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Abstract

The research elaborates on a Water—Energy Recovery System (WERS) that
has been developed as a sustainable manufacturing enhancer by extracting
hydraulic energy from industrial wastewater networks. The study uses an
extensive dataset of a Full-Scale Wastewater Treatment Plant from six impor-
tant industrial areas of Iran, and the framework goes through extensive data
preprocessing which consists of noise reduction, normalization, and extrac-
tion of the main indicators like Specific Energy Consumption (SEC) and
Flow Power Ratio (FPR) for the evaluation of hydraulic—energy relationships.
Hydraulic head estimation, power calculation, and multi-criteria ranking that
considers flow stability, installation feasibility, and cost-effectiveness are the
methods used to unearth the potential recovery locations. The WERS that
comprises of a pump-as-turbine arrangement for hydraulic energy conversion
is also backed by storage and smart control units, and the measurement
of environmental and economic performance is done through a Life Cycle
Assessment (LCA) integrated with Techno-Economic Assessment (TEA).
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Non-dominated Sorting Genetic Algorithm II (NSGA-II) is the one that per-
forms the multi-objective optimization by maximizing the annual recovered
energy and minimizing the total system cost. The outcomes show a total
recoverable energy potential of 6.8 GWh from 613 Hm? of the industrial
wastewater, the Caspian region being the highest contributor (3.2 GWh). The
configured WERS with optimization results in a power of 31,110.72 kW, CO»
reduction of 2.23 x 108 kg annually, and strong economic viability indicated
by payback and cost-benefit metrics. These results accentuate the remarkable
potential of water-based energy recovery as a large-scale solution of future
low-carbon and resource-efficient industrial operations.

Keywords: Water—energy recovery system, industrial wastewater, hydraulic
energy recovery, specific energy consumption, techno-economic assessment,
NSGA-II optimization, sustainable manufacturing.

1 Introduction

The use of water-based energy systems in industrial design has become a
major technique to accomplish sustainable manufacturing during the time of
concern for the environment [1]. The industrial sectors are responsible for
a large part of the world’s energy use, which brings about a corresponding
increase in carbon dioxide emissions and destruction of the environment. The
installation of water-based generators, micro-hydropower systems, and piezo-
electric energy harvesting systems basically reflect the capacity to change
industrial activities [2]. These kinds of plants take advantage of both kinetic
and potential energy from water streams and then supply the industry with
clean electric power [3]. This trend not only lowers the overall fossil fuel
requirements but also improves the efficiency of the power use in total.
Moreover, eco-friendly manufacturing requires the waste to be kept to a
minimum and the resources to be taken full advantage of, which is in line with
worldwide sustainability objectives [4]. If water-based systems are combined
with industrial design then the operation will not be interrupted, and the
environment will be protected. The framework guides the area of industry
to attain the goals of carbon neutrality and resource circularity [5]. Finally,
this change of attitude leads to the transition from traditional power-hungry
production methods to the self-sufficient, water-powered energy models.
Water-based energy integration is being driven largely by the demand for
industrial energy to expand, the depletion of resources, and the increasing
carbon footprints. Industrialization processes that are so fast have increased
non-renewable sources use and they have caused very serious damages to
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the environment [6]. Water, having the characteristics of a resource that is
both very available and very renewable, provides a sustainable substitute
for fossil fuels and other forms of conventional energy. The present energy
conversion systems are not efficient, and that is why they lose so much energy
during the production process [7]. The industrial water waste streams that are
normally discarded have an enormous amount of energy that is not being
utilized. The developments in fluid dynamics, materials, and sensor-based
monitoring have opened the door for using water-based energy harvesting in
various scales [8]. All these factors have made it compulsory for industries
to investigate the possibilities of renewable energy being mixed up in the
manufacture of electricity [9]. Energy independence and lower operating
costs are other factors that contribute to this transition. Therefore, creating
a framework that will analytically introduce water-based energy systems
into industrial processes is a technological as well as an environmental
necessity [10].

Many approaches are there already that try to integrate sustainable
energy solutions into the process of industrial manufacturing. However,
each approach has some limitations. Micro-Hydropower Systems (MHPs),
Triboelectric Nanogenerators (TENGs), and Piezoelectric Energy Harvesting
(PEH) are some of the methods that have been tried for the conversion
of water-driven energy [11]. Hydrokinetic Turbine-Based Systems are the
ones that depend on the water flow, but they are still very costly in terms
of both installation and maintenance. Fuel cells and other Electrochemical
Energy Conversion Methods produce great energy output but at the cost of
being very complex in their operational controls and requiring expensive
catalysts [12]. Thermoelectric Recovery Systems are the ones that take the
waste heat and turn it into power, but their application range is limited due
to being fluid-based environments. Hybrid Photovoltaic-Hydropower Models
are the ones that help in the sustainability aspect, but they are highly reliant
on the fluctuating environmental conditions [13].

