteria, confirming its
efficiency in balancing the exploration and exploitation
capabilities. These demonstrative results indicate that the
GWO outperforms the other compared GA and PSO
algorithms due to its ability to thoroughly explore the search
space in the early iterations before gradually shifting to
effective exploitation to refine the best solutions. This well-
controlled combination enables GWO to avoid premature
convergence and reach the lowest cost values efficiently.
Moreover, GWO stands out for its high convergence speed,
allowing it to achieve optimal solutions faster than the other
algorithms. The PSO solver also performs well, maintaining a
good balance between exploration and exploitation, though it is
slightly less effective than GWO in fine-tuning solutions in the
later stages. The GA algorithm exhibits weaker performance
due to premature convergence, as it stabilizes too early and
struggles to escape local optima, preventing it from reaching
optimal solutions. All these findings confirm the superiority of
the suggested GWO solver as parameters-free and most
efficient algorithm, followed by PSO, while the GA optimizer
remains the least effective due to its limited exploration and
early stagnation.

Based on results of Fig. 4 and Fig. 5, one can observe that
the established TS fuzzy model is valid in terms of nonlinear
dynamical behavior reproduction. Time-domain responses of
the modeled carbon removal variables are close since using the
initial nonlinear model (1) and the TS fuzzy one (6). This
demonstrates the capability of the TS fuzzy representation
approach in capturing the nonlinear characteristics of the initial
ASP plant. From these results, it is evident that the proposed
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TS fuzzy model accurately replicates the dynamic behavior of
the initial nonlinear ASP system. Based on this obtained state-
space LTI representation, results on the MPC control design
are carried out and compared with those of the classical PDC
approach. Such a comparison clearly highlights the superiority
of the TS fuzzy MPC design traduced by the high set-point
tracking performance in terms of accuracy, fastness and
damping. These competing performances are clearly evident to
boost the carbon pollution removal in maintaining the
controlled ASP dynamics around predefined set-point values.
The controlled WWTP system exhibits precision, fastness and
well-damping of the transient responses for the effluent
volume, as well as for the concentrations of heterotrophic
biomass, biodegradable substrate, and dissolved oxygen. This
proposed metaheuristics-based control strategy ensures a high
level of input profiles tracking, though further improvements
could be considered, particularly for the biodegradable
substrate concentration dynamics. For the other variables, i.e.,

300 - @
I COD Influent
[ GA (COD Effluent)
[ PSO (COD Effluent)
[ GWO (COD Effluent)
250 [ PDC (COD Effluent)

200

COD (mg/L)
o
g

Regulatory Limit (125 mg/L)

COD Influent GA PSO GWO PDC
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effluent volume, biomass concentration, and dissolved oxygen
concentration, the GWO-tuned MPC strategy demonstrates
effective tracking, achieving convergence with minimal steady-
state error and no significant overshoot. These closed-loop
time-domain results highlight the effectiveness of the proposed
approach, making it a highly promising solution for wastewater
treatment control.

Finally, can observe that the defined regulatory standards of
COD, BODS5 and TSS for effluent water quality are effectively
met, demonstrating the efficiency of all proposed optimization
approaches, also in comparison with the most commonly used
PDC-based technique for carbon pollution removal. All these
results demonstrate that while all optimization approaches
ensure compliance with environmental standards, the GWO
optimizer systematically achieves the highest pollutant removal
rates, making it the most effective strategy for enhancing the
carbon removal in wastewater treatment.

300 ®
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[ PSO (COD Effluent)
[ GWO (COD Effluent)
250 [ PDC (COD Effluent)

200
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o
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COD Influent GA PSO GWO PDC

Fig. 10. Quantification of the pollution COD removal efficiency: (a) IAE criterion;(b) ISE criterion.
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Fig. 11. Quantification of the pollution BOD5 removal efficiency: (a) IAE criterion; (b) ISE criterion.
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Fig. 12. Quantification of the pollution TSS removal efficiency: (a) IAE criterion; (b) ISE criterion.

