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Abstract

This study investigates the integration of advanced optimization algorithms within energy-
intensive infrastructures and industrial plants. In fact, the authors focus on the dynamic
interplay between computational intelligence and operational efficiency in wastewater
treatment plants (WWTPs). In this context, energy optimization is thought of as a hybrid
process that emerges at the intersection of engineered systems, environmental dynamics,
and operational constraints. Despite the known energy-intensive nature of WWTPs, where
pumps and blowers consume over 60% of total power, current methods lack systematic,
real-time adaptability under variable conditions. To address this gap, the study proposes a
computational framework that combines hydraulic simulation, manufacturer-based perfor-
mance mapping, and a Memetic Algorithm (MA) capable of real-time optimization. The
methodology synthesizes dynamic flow allocation, auto-tuning mutation, and step-by-step
improvement search into a cohesive simulation environment, applied to a representative
parallel-pump system. The MA’s dual capacity to explore global configurations and re-
fine local adjustments reflects both static and kinetic aspects of optimization: the former
grounded in physical system constraints, the latter shaped by fluctuating operational de-
mands. Experimental results across several stochastic scenarios demonstrate consistent
power savings (12.13%) over conventional control strategies. By bridging simulation mod-
eling with optimization under uncertainty, this study contributes to sustainable operations
management, offering a replicable, data-driven tool for advancing energy efficiency in
infrastructure systems.

Keywords: Sustainable operations management; Memetic Algorithm; Water Treatment
Optimization; energy efficiency; artificial intelligence; Modeling and Simulation; Sustainability

1. Introduction

There is a global attention on sustainability and environmental protection, which
makes energy efficiency a critical objective across industrial sectors [1]. The advent of
Industry 4.0, marked by the integration of advanced technologies such as modeling and
simulation (M&S) and artificial intelligence (AI), offers a major opportunity for transform-
ing operations management into more sustainable, efficient, and intelligent systems [2].
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This imperative aligns closely with the United Nations’ 17 Sustainable Development Goals
(SDGs), particularly Goal 6: “Ensure availability and sustainable management of water
and sanitation for all.” Wastewater treatment plants (WWTDPs) are energy-intensive public
infrastructures [3] that can benefit from the application of Al-driven optimization strategies.
In the United States alone, WWTPs account for approximately USD 4 billion in annual
energy expenditures, equivalent to around 56 billion kWh [4]. Moreover, their operations
result in an estimated 45 million tons of greenhouse gas emissions annually [5]. In fact,
the energy required for these plants accounts for 75% of their carbon footprint, with 59%
attributed to electricity, 12% to natural gas, and 5% to transportation-related activities [6].
Reducing energy consumption in WWTPs is therefore critical not only for cost savings, but
also to achieve global clean energy and climate targets, such as those outlined in the 2015
Paris Agreement within the “2030 Climate & Energy Framework” [1].

Furthermore, wastewater treatment plants (WWTPs) are characterized by several in-
terconnected fluid-handling systems, primarily involving networks of pumps and blowers.
It is well known that WWTPs are energy-intensive, with pumps and blowers consuming
over 60% of total power [7]. These systems operate under the influence of numerous
dynamic variables, including fluid density, pressure, temperature, and humidity, all of
which greatly impact energy consumption [8]. It is important to consider that plant op-
erators face the complexity of these variables every working day. Mostly, they have to
deal with standardized values that do not apply to the real operating system, increasing
the difficulty of process management [8,9]. To effectively support their decision-making
within the Industry 4.0 landscape, advanced tools are essential [10]. These tools must
adopt a holistic, system-wide perspective, moving beyond the restrictive assumptions often
inherent in traditional analytical models. Framing this challenge within the principles of
operations management enables a more contextualized and integrated approach to the
optimization problem, capturing the complexity of real-world systems and supporting
informed decisions [11].

To this end, this research presents a modeling and simulation approach, integrated
with advanced optimization algorithms to support operations management in WWTDPs.
Using the capabilities of Al, these tools can provide real-time guidance directly applicable
to real-world operational scenarios, ultimately driving sustainable operations management.
This work contributes to the evolving paradigm of energy efficiency by applying a Memetic
Algorithm (MA) [12], a specialized evolutionary algorithm, to the challenge of optimizing
fluid-handling systems in wastewater treatment plants. These components are not only re-
sponsible for a substantial portion of overall energy consumption, but they are also essential
for process continuity. By addressing their performance through advanced optimization, it
is possible to enable energy savings and promote environmentally responsible operations.