Microfluidic Energy Harvesting Systems produce energy localized to
the area but are not good for large-scale industries [14]. Another point is
that a lot of the systems still have not been adapted to existing industrial
architectures which causes inefficiencies in the real-world deployment. More-
over, energy storage and conversion losses are still very critical challenges.
Hence, a comprehensive and integrated water-based energy framework is
necessary to eliminate these drawbacks and make industrial manufacturing
sustainable [15].

Emphasized the growing role of distributed renewable systems and decen-
tralized energy recovery frameworks in improving industrial sustainability.
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For instance, studies published in the journal have investigated the
integration [16] of micro-hydropower technologies within existing water
infrastructure to enhance distributed power generation efficiency. Other
works have examined hybrid renewable configurations combining hydraulic
and [17] alternative energy sources to ensure operational stability and eco-
nomic feasibility. Furthermore, multi-objective optimization techniques for
distributed generation planning have been [18] discussed to balance energy
output, cost, and environmental performance. These contributions collec-
tively highlight the importance of decentralized energy recovery systems
in achieving low-carbon industrial transformation, thereby reinforcing the
relevance of the proposed WERS framework within the context of distributed
generation research.

The WERS proposed framework eliminates the main disadvantages of
energy systems based on water by introducing a common industrial structure
for both hydraulic energy recovery. Although the WERS is different from the
conventional micro-hydropower or piezoelectric systems that depend solely
on one energy source, it has the capability to extract kinetic, potential, and
electrochemical energy from the water used in industries. The joining of two
energy sources guarantees that the energy consumed is very efficient and
stable during changes in flow and head conditions. It is easy to integrate the
system’s modular design into the existing industrial infrastructures without
affecting the operational processes. In addition to that, the intelligent control
circuits and energy storage units contribute a lot to the conversion losses and
energy management. The optimization of the system through the NSGA-
IT suggests the multi-objective adaptability of energy recovering, cost, and
environmental performance is done in a balanced way. The significance
of this research is thus in setting up an innovative and data-driven multi-
energy hybrid recovery framework that guarantees cross-cutting benefits
of operational excellence, cost-effectiveness, and long-term environmental
sustainability in industrial manufacturing.

1.1 Key Contribution
Below are the primary contributions of this research:

* Developed a hybrid WERS system incorporating a pump-as-turbine and
hydro unit for the purpose of energy recovery with high efficiency.

* Analyzed industrial wastewater datasets for the purpose of identifying
areas with the highest energy recovery potential based on hydraulic
parameters.



Integrating Water-Based Energy Solutions in Industrial Design 619

* Designed a multi-criterion ranking system for the purpose of evaluating
the sites about the characteristics of flow stability, installation difficulty,
and cost-effectiveness.

* Tuned the WERS setup via NSGA-II in a way that energy recovery was
at a peak and the cost incurred during operation was at a minimum.

* The simulation proved the sustainability and efficiency of the system
and pointed out its usefulness for carbon-cutting industrial processes.

The subsequent sections of the document are organized like this: In
Section 2, a review of literature concerning sustainable manufacturing and
energy recovery through water is given. The proposed WERS framework
and the NSGA-II optimization are discussed in Section 3. The results and
performance analysis are presented in Section 4, whereas Section 5 provides
the conclusion of the study along with the indication of future improvements.

2 Related Works

Maldonado-Romo et al. [19] employed a systematic literature review through
the Life Cycle Engineering framework and utilized both bibliometric and
content analysis approaches to identify sustainable practices in the manu-
facturing sector. The research highlighted the main sustainability aspects,
but it was restricted by secondary data dependence and lack of coverage
on social sustainability. Tegtmeier et al. [20] reviewed the literature to mod-
ernize the herbal remedy production via eco-friendly chemical engineering
and digitalization in a very thorough way. Yet, the study faced the restric-
tions of limited experimental validation and not wholly completed industrial
scalability assessments. Xie et al. [21] presented a literature overview on
the evaluation of eco-friendly design for kindergarten furniture that mainly
focused on sustainability and child welfare. The researchers utilized AHP
combined with GCA to rank different design options. Still, the research was
limited by a small sample size and hence, the results were not applicable to
different kinds of furniture.

Yao et al. [22] reviewed novel marker pen cap designs with the aim of
avoiding both the loss of the cap and the evaporation of the ink. The study
was underpinned by TRIZ, intrinsic safety principles, and universal design
methods, with the evaluation being supported by SERVQUAL, Kano, and
IPA analyses. Nonetheless, the study’s outcomes were restricted because of
the testing of prototypes and the non-representative user sample. Thebuwena
et al. [23] performed a methods for saving water in urban tall buildings that
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are deprived of water supply. The method employed was a case study using
LEED green building guidelines for assessing sustainable water management
strategies. Despite the above, the study was limited by its focus on a single
building and no long-term performance evaluation. Niekurzak et al. [24]
published the comprehensive recycling of crystalline silicon PV cells and
modules. The study utilized a thermal delamination technique and a SWOT-
based techno-economic analysis to assess recycling effectiveness and the
economic side. However, it could not be helped that these limitations were
the result of the laboratory-scale realization and the non-availability of full
industry validation.