VI. CONCLUSION

In this paper, an advanced and intelligent carbon pollution
removal strategy has been proposed for an activated sludge
process of wastewater treatment plants. The proposed pollution
removal algorithm combined the concepts of Takagi-Sugeno
fuzzy modeling, predictive control MPC and parameters-free
GWO metaheuristics to boost the carbon elimination in terms
of standard COD, BOD5 and TSS metrics. The performance of
GWO algorithm, having the advantage of not requiring tuning
parameters unlike other metaheuristics, outperformed the
compared homologous solvers GA and PSO, as well as the
PDC technique. The MPC-based carbon removal problem,
which involves selecting the optimal prediction and control
horizons as well as the weighting coefficients, has been
formulated as an optimization problem with constraints and
efficiently solved using the proposed GWO algorithm. The
obtained results, supported by comparisons and nonparametric
statistical analyses using ANOVA Friedman ranking and post-
hoc tests, confirmed the effectiveness and robustness of the
proposed water pollution removal strategy. Key wastewater
treatment performance metrics, including COD, BOD5, and
TSS, have been used to evaluate the efficiency of the proposed
GWO-based control methodology. The effluent quality was
significantly enhanced, achieving a purification yield of 94%
for COD, 93% for BOD5, and 94% for TSS removal, thereby
complying with the regulatory standards established for
wastewater treatment plants. The findings of this study hold
promising implications for the broader scope of wastewater
treatment optimization, particularly in tackling other pollutants
such as nitrogen and phosphorus. They also highlight the
effectiveness of GWO in addressing the complex and nonlinear
dynamics of wastewater treatment systems. By optimizing
nonlinear TS fuzzy MPC parameters, the proposed strategy
offers improved stability, convergence, and solution quality.
This work contributes to advanced control techniques for
wastewater treatment, emphasizing the importance of
metaheuristics algorithms in process optimization. The
proposed wastewater purification algorithm combining
metaheuristics optimization and fuzzy predictive control is

useful for the community of WWTPs management as a
comprehensive framework modeling, control and optimization
for improving pollution removal efficiency.

Future research will focus on exploring multi-objective
optimization to simultaneously optimize conflicting criteria,
such as pollutant removal efficiency, energy consumption, and
operational costs.

REFERENCES

[1] J. Fernandes, P.J. Ramisio, and H. Puga, “A comprehensive review on
various phases of wastewater technologies: Trends and future
Perspectives,” Eng, vol. 5, no. 4, pp. 2633-2661, 2024.

[2] B. Belete, B. Desye, A. Ambelu, and C. Yenew, “Micropollutant
removal efficiency of advanced wastewater treatment plants: A
systematic review,” Environmental Health Insights, vol. 17,
doi:10.1177/11786302231195158, 2023.

[3] K.K. Kesari, R. Soni, Q.M.S. Jamal, et al., “Wastewater treatment and
reuse: A review of its applications and health implications,” Water, Air
and Soil Pollution, vol. 232, https://doi.org/10.1007/s11270-021-05154-
8,2021.

[4] J. Nemcik, F. Krupa, S. Ozana, and Z. Slanina, “Wastewater treatment
modeling methods review,” IFAC-PapersOnLine, vol. 55, no. 4, pp.
195-200, doi:10.1016/j.ifacol.2022.06.032, 2022.

[5] M. Faisal, K.M. Muttagi, D. Sutanto, A.Q. Al-Shetwi, P.J. Ker, and
M.A. Hannan, “Control technologies of wastewater treatment plants:
The state-of-the-art, current challenges, and future directions,” Ren. and
Sust. Energy Rev., vol. 181, doi:10.1016/j.rser.2023.113324, 2023.

[6] H.-G. Han, S.-J. Fu, H.-Y. Sun, C.-H. Qin, and J.-F. Qiao, “Modeling
and control of wastewater treatment process with time delay based on
event-triggered recursive least squares,” Eng. App. of Artif. Intell., vol.
122, doi:10.1016/j.engappai.2023.106052, 2023.