Memetic Algorithms stand out as an effective hybrid metaheuristic for addressing
complex optimization problems, by employing a population-based approach for global
exploration combined with local search strategies for individual refinement [13]. This na-
ture makes them suitable in optimization landscapes characterized by vast dimensionality,
intricate interdependencies between decision variables like pump speeds and blower air-
flow, and non-linear objective functions related to energy consumption, making traditional
analytical optimization techniques insufficient [14]. MAs have been successfully applied in
various domains, including the development of energy-efficient scheduling solutions for
distributed flexible job shops. Notably, they have been used to address problems involving
transportation delays and machine start-stop constraints, with the goal of minimizing both
completion time and energy use. This highlights their adaptability and effectiveness in
solving real-world industrial optimization challenges [15].
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On the other hand, it is widely recognized that simulation is a very powerful tool for
supporting decision problems and evaluating the performance of potential solutions within
industrial systems like WWTPs [16]. These facilities exhibit high complexity, as mentioned
before, due to the intricate relationships linking variables such as fluid density, pressure,
temperature, humidity, and flow rates, as well as the fluctuating nature of operational
parameters like wastewater inflow and organic load. This complexity often prohibits the
effective use of analytical methods and models unless they are extremely simplified [17].
Even if such variables can be incorporated into analytical models, their accurate evaluation
and use for predictive purposes (i.e., optimal control of pumps and blowers for energy
efficiency) necessitate data collection in a real WWTP environment, appropriate distribution
fitting, and the use of simulation to observe the dynamic evolution over time of the
equations governing these variables and their impact on system performance [18].

Regardless of whether the incoming water is industrial or domestic [19], treatment
plants employ a series of stages as simply demonstrated in Figure 1, pre-treatment, pri-
mary treatment, secondary treatment, and tertiary treatment [17], each relying on pumps
and blowers and collectively accounting for a substantial portion of the facility’s energy
consumption. In the pre-treatment stage, pumps lift the influent, while blowers are used in
aerated grit chambers to create a spiral flow that helps separate heavier inorganic materials
like sand and grit from wastewater. The energy consumed in this stage is relatively small
compared to other processes but is essential for preventing damage to downstream equip-
ment and improving the efficiency of subsequent treatment phases. For scum removal in
primary treatment, air blowers are used to aid in the collection of floating materials like
fats, oils, and grease by creating froth that can be easily skimmed off the surface, while
pumps transfer settled sludge.

The secondary treatment stage is where the most prominent energy consumption oc-
curs, particularly in biological processes and associating pumping operations. Biosorption
aeration blowers and bioreactor aeration blowers are critical for supplying the necessary
oxygen to the aerobic microorganisms that break down organic pollutants in the wastewater.
The energy demand depends on factors like the size of the plant, the organic load in the
wastewater, the type of aeration system used (e.g., fine bubble diffusers are generally more
efficient than coarse bubble diffusers), and the depth of the aeration basins.

Advances in optimizing centrifugal machines that are used in WWTP have been driven
by the adoption of higher-efficiency motors. These advanced motors, often adhering to
standards like IEC 60034-30-1 or NEMA MG 1, incorporate superior materials, optimized
designs, and tighter manufacturing tolerances to minimize electrical and mechanical losses.
Lately, variable-frequency drives (VFDs) have notably improved system efficiency by
regulating motor speed precisely according to actual demand, rather than relying on
inefficient control methods such as throttling valves or bypass vents, which dissipate
energy as heat or unused flow.

However, the mere presence of high-efficiency components like advanced motors
and VFDs does not automatically guarantee optimal performance across all operating
conditions [19]. On-field data and feedback from WWTP operators show frequent scenar-
ios where systems, despite having these advanced components, operate inefficiently due
to suboptimal control strategies that force the pumping component to function outside
its Best Efficiency Point (BEP) [20]. For instance, operators might manually override
VED controls or implement control loops that prioritize a specific process parameter
without considering the efficiency of the centrifugal machine at the resulting operating
point [21]. Observations often reveal situations where pumps are forced to operate
at very low or very high flow rates compared to their design conditions, leading to
increased energy consumption and potential equipment wear. Many pumps are selected



Sustainability 2025, 17, 6296

40f21

with excessive safety margins or without accurately accounting for correction to oper-

ating conditions [22]. In fact, WWTPs and HVAC systems report up to 30% efficiency

losses due to incorrect pumping component sizing [23].
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Figure 1. Simple representation of a WWTP’s phases.

Consequently, there is a critical need for a holistic optimization approach that evalu-

ates pumping systems within their entire operational context, rather than focusing solely on

selecting high-efficiency components [24]. This comprehensive perspective demands a de-
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tailed understanding of the complete performance map of pumping components (whether
blowers or pumps), capturing efficiency variations across the full spectrum of operational
conditions including speed, flow rates, and pressures. Additionally, it must consider the
dynamic behaviors of the overall system, encompassing pipe friction losses, static head
conditions, diffuser performance, valve positioning, and the inherently fluctuating process
demands typical of wastewater treatment facilities.

Moreover, while traditional genetic algorithms (GAs) continue to be popular in re-
search, directly applying them to optimize variable-speed pumps reveals great limitations.
Common shortcomings include challenges associated with selecting appropriate penalty
weights for enforcing mass balance constraints, inadequate gene encodings that fail to
capture nuanced pump operations, insufficient fidelity of pump curve modeling, and
difficulties in properly tuning crossover and mutation rates, along with the absence of
localized refinement stages [25].

Early GA implementations frequently adopted ad hoc penalties, requiring extensive,
case-specific tuning that often disproportionately influenced search dynamics. Additionally,
simplistic binary on/off encodings or coarse-time discretization do not accurately represent
the sophisticated partial-load behaviors of modern variable-speed drives. Traditional
GA approaches, often seen in standard water distribution benchmarks, typically utilize
simplified linear or quadratic pump curves combined with static parameters and omit local
search enhancements, thus limiting both accuracy and convergence efficiency [26].