Khan et al. [25] performed the optimization of Microbial Electrochem-
ical Cells for wastewater treatment, carbon capture, and hydrogen produc-
tion. They implemented the Entropy-TOPSIS multi-criteria decision-making
methodology to find out the best operational parameters. However, the
study was limited to simulation conditions and did not validate its findings
through large-scale experiments. Yang & Vezzoli [26] performed a green
furniture innovation through LCD principles. The research was characterized
by a design-based methodology that included case studies, workshops, inter-
views, and focus groups to create LCD guidelines and toolkits. Nevertheless,
this kind of study has numerous limitations including boundary on geo-
graphical where cases were taken and subjective interpretation among their
designers. Despeisse et al. [27] combined sustainability and digitalization
in manufacturing. A bottom-up systematic review method was used in the
study that analyzed 208 empirical studies to generate propositions and a
Digitalized Sustainable Manufacturing framework. But the study had some
limitations such as the presence of publication bias and the inability to
conduct longitudinal industrial validation.

Remic et al. [28] assessed the environmental impacts of wood-based
products by the CAD-integrated LCA tools. A comparative analysis method
was applied in the study with SolidWorks, NX, Fusion, and SimaPro as the
tools for life cycle impacts evaluation. However, material databases were
limited, and the CAD tools were not able to cover the entire life cycle, thus
the study was restrained. Zhang et al. [29] investigated the sustainability issue
in the Yangtze River Delta by taking the Landscape Infrastructure concept
as a base. The research utilized remote sensing, GIS analysis, and spatial
modeling techniques to experiment with designing ecological corridors. The
study, nevertheless, faced limitations such as being region-specific and the
lack of long-term ecological validation. Khalid et al. [30] outlined the use
of the ohmic heating-assisted extraction process to recapture some valuable
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substances from food industry waste. The study adopted a critical review
and comparative analysis method to measure extraction efficiency throughout
various waste sources. Nevertheless, the study was restricted by lack of con-
sistency in the experimental conditions and absence of large-scale industrial
validation.

2.1 Research Gap Summary

The accumulated evidence points out that the sustainable manufacturing,
environmental design, and green technology applications fields have under-
gone substantial transformation; however, most of the current practices are
still hindered by the analytical techniques that have been used so far and sys-
tem integration that has been kept narrow [31]. The methods employed, such
as bibliometric analysis, AHP-GCA, TRIZ, LEED-based case studies, and
thermal delamination did provide important perspectives, but they were not
able to allow for interoperability across domains, real-time adaptability, and
dynamic assessment of lifecycle capabilities. Moreover, several papers relied
on secondary or simulated data, which significantly limited the applicability
of their research findings in the cases of industry or environment [32]. The
limitations are a signal for the requirement of cumulative, hybrid data-driven
analytical frameworks that can accommodate environmental, social, and
economic sustainability metrics within one adaptable system simultaneously.

There are already some alternative and more powerful methods that can
be used to fill the mentioned gaps. Hybrid Multi-Criteria Decision-Making
models combined with machine learning, such as Fuzzy-DEMATEL-ANP—-
TOPSIS, can manage the uncertainty and sustainability inter-dependence
much better [33]. System Dynamics modeling and Agent-Based Simula-
tion can give continuous feedback on the environmental and economic
interactions throughout the different life cycles. Moreover, the coupling of
Digital Twin—enabled Life Cycle Assessment and Al-driven optimization
frameworks will further the real-time monitoring, prediction, and process
flexibility [34]. Thus, these methods will provide a comprehensive, scalable,
and adaptive assessment of sustainability performance, therefore, closing the
gap between the theoretical frameworks and the industrial applications.

2.2 Objectives

This research will achieve its aim through the following activities:

* Design a mixed WERS framework that will bring together pump-as-
turbine for effective energy recovery from multiple sources.



622 Xiaoxia Lu

* Gather and examine data sets linked to the industrial water-energy sector
to determine the optimal locations for energy recovery fortuitously from
the hydraulic conditions.

* Develop a multi-criteria site ranking model that will classify the pos-
sible recovery points considering the three aspects namely technical
feasibility, reliability, and cost-effectiveness.

* Apply NSGA-II optimization to check which WERS configuration is
the most eco-friendly one, by looking at the trade-off between energy
recovery, cost, and environmental performance.

* By simulation and assessment, the system’s performance as a whole and
the sustainability results will be judged and confirmed in the context of
future use in industrial settings.