[71 Y. Song, L. Wang, X. Qiang, W. Gu, Z. Ma, and G. Wang, “An
overview of biological mechanisms and strategies for treating
wastewater from printing and dyeing processes,” J. of Water Proc. Eng.,
vol. 55, doi:10.1016/j.jwpe.2023.104242, 2023.

[8] M. Henze, W. Gujer, T. Mino, and M. van Loosedrecht (Eds.), Activated
Sludge Models ASM1, ASM2, ASM2d and ASM3, IWA Publishing,
doi: 10.2166/9781780402369, 2006.

[9] S. Revollar, R. Vilanova, P. Vega, M. Francisco, and M. Meneses,
“Wastewater treatment plant operation: simple control schemes with a
holistic ~ perspective,”  Sustainability, vol. 12, no. 3, doi:
10.3390/5u12030768, 2020.

405|Page

www.ijacsa.thesai.org


https://doi.org/10.1177/11786302231195158
https://doi.org/10.2166/9781780402369

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

(IJACSA) International Journal of Advanced Computer Science and Applications,

A.G. Sheik, E. Tejaswini, M.M. Seepana, S.R. Ambati, M. Meneses, and
R. Vilanova, “Design of feedback control strategies in a plant-wide
wastewater treatment plant for simultaneous evaluation of economics,
energy usage, and removal of nutrients,” Energies, vol. 14,
doi:10.3390/en14196386, 2021.

F.N. Koumboulis, N.D. Kouvakas, M.P. Tzamtzi, and A. Stathaki,
“Metaheuristic control of substrate concentration for an activated sludge
process,” Int. J. of Modell., Ident. and Control, vol. 10, no. 1/2, pp. 117—
125, doi: 10.1504/1IMI1C.2010.033854, 2010.

S. Dhouibi, R. Jarray, and S. Bouallégue, “Modeling and control of
wastewater treatment systems: Case of activated sludge processes,” 9™
Int. Conf. on Green Energy and Env. Eng., pp. 1-6, April 28-30, Sousse,
Tunisia, doi:10.1109/ICGEEE55656.2023.10019005, 2023.

S. Dhouibi and S. Bouallegue, “Modeling and control design of an
activated sludge process: A multi-model approach,” IEEE 21* Int. Conf.
on Sci. and Tech. of Aut. Contr. and Comp. Eng., pp. 209-214,
December 19-21, Sousse, Tunisia, doi:
10.1109/STA56120.2022.10019005, 2022.

A.G. Sheik, S.M. Mohan, and A.S. Rao, Fuzzy Logic Control of Active
Sludge-Based Wastewater Treatment Plants. In: Karri, R.R., Ravindran,
G., Dehghani, M.H. (Eds.), Soft Computing Techniques in Solid Waste
and Wastewater Management, Chapter 25, Elsevier, pp. 409-422, 2021.

A. Arifi and S. Bouallégue, “Takagi—Sugeno fuzzy-based approach for
modeling and control of an activated sludge process,” Int. J. of
Dynamics and Control, vol. 12, no. 3, pp. 3123-3138, 2024.

N.A. Wahab, M.F. Rahmat, S.I. Samsudin, S.N.S. Salim, M.S. Gaya,
and M.S. Goh, “Control strategies of wastewater treatment plants,”
Australian J. of Basic and Applied Sciences, vol. 3, no. 8, pp. 446455,
2009.

S. Revollar, R. Vilanova, M. Francisco, and P. Vega, “PI dissolved
oxygen control in wastewater treatment plants for plant wide nitrogen
removal efficiency,” IFAC-PapersOnLine, vol. 51, no. 4, pp. 450455,
2018.

C. Monday, M.S. Zaghloul, D. Krishnamurthy, and G. Achari, “A
review of Al-driven control strategies in the activated sludge process
with emphasis on aeration control,” Water, vol. 16, no. 2, pp. 305, doi:
10.3390/w16020305, 2024.