In practice, the ad hoc penalties adopted in early studies require case by case retuning
and often dominate the search dynamics, while binary on/off or coarse time slot encod-
ings cannot reproduce the nuanced part load behavior of modern variable speed drives.
Examples of conventional GA solutions can be found in classic water distribution bench-
marks [27]. Most of these implementations rely on simplified linear or quadratic pump
curves coupled with static GA parameters and forgo any local search, thereby limiting
both accuracy and convergence speed. Recently, mixed discrete/continuous gene schemes
together with quadratic head curve interpolation have been proposed. The most compre-
hensive hybrid framework so far couples self-adaptive genetic parameters with a memetic
hill climb repair module, providing a full optimization—control pipeline that draws on
manufacturer data but adjusts in real time to site-specific hydraulics. This progression
from plain to intelligent GA bridges the gap between idealized design curves and field
realities, turning theoretical efficiency gains into actionable SCADA set points that evolve
in response to system behavior.

2. Materials and Methods
2.1. System Overview

This paragraph will describe the proposed framework, Figure 2, the materials used for
the tested solution, the mathematical model, and the methods used to analyze the result.

The developed framework offers a sophisticated real-time simulation and optimiza-
tion environment designed specifically for wastewater pumping networks, integrating
advanced Memetic Algorithms (MAs) to minimize energy consumption. The solution
method consists of different phases that include the solution of the hydraulic system, the
input data and their arrangement, and the optimization module that feeds into the simula-
tion the values that the simulation is then going to use in the loop again in order to solve
the network. For this model, the case of five parallel centrifugal pumps was considered,
each characterized by manufacturer-specific performance curves (as an example of data
provided from the manufacturer in Table 1), which describes the relationships between
flow rate, total head, and shaft power using polynomial functions.



Sustainability 2025, 17, 6296 6 of 21
Interface <
User Command
/ﬁ Core Simulation Optimization
Data Layer
e - R : Performance Metrics
Hydraulic Simulation | Optimization Engine
Network Data Engine = " | (Memetic Algorithm)
Model
|
Pump
Cha&'ﬁ:&:zsnc Network Solver Fitness Evaluation
g'_/ N
Figure 2. System architecture for energy-optimized hydraulic network simulation.
Table 1. Example flow [m®/h] and shaft power data [kw].
Pump Case Metric

1 flow 0 1100 2100 3100 4100
1 shaft_power 285 460 566.7 673.3 740

2 flow 0 1100 2100 3100 4100
2 shaft_power 308.7 500 606.7 726.7 806.7
3 flow 0 1100 2100 3100 4100
3 shaft_power 380 540 673.3 806.7 886.7
4 flow 0 1100 2100 3100 4100
4 shaft_power 393.3 553.3 686.7 820 913.3
5 flow 0 1100 2100 3100 4100
5 shaft_power 423.3 606.7 753.3 900 1006.7

Parallel pumping configurations, such as the one employed in this study, are com-
monly adopted in fluid-handling systems within wastewater treatment plants (WWTPs)
due to their capability to effectively manage both steady-state flow demands and inherent
operational fluctuations [28]. These configurations offer enhanced flexibility and redun-
dancy, allowing for scalable response to variable influent loads, seasonal variations, and
maintenance contingencies. This operational robustness makes parallel pumping systems a
pertinent and realistic context for evaluating advanced optimization algorithms aimed at
improving energy efficiency and process reliability.

In this study, the chosen parallel pumping arrangement, in particular five pumps,
serves as a representative and challenging use-case for assessing the algorithmic perfor-
mance under diverse operational scenarios, characteristic of the real-world WWTP envi-
ronments. The modeling process began with the assimilation of manufacturer-provided
performance data for each pump unit, including head, flow, and power consumption
curves under a range of operating conditions. This technical data forms the foundation for
an accurate representation of pump behavior within the simulation.

Subsequently, the treatment plant configuration was integrated into the model, which
incorporated the physical layout of the hydraulic network, the position and status of the
isolation and control valves, and any relevant constraints related to flow distribution,
head losses, or redundancy requirements. Detailed attention was given to replicating the
plant’s piping topology, control logic, and operational setpoints to make sure the simulation
reflected the actual process as closely as possible.
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The hydraulic simulation engine was modeled and developed in order to solve flow
and pressure distributions across the network under various demand scenarios, accounting
for head loss, valve statuses, and pump operating points. Solving this network includes
detailed computations for quadratic frictional losses and precise rotational speed (RPM)
interpolation, notably increasing model accuracy and operational adaptability. In addition
to component-level modeling, the hydraulic behavior of the system network is mathe-
matically represented through a graph data model, as shown in a simplified version in
Figure 3, that includes a combination of node and arc equations. Nodes represent junctions
or components (e.g., pumps, tanks), while arcs denote the flow paths between them. Mass
conservation is enforced at each node using continuity equations, and headloss equations
(Darcy-Weisbach and empirical polynomial models) are applied to each arc to compute
pressure drops or head requirements [29].
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Figure 3. Hydraulic network topology and data model structure.