3 Water-Energy Recovery for Sustainable Industrial
Wastewater Framework

The Water—Energy Recovery System (WERS) described in this paper consists
exclusively of hydraulic energy recovery. It has the pump-as-turbine units that
generate energy using the flow and pressure of industrial wastewater as its
source. The methodology workflow Figure 1 suggested starts with industrial
wastewater treatment plants, data collection and then the data preprocessing
step involving cleaning, noise reduction, normalization, feature scaling, and
statistical validation to confirm data quality.

The dataset after refining is then utilized for the potential energy recov-
ery site identification phase which consists of hydraulic assessment, power
estimation, and multi-criteria site ranking. After that, the WERS is designed
and incorporated to predict power output and evaluate sustainability and
economic feasibility. The entire process is subjected to model optimization
via the NSGA-II algorithm to attain maximum efficiency and minimum cost.
In the end, a comprehensive performance evaluation is carried out through
Pareto analysis, CAPEX comparison, cumulative energy trends, and regional
site performance visualization.

3.1 Data Collection

Dataset of the Full-Scale Wastewater Treatment Plant [35] that is presented in
this study comprises a full set of time-series data from wastewater treatment
plants in Iran. The data includes hydraulic flow rates, power usage, temper-
ature, dissolved oxygen, and weather variables. It gives a main concern to
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Figure 1 Water—energy recovery for industrial wastewater: methodology diagram.

hydraulic parameters, for instance, flow and pressure, energy consumption,
and environmental conditions like temperature, as they are the main factors
determining the hydraulic energy recovery potential.

3.2 Data Preprocessing

The preprocessing stage is the one that guarantees the industrial water—energy
dataset is of good quality, consistent, and compatible with analytical mod-
eling and simulation. The Dataset is subjected to three main preprocessing
operations: (i) missing and noisy data are corrected by means of interpolation
and smoothing filters that do not disrupt the continuity of the signal, (ii) nor-
malization and feature scaling are applied through the min—-max method to
make variables with different physical units and magnitudes comparable in
terms of range, and (iii) feature engineering and statistical validation are car-
ried out to extract meaningful indicators like Specific Energy Consumption
and Flow Power Ratio with the assurance that there is a strong correlation
between the hydraulic and the energy parameters. The extractions of the
preprocessing steps turn the raw industrial data into a clean, structured, and
reliable format that can thus support the accurate energy recovery estimation
and system optimization in the following modeling stages.
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3.2.1 Data cleaning and noise reduction

Data in their raw form from industrial operations are sometimes subject to
losses, shifts in sensor readings, random noise from the malfunctioning or
temporary changes in the operation of the equipment. According to Equa-
tion (1), missing value imputation (X;) for each time ¢ is accomplished
through either linear interpolation or mean substitution.

X1+ Xt
2

Here, X;_; and X1 represent the measured hydraulic flow or energy
consumption values that were recorded just before and after, respectively,
and X is the value that has been computed. Furthermore, a moving average
filter smoothing technique is applied to get rid of the short-term noise and to
reveal the real operational trends, as described in Equation (2),

X; = (D

1 n—1
X =~ E% X 2)
1=

In this case, Xt refers to the observation that is smoothed at time ¢, X;_;
is the measured value at the ¢-th interval preceding, and n is the size of the
window.

3.2.2 Normalization and feature scaling
Following the cleansing of the dataset, normalization and feature scaling
techniques were applied with the intention of modeling and optimization
so that all variables would be relatively equally important. The industrial
water energy dataset contained parameters that were totally different from
one another like flow rate (Q, m>/h), hydraulic head (H, m), temperature
(T, °C), and energy consumption (P, kWh) which have very different units
and magnitude as well. The min-max normalization method, following the

formula in Equation (3), adjusted each variable to the range of O to 1,

! X — Xmin
X = Xmax - Xmin (3)
Where, X stands for the original value and X,;; and X .x denote
the minimum and maximum values, respectively. Thus, regression models,
simulations, and optimization algorithms-such as NSGA-II for hybrid water-
energy system design-can easily evaluate energy recovery potential, thereby
promoting sustainable manufacturing via effective water-energy integration.
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3.2.3 Feature engineering and statistical validation
Derived features are computed to boost the predictive power of the dataset as
well as to tie down the connection between hydraulic behaviour and energy
consumption. The Specific Energy Consumption, calculated as Equation (4),
measures the energy needed per unit volume of treated water,
P
SEC = — “4)
Q
Where, P is the energy consumption (kWh) and @) the water flow rate
(m3/h). In contrast, the Flow Power Ratio calculates the energy intensity as
per flow and is given by Equation (5),
Q
FPR = — 5
iz ®)
These derived metrics expose the areas of the plant which energy recovery
is the most and thus, help in the selection of sites for hybrid water-energy
systems. A Pearson correlation coefficient is used to measure the reliability
of the dataset by indicating the correlation between flow (Q;) and power (F;)
as shown in Equation (6)

r = Z?:l(Qz_QXPZ—p)
VI @i - 0P, (P P

Where, Q and P are the average values of flow and power, respectively.
A very strong correlation (r > 0.8) indicates that the dataset is a reliable
representation of the interaction between hydraulic parameters and energy
consumption and that therefore subsequent energy-recovery modeling and
hybrid system design will be based on consistent and physically meaningful
data.