E. Mohammadi, M. Stokholm-Bjerregaard, A.A. Hansen, P.H. Nielsen,
D. Ortiz-Arroyo, and P. Durdevic, “Deep learning based simulators for
the phosphorus removal process control in wastewater treatment via
deep reinforcement learning algorithms,” Eng. Appl. of Artif. Intell.,
vol. 133, doi: 10.1016/j.engappai.2024.107992, 2024

M. Grochowski and T.A. Rutkowski, “Supervisory model predictive
control of wastewater treatment plant,” 21% Int. Conf. on Methods and
Models in Automation and Robotics, pp. 613-618, August
29-September 01, Miedzyzdroje, Poland, doi:
10.1109/MMAR.2016.7575206, 2016.

A. Bernardelli, S. Marsili-Libelli, A. Manzini, S. Stancari, G. Tardini, D.
Montanari, G. Anceschi, P. Gelli, and S. Venier, “Real-time model
predictive control of a wastewater treatment plant based on machine
learning,”. Water Science and Technology, vol. 81, no. 11, pp. 2391—
2400, 2020.

S. Revollar, P. Vega, R. Vilanova, and M. Francisco, “Optimal control
of wastewater treatment plants using economic-oriented model
predictive dynamic strategies,” Applied Sciences, vol. 7, no. 8, doi:
10.3390/app7080813, 2017.

H.-G. Han, Z. Liu, W. Lu, Y. Hou, and J.-F. Qiao, “Dynamic MOPSO-
based optimal control for wastewater treatment process,” IEEE Trans. on
Cybernetics, vol. 51, no. 5, pp. 2518-2528, 2019.

H.T. Do, N. Van Bach, L. Van Nguyen, H.T. Tran, and M.T. Nguyen,
“A design of higher-level control based genetic algorithms for
wastewater treatment plants,” Engineering Science and Technology, an
Int. J., vol. 24, no. 4, pp. 872-878. doi: 10.1016/j.jestch.2021.01.004,
2021.

[25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

[40]

[41]

[42]

Vol. 16, No. 3, 2025

T. Abunama, M. Ansari, O.0. Awolusi, K.M. Gani, S. Kumari, and F.
Bux, “Fuzzy inference optimization algorithms for enhancing the
modelling accuracy of wastewater quality parameters,” J. of
Environmental Management, vol. 293, doi:
10.1016/j.jenvman.2021.112862, 2021.

R. Piotrowski, M. Wonia, and A. Wonia, “Stochastic optimisation
algorithm for optimisation of controller parameters for control of
dissolved oxygen in wastewater treatment plant,” J. of Water Process
Engineering, vol. 51, doi: 10.1016/j.jwpe.2022.102957, 2023.

R. Salles, J. Mendes, C.H. Antunes, P. Moura, and J. Dias, “Dynamic
setpoint optimization using metaheuristic algorithms for wastewater
treatment plants,” 48" Annual Conf. of the IEEE Industrial Electronics
Society, pp. 1-6, doi: 10.1109/IECON49645.2022.9968617, 2022.

S.1. Abba, Q.B. Pham, A. Malik, R.Costache, M.S. Gaya, J. Abdullahi,
and G. Saini, “Optimization of extreme learning machine with
metaheuristic algorithms for modelling water quality parameters of
Tamburawa water treatment plant in Nigeria,” Water Resources
Management, pp. 1-25, doi: 10.1007/s11269-024-04027-z, 2024.

G.-G. Wang, X. Zhao, and K. Li, Metaheuristic Algorithms: Theory and
Practice, CRC Press, Boca Raton, doi: 10.1201/9781003422426, 2024.

K. Tanaka and H.O. Wang, Fuzzy Control Systems Design and
Analysis: A Linear Matrix Inequality Approach, John Wiley & Sons,
Inc, New York, USA, 2001.

M. Chadli and P. Borne, Multiple Models Approach in Automation:
Takagi-Sugeno Fuzzy Systems, John Wiley & Sons, ISTE, 2013.