These governing equations form a system of non-linear algebraic expressions that
are solved iteratively to determine the steady-state flow distribution and pressure profiles
through the entire network [30]. This network-based approach ensures that both localized,
and system-wide hydraulic interactions are accurately captured, further contributing to
the physical fidelity of the simulation outputs. The objective was to capture the dynamic
interplay between pump scheduling, network hydraulics, and energy consumption in a
manner that supports evaluation and comparison of optimization strategies.

By grounding the simulation framework in real-world engineering parameters and
operational constraints, the study provides a platform for analyzing the impact of algorith-
mic choices on system performance, energy savings, and operational reliability. In order to
quantify and evaluate the power reduction, there is the need for a reference “non-optimized”
baseline power consumption Py0p¢. This benchmark is defined through a simplified op-
erational strategy, as detailed in Algorithm 1, commonly employed in practical scenarios,
where the total required demand is evenly distributed among all available pumps. This
“naive” approach respects each pump’s operational constraints, such as minimum and
maximum allowable flow and will be described in Section 2.1.1.

Under this baseline scenario, each pump is allocated an identical fraction of the
total flow demand and the corresponding shaft power consumption for each pump is
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calculated directly from the pump performance curves provided by manufacturer data.
This methodology establishes a representative reference against which the efficacy and
energy-saving potential of the Memetic Algorithm-driven optimization approach were
rigorously evaluated and quantified.

To enhance user interaction and practical usability, the simulation incorporates a spe-
cialized WebSocket server, developed using CherryPy and WS4Py, to facilitate real-time,
bidirectional communication. This integration supports a user-friendly graphical user inter-
face (GUI), emulating a supervisory control and data acquisition (SCADA)-like environment.
Through this intuitive GUI, operators can continuously monitor essential parameters, in-
cluding total flow demand, flow distribution, energy consumption metrics, and the status
and progression of the optimization algorithms. Furthermore, it should enable user-defined
adjustments of critical operational parameters, including resistance coefficients, performance
modifiers, and targeted flow values. This flexibility enables the adaptation of the simulation
environment dynamically to specific operational contexts, reflecting the complexity and
variability inherent in real-world wastewater treatment systems.

To validate the effectiveness of the proposed optimization method, a comprehensive set
of simulation runs was performed using stochastic input flow conditions. Specifically, the
total flow demand was varied randomly within £5% of the nominal target value, replicating
the inherent variability observed in these kinds of studies of industrial applications [27]. A
total of 100 independent simulation runs were executed to assess performance under these
fluctuating demand scenarios.

Data collection through each simulation run included detailed performance metrics
throughout all generations of the Memetic Algorithm (MA). These metrics included the best,
worst, and average fitness values, the chromosome configuration representing the optimal
pump arrangement, optimized power consumption, and baseline power consumption deter-
mined through the previously mentioned Algorithm 1 for equal flow distribution method.

To further demonstrate the advantages of the Memetic Algorithm, parallel simulations
employing a standard genetic algorithm (GA) and a mixed-integer linear programming
(MILP) optimization were also conducted under identical conditions. For the MILP ap-
proach, a piecewise linear approximation was used to more accurately capture the nonlinear
characteristics of the pump Power-Flow Curves within the optimization model.

Additionally, each generation’s execution was carefully monitored, logging timestamps
and computational durations. All generated data and results were systematically recorded and
exported in a suitable format, enabling comprehensive post-simulation analysis. The collected
data were then analyzed to evaluate the significance of the achieved power reductions. Key
performance indicators such as mean savings, standard deviation, and confidence intervals
were calculated across the 100 runs, providing a quantifiable assessment of the optimization
algorithm'’s performance under uncertain and dynamic flow conditions.

This validation framework reinforces the technical soundness of the proposed method
and underscores its potential as a decision-support tool for operations managers [31] aiming
to reduce energy costs, ensure system resilience, and implement data-driven strategies
within complex wastewater treatment infrastructures.

2.1.1. Equal Flow Distribution Method
Input:

Qtotal: Total required flow rate (e.g., in m3/h)
N: Number of available pumps
inin, Qinaxz Minimum and maximum flow rate of pump iii, fori =1, ..., N

fi(Q): Shaft power curve function for pump i, mapping flow rate Q to power
consumption P
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Output:
®  Pypopt: Total unoptimized shaft power
Algorithm 1:
1.  Initialize active pumps:
a.  Define the set of all pumps, each with:
i Minimum flow Qimn
ii. Maximum flow Qi
iii. Shaft power curve f;(Q)
b. Set total flow requirement: Qyosq
2. Turn Off pumps below minimum flow
a. Distribute the total flow equally among all currently active pumps:
o Qtotal
Qshare Nactive
b. If for any Qgpare < Qfm.n, remove it from the active set.
C. Repeat this step until all remaining pumps can be assigned at least their Q' .
3.  Initial Flow Allocation respecting Max constraint
a. For each remaining active pump:
Allocate Q; = min(Qshare/ Qinax)
b.  Compute total allocated flow so far:
Qallocated = Z Qi
c. Calculate residual flow to be distributed:
Qresidual = Qtotal - Qallocated
4. Redistribute Remaining flow
a. While Qresiqual > 0':
i Identify pumps that have not yet reached Q!
ii. Redistribute Q egiqual €qually among them
ii. For each pump:
1.  Add flow up to its remaining capacity Q',,, — Q;
2. Update Q; and reduce Qy,sigual
5. Calculate Power Consumption
a.  For each pump with a final assigned flow Q;, calculate power:
P = fi(Qi)
b. Sum all P; to get total unoptimized baseline power:
P, unopt = Z b
6. Output:
a. Return:
i P, unopt