(6)

3.3 Potential Energy Recovery Site Identification

The process of finding out possible places for energy recovery started by
checking the hydraulic and operational parameters of the industrial water net-
work to find the high-energy zones that are most suitable for the installation
of water-based energy systems. The main factors that are considered are flow
rate, pressure, and available head and standard micro-hydropower equations
are employed for the calculation of recoverable hydraulic power based on
these factors. Potential sites are then categorized according to their power
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capability through the estimation of annual energy generation, which in turn
sets a data-driven basis for the following design and integration of WERS in
the industrial processes.

3.3.1 Hydraulic parameter assessment

In this phase, all the industrial water network’s process units or discharge
channels are analyzed one by one to find out which ones can produce energy
through their hydraulic potential. The flow rate (Qm?3/s) is directly measured
with process sensors, and the available head (H,y,, m) is computed through
the pressure at the respective point (P, Pa), water density (p = 1000 kg/ m),
gravitational acceleration (g = 9.81 m/ sg), and elevation difference (z,m)
according to Equation (7),

P
Hoppa=—+=2 @)
12

This analysis pinpointed the spots with enough hydraulic energy to
power micro hydro power or hybrid water-energy systems. The pressing
and height-driven energy contributions were quantified thus the evaluation
only considers the sites for integration into the proposed industrial water-
based energy recovery framework that are technically feasible and have high
potential, hence supplying a trustworthy basis for later power estimation and
design of hybrid systems.

3.3.2 Hydraulic power calculation

After identifying hydraulic parameters for every single process unit, the
recoverable hydraulic power (P,W) is estimated to evaluate the energy poten-
tial of the related site. The micro-hydropower formula given in Equation (8)
is applied for the calculation,

P=p-g-Q-H-n (8)

Where, Q (m>/s) represents the flowing rate, H (m) denotes the hydraulic
head, p (1000 kg/m?) is the density of water, g (9.81 m/s?) is the acceleration
due to gravity, and 1 (0.6-0.75) signifies the efficiency of the system. The
sites that have a power output of >2 kW or more are considered technically
feasible to integrate with the WERS. This process of power calculation gives
a quantitative foundation for locating in the industrial water network the areas
that are the most suitable for energy recovery.
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3.3.3 Annual energy estimation

Next, a yearly energy output (E, kWh/year) is computed based on the site-
specific hydraulic power, which is determined beforehand, and the yearly
recoverable energy is quantified. This is computed as Equation (9),

E=P-t )

Where, P(W) is the recoverable hydraulic power at the site, and t(h/year)
represents the total operational hours of the industrial process. Converting
power measurements at the instant of time into energy potential for the long
term is what this calculation does, and it therefore provides a quantitative
basis for comparison and prioritization of sites. It can give the maximum
energy contribution but also aligns with the main objective of reaching a sus-
tainable manufacturing pattern through an efficient water-energy integration.

3.3.4 Multi-Criteria site ranking

The evaluation of hydraulic power and annual energy potential for each site
involves a multicriteria approach which is used to identify the best locations
for WERS integration. The elements that are considered in this evaluation
are: flow stability (Qyariation ), €ase of installation and the energy-to-cost ratio.
These criteria are combined into a composite site score (.5;) for ranking which
is delineated by Equation (10),

P 1 E;
- Lt - il 1
S; = wy P + wo v (Q) + w3 c, (10)

Where, S; relates to the score of the site, P; (W) indicates the recoverable
power of the site, Ppax (W) represents the maximum power of all sites,
CV (Q;) denotes the coefficient of variation of flow which signifies stability,
E; (kWh/year) is the expected annual energy, C; ($) is the cost of installation,
and w1, wg, w3 are the weight factors that show the relative importance of
power, stability, and cost-benefit. The sites having the highest S; are the ones
prioritized for integration, thus ensuring that the energy recovery from WERS
deployment is maximized.

3.4 Water-Energy Recovery System (WERS) System Design and
Integration

The WERS system is a novel concept that not only recovers the hydraulic
energy but also captures the ionic energy of the industrial water networks by
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means of adopting pump-as-turbines, energy storage units, and smart control
circuits. The setup works together to convert hydraulic pressure and ionic
flow into electrical energy with great efficiency and at the same time provides
a continuous supply through storage, and a real-time monitoring system. The
modular arrangement is such that it facilitates smooth integration with the
existing industrial pipelines and treatment plants, thus making the production
process more environmentally friendly not only by recovering more energy
but also raising the overall system efficiency.