L. Wang, Model Predictive Control System Design and Implementation
Using MATLAB, Advances in Industrial Control, Springer-Verlag,
London, UK, 2009.

M.L. Derouiche, S. Bouallégue, J. Haggége, and G. Sandou, “Advanced
metaheuristics-based tuning of effective design parameters for model
predictive control approach,” Int. J. of Advanced Computer Science and
Applications, vol. 106, pp. 45-53, 2019.

S. Migalili, S.M. Mirjalili, and A., Lewis, “Grey wolf optimizer,”
Advances in Computational Intelligence and Paradigms, vol. 1, pp. 1-
15, 2014.

R. Fessi, H. Rezk, and S. Bouallégue, “Grey wolf optimization based
tuning of terminal sliding mode controllers for a quadrotor,”
Computational Materials and Continua, vol. 68, pp. 2256-2282, 2021.

R. Jarray, M. Al-Dhaifallah, H. Rezk, and S. Bouallégue, “Parallel
cooperative coevolutionary grey wolf optimizer for path planning
problem of unmanned aerial vehicles,” Sensors, vol. 22, no. 4, pp. 1-18,
2022.

S. Katoch, S.S. Chauhan, and V. Kumar, “A review on genetic
algorithm: past, present, and future,” Multimedia Tools Applications,
vol. 80, pp. 8091-8126, doi: 10.1007/s11042-020-10139-6, 2021.

T.M. Shami, AA. El-Saleh, M. Alswaitti, Q. Al-Tashi, M. A.
Summakieh, and S. Mirjalili, “Particle swarm optimization: A
comprehensive survey,” IEEE Access, vol. 10, pp. 10031-10061, doi:
10.1109/ACCESS.2022.3142859, 2022.

M. Nagpal, M.A. Siddique, K. Sharma, N. Sharma,and A. Mittal,
“Optimizing wastewater treatment through artificial intelligence: recent
advances and future prospects,” Water Sci. Technol., vol. 90, no. 3, pp.
731-757, doi:10.2166/wst.2024.259, 2024.

A.H. Halim, 1. Ismail, and S. Das, ‘“Performance assessment of the
metaheuristic optimization algorithms: an exhaustive review,” Artif
Intell Rev, vol. 54, pp. 2323-2409, doi:10.1007/s10462-020-09906-6,
2021.

D.G. Pereira, A. Afonso, and F.M. Medeiros, “Overview of Friedman’s
test and post-hoc analysis,” Communications in Statistics-Simulation
and Computation, vol. 44, no. 10, pp. 2636-2653, 2014.

J. Derrac, S. Garcia, D. Molina, and F. Herrera, “A practical tutorial on
the use of nonparametric statistical tests as a methodology for comparing

evolutionary and swarm intelligence algorithms,” Swarm and Evol
Compt, vol. 1, no. 1, pp. 3-18, doi:10.1016/j.swev0.2011.02.002, 2011.

406 |Page

www.ijacsa.thesai.org


https://doi.org/10.1504/IJMIC.2010.033854
https://doi.org/10.1109/ICGEEE55656.2023.10019005
https://doi.org/10.3390/w16020305
https://doi.org/10.3390/w16020305
https://doi.org/10.1016/j.engappai.2024.107992
https://doi.org/10.1109/MMAR.2016.7575206
https://doi.org/10.1109/MMAR.2016.7575206
https://doi.org/10.1016/j.jestch.2021.01.004
https://doi.org/10.1016/j.jenvman.2021.112862
https://doi.org/10.1016/j.jenvman.2021.112862
https://doi.org/10.1016/j.jwpe.2022.102957
https://doi.org/10.1109/IECON49645.2022.9968617
https://doi.org/10.1007/s11269-024-04027-z
https://doi.org/10.1201/9781003422426
https://doi.org/10.1007/s11042-020-10139-6
https://doi.org/10.2166/wst.2024.259
https://doi.org/10.1007/s10462-020-09906-6
https://doi.org/10.1016/j.swevo.2011.02.002