ii. Final flow allocation for each pump {Q_i}
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2.1.2. Power Optimization Model

This section outlines the decision logic that governs flow allocation and energy dis-
patch of the pumps using a Memetic Algorithm [13,15,32]. Considering a station with n
parallel pumps.

Denote by:

Qi(m?/n),
the volumetric flow rate through pump i, wherei =1,...,n.
The target total flow is

n

Qror = Y _ Qi 1)

i=1
During operation, the controller must keep the instantaneous delivery rate within a

narrow band around a contract value Q* (tolerance ¢), while each pump i can be fully off
(Q;i = 0) or run anywhere between its manufacturer limits:

QM < Qi < QM 2
For every active pump, the head to be overcome is expressed at
Hi(Qi) = Ahi + RiQi 3)
merges the static lift Ah; with quadratic friction losses, where
Ri(Qi) = (e + ¢ )o? @)
embeds inlet- and outlet-loss coefficients and the cross-sectional velocity

_Q

v; y 5)
where:
4= 0 (6)
T4

The hydraulic model then interpolates in real time between catalogued shaft speed:
each speed j € {min, max} is stored as a quartic head—flow curve.

H;;(Q) = a;jaQ* + a;j3Q° +a;;,Q% + 4;j1Q + a; j 7)

Given a candidate flow vector Q = (Qj, ..., Qu), the routine clamps the required head to
the feasible band
H"" = H;p(Q;), H"™ = H;1(Q;) (8)
i = min{max{H,-(Qi),H;"i"},H;"“} )
derives an interpolation factor 6;

Hi_H,min
A min /

0, = { H'-H
0, otherwise

Hlmax 75 Hlmin (10)

and from that estimate both shaft power P;(Q;) and rotational speed w;

Pi(Qi) = Pio(Qi) + 60;[Pi1(Qi) — Pip(Qi)l, (11)
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w; = WM 4§ (w{”“x — wf-“i“> (12)
where w?”” and w}"** are the minimum and max RPM.

Total electrical demand is simply

Pot(Q) = ) _P:(Q) (13)
i
The optimization task:
. Qs € {0} U [Qr, Q] vi
minPy(Q) s.t ! ! (14)
’ Ir Qi —Qf|<e

where each candidate solution (chromosome) is encoded as a real-valued genetic search
that minimizes P;,; subject to the flow-balance constraint; violations are penalized inside
an augmented cost:

Y Qi Q| -¢} (15)

i=1

®(Q) = Y. P(Q) +Amax{o,

In the language of a real-coded GA, the chromosome is simply the flow vector

Q=(Q1,.-..,Qu) €R", (16)

and every gene Q; is allowed to take either the discrete value 0 (pump i switched off) or any
continuous value between its catalogue limits Q""" and Q;”i".Formally, the search space is
therefore the direct product

5= f[{(o} U [Q;.W,Q;m'"}) CR" (17)

i=1

a mixed discrete/continuous domain on which the real-valued genetic operators (arithmetic
crossover, Gaussian mutation, etc.) act. Within this space, the feasible region

F={QesS:[}_ Qi-Q'l<e} (18)

collects all flow combinations that satisfy the contractual delivery band. Each individ-
ual therefore carries the flow genes and a vector of self-adaptive mutation strengths
o= (0, ,0u) witho; > 0.

Thus, a genotype Is (Q,0) € S x R" where flows Q € S.

We define

F(Q,0) = —®(Q) (19)

which serves as the fitness value fed to the evolutionary operators: maximizing F is exactly
the same as minimizing the total electrical power.
The selection follows a k-tournament scheme where

1.  Input—the current population P = { [ SPR ngop} and a tournament size k (e.g.,
k=3).

2. Draw competitors—to pick one parent, draw k distinct individuals from P without replace-
ment; every member of P has the same chance of being chosen for this mini-contest.

3. Evaluate—compute the fitness F(g) for each of the k competitors.

4. Select the winner—keep the individual with the highest fitness (break ties at random).
This winner becomes a parent and is pushed into the mating pool.
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5. Repeat—return the sampled competitors to the main population (sampling with
replacement at the tournament level) and repeat Steps 2—4 until the mating pool
reaches the desired size (typically the same as the population size).

Because each tournament is an independent random draw, a particularly strong indi-
vidual may win multiple tournaments and appear several times in the mating pool, while
weaker individuals may be excluded entirely. The parameter k controls selection pressure:
k =1 gives pure random selection, whereas larger k values disproportionately favor the
fittest chromosomes, accelerating convergence but risking premature loss of diversity.