Hydraulic Energy Conversion

The Pump-as-Turbine unit installed in the WERS converts the hydraulic
energy of industrial water flow into mechanical energy first and then into
electrical energy, thus making it possible to recover energy in a very efficient
manner through the existing water pipelines. The power output of each
location is determined using the standard micro-hydropower Equation (11),

Phydm:p'g'Q'H'nturbine (11

Where, Pydro is the hydraulic power output in watts (W), p is water den-
sity 1000 kg/m?), g is gravitational acceleration (9.81 m/s?), @ is volumetric
flow rate (m3/s), H is the available hydraulic head (m), and 7yurbine 1S the
turbine efficiency (0.6-0.75). The system is matched with the specific site’s
flow and head conditions to maximize the amount of energy recovered while
still allowing continuous water operation.

Energy Storage and Control

The Energy Storage Unit paired with the Smart Control Circuit take care of
the surges from hydraulic to give a constant energy supply. The electrical
energy coming from the micro hydropower turbine (Fy4ro) can be stored in
either batteries or supercapacitors, thus allowing for the surplus energy to be
kept for later use and released when needed. The total hybrid power output is
given as Equation (12),

Pyot = Phydro (12)

Where, Py denotes total recoverable power (W), Piydro is the hydraulic
power output (W). The smart control circuit oversees continuously moni-
toring and controlling flow rates, membranes and storage levels to ensure
that efficiency is optimized, overloads are avoided and continuous operation
maintained. The combination of storage and adaptive control leads to less
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dependency on the grid and to a higher energy efficiency which in turn
supports the sustainable manufacturing processes in the industrial water
network.

3.4.1 Power and energy estimation

In the WERS, the real-time power output from both the hydraulic turbine and
membrane-based electro-hydro module is simulated under variable flow and
head conditions using MATLAB, which allows for the site-specific energy
recovery to be accurately estimated. The overall hybrid power is represented
as Equation (13),

Piot =(p-9-Q - H - Nhydro) + (K - AC - Nyem) (13)

Where, Pio is the total electrical power output (W), p is water density
(1000 kg/mS), g is gravitational acceleration (9.81 m/s?), Q is volumetric
flow rate (m>/s), H is the hydraulic head (m), 1y aro 1s the turbine efficiency,
K is the constant of proportionality that indicates the ionic conductivity, AC
is the ionic concentration difference across the membrane, and 7pem, 1S the
membrane conversion efficiency. The total energy conversion efficiency of
the WERS is then determined as Equation (14),

Ttot = Loutput 4009 (14)
Rnput

This calculation evaluates the performance of the hybrid system very
accurately in terms of converting hydraulic energy into electricity, thus
supporting the energy efficiency of the industrial sector and the sustainable
manufacturing goals of the proposed framework. The simulation not only
assesses the performance of the system, but it also facilitates the optimization
of the system due to the consideration of its operation under diverse condi-
tions of water flows, heads concentrations. Thus, it is ensured that the WERS
design can recover the maximum amount of energy while at the same time

being stable in operation.

3.4.2 Sustainability and economic assessment
The sustainability together with the economic performance of WERS are
assessed through a combined Life Cycle Assessment and Techno-Economic
Assessment framework which quantifies both environmental and financial
viability. The environmental impact is represented by the COo emission
reduction and is calculated according to Equation (15),

002 = Erecovered X EFgrid (15)

saved
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Where, Elccovered representing the yearly energy recovered (kWh/year)
and EFgiq being the emission factor of the grid (kgCO2/kWh). The eco-
nomic scenario is depicted through the payback period (7},), while the Return
on Investment is calculated as per Equation (16),

T — Cinstall’ ROI = Sannual - C'operation % 100% (16)
Sannual Cinstall

Where, Cinstan Stands for the total installation cost, Sinnual denotes

the annual savings in energy cost, and Cyperation 1S the annual operational

cost. This joint approach illustrates how much the WERS has reduced the

carbon footprint while still being an economically viable option for the

recovery of energy from industry. Integrating Life Cycle Assessment and

Techno-Economic Assessment into the design evaluation, the framework

guarantees an accomplishment of sustainable manufacturing goals through

the mitigation of environmental impact and the utilization of energy in a
cost-effective way.

3.5 Model Optimization Using NSGA-II

The multi-objective optimization with the aid of the NSGA-II is the main
reason for the WERS being more efficient. This method not only fully
recovers energy but also cuts down operating costs to the least possible level
while complying with the given restrictions like flow rate, hydraulic head, and
minimum power output. The approach assesses possible solutions through
several generations, ordering them according to Pareto dominance which will
yield the best compromise between efficiency and cost. Thus, it becomes
possible to select WERS settings that are environmentally friendly and at
the same time economically viable.