Adaptive Arithmetic crossover

For every two parents (Q(l), 0'(1)) and Q(Z), o) where each parent consists of
the following:

e A flow vector Q) or Q) (one gene per pump).
e A mutation-strength vector c(1or o) (one self-adaptive o per gene).

then draw a Blend Factor.
o~ N(05,0% ), 0eg = 0o (1-£),

where:

e The meanis 0.5, on average, and the offspring inherits equal weights from each parent.
e  The standard deviation ;¢ shrinks linearly from an initial value op at generation g =0
to 0 at the final generation g = G.

o Early in the run o ¢ is large and = « can wander well away from 0.5, encour-
aging exploration.
o Late in the run o is tiny and = « stays near 0.5, promoting fine-grained exploitation.

Then, recombine each pump-flow gene

Q; = ochl) +(1 —zx)QEZ), 1=1,...,n
o If x=0.75, the offspring’s i-th flow sits three-quarters of the way from parent 2 toward
parent 1.
e  Because flows are real numbers (not bits), this arithmetic mix creates intermediate
solutions that may lie outside the parents” discrete choices—useful for searching
continuous design spaces.

Finally, the offspring strength is

Ui/ = %((Ti(l) + (Ti(2>)

e A simple average is enough: it keeps (Ti, inside the range spanned by the parents,
preserving self-adaptation information without biasing toward one line.
e  These o values will mutate again later, continuing to tune the search radii gene-by-gene.

Furthermore, self-adaptive Gaussian mutation with hydraulic repair is performed
as follows:

For each gene i:

Update the mutation radius (“strength”) for every gene:

0; + 0;exp(tN(0,1)), wheret = L

V2n
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The log-normal rule lets each ¢; grow or shrink on its own. If a chromosome is far
from the optimum, large positive noise will inflate ¢; and encourage bigger jumps; once it
homes in, the noise is more likely to be negative, squeezing o; for finer moves.

Gene perturbation:

Qi + Qi +0;N(0,1)

This Gaussian kick uses the freshly updated o; as its step size, so exploration and
exploitation are both decided locally, gene by gene.
Hydraulic constraint repair:

e Bounds check—after mutation:

0 { 0, Qi< lei” and chosen of f
1

minmuxQ;-"m , Qi, Q"™ otherwise

e  Flow-balance adjustment—compute the delivery error:

A=) Qi-Q

while [Al>e:
o IfA>0,choose I with Q; > Q""setA; = min{A, Q; — Q""" } and
Qi Qi—AA—A-A;
o If A <0,chooselIwith Q; < Q;”i”setAi = minA, Q" —Q; and
Qi+ Qi+A, A=A+ A
To intensify the search, a memetic local-search cycle is applied as follows:
e  After hydraulic repair, draw a small random subsetS C {1,....,m}
e Define a step sizei € S:

i = p(QZ-”‘”‘ - Q;-"i"), p < 1(e.g., 0.01)
e  Iterative hill climb (up to L rounds).

o For eachi € S : consider two candidates QZG),with QS;) = Q;F;
o repair each trial vector to restore feasibility;

o Compute Objective ¢ (QEJF))

Among the three options {QEH , Qf_), Q; }, keep the one with the lowest ®.

If no gene in S improves during a full round, exit early.

Finally, Survival Strategy includes Elitism, where after offspring are generated, merg-
ing them with the current population, rank by fitness F, and copying the best E solutions
unchanged into the next generation. This guarantees that the top performers are never lost.

Replacement (next generation): Fill the remaining Npop — E slots with the best
offspring that are not already elites, preserving diversity while keeping overall quality high.

Stopping rules: Keep a global best record and terminate when

(i) The maximum number of generations is reached,
(if) Fitness has not improved for a preset stall window (stagnation), or

(iii) The target fitness ( leobal) exceeds a threshold.

2.1.3. MILP—Based Optimization

The mixed-integer linear Programming (MILP) optimization approach was imple-
mented and solved using the PuLP optimization library in Python, version 3.12.2. By
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employing a piecewise linear representation of the pumps’ power consumption curves,
the power consumption was modeled using predefined breakpoints derived from actual
performance data (flow rate vs. shaft power). This method makes it possible to represent
the nonlinear characteristics of real-world pump efficiency curves with high accuracy. The
objective function, the minimization of shaft power consumed by all pumps, is expressed
like this:

M pumps Mpoints
minimize Z Z 0; i - shaft_power_points;
i=1 k=1

where

- 0; are continuous decision variables representing interpolation weights (values be-
tween 0 and 1) assigned to the k-th breakpoint of pump i.

- shaft_power_points; ; are the shaft power values corresponding to breakpoint k for
pump i.
The constraints of the model enforced that the aggregated flow from all pumps

matched exactly the required total stochastic demand Q¢

Npumps

Z Qi = Qrotal
i=1

The flow delivered by each pump is presented as

Mpoints

Qi = 2 Oik - onints,i,k/ , Vi
k=1

Additionally, conditional constraints ensured logical pump activation, requiring each
pump’s flow rate to remain strictly within predefined minimum and maximum operational limits:

Qmin,i “Yi < Qi < Qmax,i Vi

where y; is a binary decision variable representing the ON /OFF status of the pump (active: 1,
inactive: 0). The model was solved using the CBC solver, an open-source mixed-integer
linear programming solver integrated within the PuLP framework.