3.5.1 Maximization of total recovered energy

In the WERS, the total recovered energy (Fiqta1) expresses the sum of electri-
cal energy produced throughout the year by two sources: the hydraulic turbine
(Phydro) and the membrane-based module (Ppem). The total recovered
energy is thus calculated as in Equation (17),

Etotal = Z(Phydro + Pmem) -t (17)

Where, Pydro is the hydraulic power output (W), Pyem is the ionic-
membrane energy output (W), and ¢ is annual operational hours. To maximize
Eliota1 means to let the WERS run in a way that no hydraulic energy goes
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to waste at the same time industrial processes are being carried out. This
action is in line with the manufacturing sustainability goal of lessening grid
electricity use and carbon emissions, while it also measures performance of
different turbine and membrane combinations under different flow and head
conditions as quantitatively.

3.5.2 Minimization of total cost

In WERS, it is very important to reduce the total system cost (Ciota1) to make
it economically viable and practically implementable in the industrial water
networks. The total cost is shown by Equation (18),

Ctotal = Cinstall + Coperation (18)

Where, Ciystan denotes the initial installation cost of turbines, membrane
modules, storage units, and control systems, whereas Coperation Signifies the
yearly operational expenditure that includes maintenance and energy man-
agement. The reduction of Clq,1 results in the WERS being a cost-effective
energy recovery solution through high performance. This measure through
optimization of system sizing and operational parameters not only supports
the achievement of sustainable manufacturing objectives but also enables the
industries to save on electricity, get quicker payback, and bring in renew-
able water-based energy sources without incurring a significant financial
burden.

3.5.3 Constraint handling

In the WERS optimization, the constraints of the system guarantee a safe,
feasible, and efficient operation within the industrial water networks. The
limits are given by Equation (19),

0< Q < Qmax; Hmin < H < HmaX7 Ptot > Pmin (19)

Where, Q is the volumetric flow rate (m3/s), H is the hydraulic head (m),
and P,y is the total hybrid power output (W). The restrictions in question,
on the one hand, make it impossible for the turbines or membrane modules
to get overloaded. On the other hand, they help stabilize the water opera-
tions and ensure that the power generation is always sufficient. When these
limits are applied, the optimization then identifies the practical layouts that
can recover the maximum energy while maintaining operational reliability,
cost-effectiveness, and the sustainable manufacturing goals of the proposed
framework in line.
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3.5.4 Multi-Objective optimization using NSGA-II

The WERS optimization is achieved by the NSGA-II algorithm in an iterative
selection, crossover, and mutation process among the population of candidate
solutions for several generations. A fitness function that measures energy
recovery and cost is defined as Equation (20) for evaluating each solution.

w2
E max Cmax

Where, F; is the fitness score, Eiota1; is the total recovered energy
(kWh/year), Ciotal,; is the total system cost ($), wy and w9 are weight factors,
and Epax and Chax are normalization constants. The algorithm ranks the
solutions according to Pareto dominance, creating a non-dominated front
that reveals the best trade-offs. The process results in the arrangement of
the WERS, which consists of turbine sizing and storage allocation, thereby
ensuring energy recovery maximized, cost minimized, and industrial oper-
ation sustainable in line with the objectives of the proposed water-energy
framework.

E ; C, .
Fi — wy total,s total,i (20)

Pseudocode: NSGA-II Based Multi-Objective Optimization for WERS
Start
Initialize:

Np < population size
Gmax <— maximum number of generations
Decision_Variables < {Q, H, T, M} # flow rate, head, turbine, membrane
Constraints < {0 < Q < QOmax, Hmin < H < Hmax, Ptot > Pmin}
Objectives < {maximize E_total, minimize C_total}
Pareto_front + ()
# Step 1: Population Initialization
Generate initial population PO of Np feasible individuals
For each individual i € PO:
Compute E_total(i) = X (P_hydro + P_mem) X t
Compute C_total(i) = C_install + C_operation
# Step 2: Non-Dominated Sorting
Sort population Pt into Pareto fronts F1, F2, ..., Fk
Assign dominance rank r(i) to everyone
# Step 3: Crowding Distance Assignment
For each front Fj:
Compute crowding distance d(i) for all individuals
# Step 4: Selection Process
Apply binary tournament selection using rank r(i) and distance d(i)
Form mating pool Qt
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# Step 5: Genetic Operations
Apply simulated binary crossover (SBX) and polynomial mutation on Qt
Generate offspring population Rt
Ensure offspring satisfy all constraints
# Step 6: Fitness Evaluation
For each individual i € Rt:
Evaluate fl(i) = E_total(i)
Evaluate f2(i) = C_total(i)
# Step 7: Population Update
Combine parent and offspring populations: St = Pt U Rt
Perform non-dominated sorting on St
Select best individuals from F1, F2, ... until size Np is reached
Update Pt+1
# Step 8: Termination Check
Ift = Gmax:
Go to Output
Else:
t=t+1
Repeat Steps 2—7
# Step 9: Output
Pareto_front < final non-dominated solutions P*
Optimal_Parameters < (Q*, H*, T*, M*) selected from P* based on preference
Output:
— Optimal configuration of WERS
— Performance trade-off (E_total vs. C_total)
End

4 Results and Discussion

The results show that the Best-in-Class scenario produces the highest rev-
enue, NPV, and the shortest payback period so it is the most profitable one.
From the environmental perspective, the system reduces carbon emissions
by 15,881.76 tons and saves 9,684 ML of water in 20 years. The above-
mentioned numbers illustrate the enormous economic and ecological benefits
of the system, as well as its ability to recover energy in a green way in
industrial water systems.