3. Results

This section presents the outcomes obtained from applying the Memetic Algorithm
(MA) to the Parallel Pump Optimization Problem within the operational context of wastew-
ater treatment plants (WWTPs). To rigorously assess the algorithm’s performance, data
from 100 independent simulation runs were analyzed, under stochastic flow demand sce-
narios as detailed previously in Section 2. The Memetic Algorithm consistently delivered
important improvement in energy efficiency, achieving an average power reduction of
approximately 12% across all runs under variable flow demand conditions.

The convergence behavior of the MA is illustrated in Figure 4, highlighting rapid initial
progress in power savings during the first 10 generations. This early rapid improvement
underscores the algorithm’s efficiency in exploring promising regions of the solution space.
After 15 generations, the improvement rate decreased, entering a stable plateau phase
where the solution quality consistently settled at an average reduction of 12.13%. The
stabilization at this point suggests the algorithm had effectively reached a near-optimal or
optimal solution state.
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Improvement in Power Efficiency over Generations (100 runs)

12 4

10 +

% Power Savings

Generation

Figure 4. Convergence trajectories of percentage power savings achieved by the Memetic Algorithm
across 100 independent runs. Each thin line represents a single run; the algorithm reaches >12%
savings within the first 10-15 generations and then stabilizes, indicating reliable convergence to a
near-optimal solution.

The reported energy savings are relative to a baseline scenario established through the
equal flow distribution method, as described earlier in Section 2.1. This method reflects a
pragmatic, yet non-optimized strategy commonly applied in operational practice, providing
a clear benchmark to quantify the advantages of the MA-based optimization method.

The Memetic Algorithm consistently demonstrated substantial performance advan-
tages over this baseline, achieving an average energy saving of approximately 12.13%.
Statistical analysis further reinforced these findings, revealing a narrow 95% confidence
interval tightly bounded between 12.09% and 12.17%. This tight interval not only under-
scores the algorithm’s robustness and stability but also confirms its capability to reliably
achieve near-optimal performance across a range of stochastic flow conditions encountered
in WWTP operations.

This is illustrated also in Figure 5, where the distribution of power savings at selected
generations using a violin plot is shown. The initial generation (Gen 0) exhibits no savings,
serving as a null baseline. By Generation 10, the spread of outcomes is wider, reflecting
the exploratory phase of the search process. However, by Generation 15 and onward to
Generation 100, the distributions become sharply concentrated around the mean, indicating
convergence and stabilization of the optimization process. The consistent performance,
as indicated by the minimal variability in results, supports the practical applicability of
MA as a dependable solution for real-time operational energy optimization in wastewater
treatment systems.

The Mann-Whitney U-test was employed to statistically evaluate the differences
between the optimized values and the unoptimized values, considering the relatively small
sample size and the non-normal distribution of the data. The test produced a U-statistic
of 10,000.0 with a p-value approaching zero (p < 0.0001), demonstrating high significant
difference between groups at the significance level of « = 0.05. Additionally, the U-value
combined with the rank-biserial correlation effect size was —1.0, reflecting a consistent ad
definitive difference as it is shown also in Figure 6, meaning the optimized values were
consistently lower than those of the unoptimized values.
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Distribution of Power Savings at Key Generations
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Figure 5. Violin plots of % power savings: Gen 0 shows no gain; Gen 10 displays wide exploratory
spread; by Gen 15 and persisting to Gen 100 the distribution contracts tightly around ~ 12%,

confirming convergence.
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Figure 6. Rank distribution shows complete separation between baseline and optimized energy consumption.

In Figure 6, all optimized runs (orange) achieved lower ranks (lower energy con-

sumption) than all baseline runs (blue) when ranked together (n = 200 total observations),

demonstrating perfect optimization effectiveness. Specifically, the MA demonstrated an

average power reduction of approximately 485.64 kW, corresponding directly to the previ-

ously reported average savings.

Furthermore, a performance analysis was conducted to evaluate the effectiveness and

efficiency of the Memetic Algorithm against traditional optimization approaches, where

there was considered a genetic algorithm (GA) and a mixed-integer linear programming

(MILP) method using a piecewise-linear approximation. Figure 7 illustrates the convergence
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profiles of energy savings for these three methods, clearly demonstrating the MA’s superior
convergence characteristics. The MA exhibited not only faster convergence toward optimal
solutions but also greater stability in performance across stochastic simulation conditions, as
evidenced by its relatively lower variability in energy savings over successive generations.
This graphical comparison underscores the practical advantages of using the MA for real-
time optimization tasks in wastewater pumping systems, highlighting its capability to
provide consistent and resilient results even under fluctuating operational demands

Power Savings Comparison - All Algorithms

Power Savings (%)

= GA (mean)
—— MA (mean)
0 == MILP (mean: 2.10%)

0 20 40 60 80 100
Generation

Figure 7. Average power-savings per generation: MA reaches ~ 12% within 10 generations, outpacing
GA (slower rise) and MILP (plateau ~ 2%).

The computational performance analysis showed notable differences among the con-
sidered optimization methods. Although both the genetic algorithm (GA) and the Memetic
Algorithm (MA) eventually converged to comparable final solutions, the MA demonstrated
a clear advantage by achieving convergence meaningfully faster, typically within approxi-
mately 15 generations, as reported also in Table 2. This rapid convergence indicates the
MA'’s enhanced capability to efficiently explore and exploit the search space, benefiting
from its integrated local refinement process.

Table 2. Performance comparison between GA and MA.

Metric Time [s] Generations

GA MA GA MA
Mean 0.16 0.12 20.4 14.8
Minimum 0.06 0.02 - -
Maximum 0.33 0.22 - -
Std. Deviation  0.05 0.04 5.6 5.0

Figure 8 provides a comparative visualization of computational performance metrics
across the MA, GA, and mixed-integer linear programming (MILP) methods. The figure
highlights the superior computational efficiency of the MA, consistently achieving quicker



Sustainability 2025, 17, 6296

18 of 21

convergence compared to the GA, which required a notably higher number of generations
to reach similar optimal results. Conversely, the MILP approach exhibited the lowest
absolute computational time; however, this faster execution was accompanied by compro-
mised solution quality. The MILP method consistently produced inferior energy-saving
results compared to the MA, underscoring the trade-off between computational speed and
optimization effectiveness.

Computation Time Comparison - All Algorithms
1 |GA/MILP ratio: 3.19x ®
MA/MILP ratio: 2.68x

0.30

—e— GA (mean: 0.15s)
*— MA (mean: 0.13s)
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Figure 8. Average computation time per run: MA ~ 0.13 s, GA ~ 0.15 s (both ~ 3x slower than
MILP’s 0.05 s) yet still suitable for real-time use given MA'’s higher energy-saving accuracy.

4. Conclusions

Overall, these results position the Memetic Algorithm as an optimal balance of com-
putational efficiency and solution quality, making it appropriate for real-time applica-
tions in WWTP operations, where both rapid decision-making and high-quality solutions
are critical.

This paper aligns with the development objectives of characteristic systems of Indus-
try 4.0 applications and the integration of complex systems, including the deployment of
artificial intelligence within industrial plants and automation. Moreover, it is consistent
with the principles of the new European directive on Industry 5.0, which emphasizes
research and innovation for improving sustainability in support of a more human-centric,
and resilient European industry.

Considering not only the immediate technical contributions, these findings also have
broader significance in the context of sustainable infrastructure management. The im-
provement of these infrastructures contributes directly to global energy conservation goals
and carbon emission reduction targets. Furthermore, the demonstrated near real-time
computational performance underlines the practical feasibility of integrating the pro-
posed framework into smart water management systems, enabling dynamic and adaptive
operational control.

Nevertheless, future implementations should account for additional real-world com-
plexities, including unpredictable operational anomalies, planned maintenance sched-
ules, and sensor inaccuracies. Expanding optimization objectives to encompass system
and equipment health monitoring could enhance the durability and reliability of this
approach’significantly.

Future research should prioritize validating the proposed framework in operational
WWTP settings, exploring multi-objective optimization strategies, and integrating real-time
data streams to evaluate scalability and adaptability under dynamic operational conditions.
These findings align with, and extend, the current body of literature highlighting the
strengths of hybrid evolutionary algorithms for addressing complex industrial optimization
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challenges characterized by nonlinearities and shifting operational contexts. Compared to
conventional heuristic or rule-based methodologies, the Memetic Algorithm (MA)-based
framework provides superior optimization quality, increased operational flexibility, and
enhanced computational efficiency.

This development represents a substantial advancement toward broader sustainability
objectives, as outlined in international initiatives such as the Paris Agreement and the EU
2030 Climate and Energy Framework. By reducing energy consumption and associated
greenhouse gas emissions in WWTP operations, it contributes meaningfully to global
sustainability targets.

The near real-time capabilities of the proposed framework emphasize its suitability for
practical implementation, providing WWTP operators with a responsive decision-support
tool for effectively managing fluctuating flow demands, operational disruptions, and
variable hydraulic conditions without compromising optimization performance.

To conclude, the Memetic Algorithm exhibits considerable potential as an effective
decision-support mechanism for WWTP operations. It consistently delivers rapid, reli-
able, and high-quality optimization outcomes, achieving measurable energy savings and
supporting long-term sustainability objectives. Future research and development should
address real-world implementation challenges, such as sensor reliability, maintenance
constraints, and equipment durability, to fully maximize operational benefits and enhance
the general applicability of the approach.
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The following abbreviations are used in this manuscript:

WWTP  Waste Water Treatment Plant
SDGs Sustainable and Development Goals

MA Memetic Algorithm

GA Genetic Algorithm

M&S Modeling and Simulation
Al Artificial Intelligence
GUI Graphical User Interface

SCADA  Supervisory Control and Data Acquisition
MILP Mixed-Integer Linear Programming
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