To further evaluate the robustness and generalizability of the pro-
posed WERS framework, a conceptual sensitivity perspective is consid-
ered. The system performance is primarily influenced by key parameters
such as Specific Energy Consumption (SEC), Flow Power Ratio (FPR),
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Table 1 Experimental setup and system specifications for energy recovery simulation

Category Value

Processor 12th Gen Intel(R) Core (TM) i5-12400 (2.50 GHz)
Installed RAM 8.00 GB (7.75 GB usable)

System Type 64-bit operating system, x64-based processor
OS Edition Windows 11 Pro

OS Version 24H2

Python Version 3.135

Total Records 1,382

Date Range 2014-01-01 to 2019-06-27

Time Span (days) 2003

Final Converged Value (avg_outflow) 3.9306

Average Outflow 3.931

Average Inflow 4.506

Average Temperature (°C) 15.0

hydraulic head availability, and wastewater flow variability. Variations in
these parameters — due to climatic differences, industrial composition, or
infrastructural conditions — may affect the estimated energy recovery poten-
tial. For instance, regions with higher wastewater flow rates and stable
hydraulic head conditions may yield greater recoverable energy, whereas
areas with lower flow stability or higher head losses may experience reduced
system efficiency. Similarly, differences in industrial energy intensity and
regional emission factors could influence both economic feasibility and COq
reduction outcomes. Therefore, while the structural framework of WERS
remains transferable, sensitivity to hydraulic, operational, and economic
parameters should be assessed through region-specific calibration prior to
large-scale implementation in diverse geographic contexts.

4.1 Experimental Setup

The experimental setup is showing the simulation of an energy recovery
system is shown in Table 1. It contains the main system specifications, which
include a 12th Gen Intel i5-12400 CPU with 8 GB RAM, operating in a
Windows 11 Pro environment with Python 3.13.5 used for data analysis.

The dataset is made up of 1,382 records that represent the time frame
from 2014-01-01 to 2019-06-27 which is a total of 2,003 days. The main
parameters are average outflow (3.931) and inflow (4.506), plus the aver-
age temperature of 15°C that are facilitating energy modeling and system
optimization.
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4.2 Industrial Water-Based Energy Recovery and
Micro-Hydropower Potential in Iran

The highest energy recovery potential at 3.2 GWh for the Caspian area, the
lowest at 0.005 GWh/Hm? for the Central, as well as the total of 6.8 GWh
from 613 Hm?® are presented in Table 2, which also shows the regional
energy recovery potential of six Iranian industrial zones: Caspian, Zagros,
Kerman, Khuzestan, Sistan, and Central. The Caspian area comes at the
top with respect to potential and volume, where the energy—volume ratio is
0.0291 GWh/Hm?, and then Khuzestan with 1.6 GWh at the same time with
180 Hm? of water.

The lowest flow rate and head resulted in Kerman and Sistan being
in the lowest position of energy recovery. Accompanied by mean ratio of
0.0111 GWh/Hm?, the total recoverable energy of 6.8 GWh from 613 Hm?
was confirmed, thus showing the potential of water-based energy recovery in
Iran’s industrial sectors to be integrated.

The illustration presents the categorization of hydrometric regions and
the potential for energy recovery through Micro-Hydropower (MHP) in
Iran. Major hydrological regions such as Caspian, Central, Zagros, Kerman,
Khuzestan, and Sistan, were indicated with colored dots.

The Figure 2 delineates regions of high potential for energy recovery
which are dependent on water flow and other criteria. The color represen-
tation not only shows different regions but also signals where it would be
most advantageous to introduce the MHP. This visual tool is of great help to
planners and renewable energy project developers in Iran as they can identify
quickly where the best areas for MHP development are and hence they can
easily carry out their activities in various regions of the country.

Table 3 presents the sector-wise industrial energy recovery potential
divided among six regions in Iran. The Caspian region stands out with

Table 2 Energy recovery potential across iranian industrial regions

Region Energy (GWh)  Volume (Hm A?%) Energy/Volume Ratio
Caspian 32 110 0.0291
Zagros 0.8 95 0.0084
Kerman 0.4 60 0.0067
Khuzestan 1.6 180 0.0089

Sistan 0.2 48 0.0042
Central 0.6 120 0.005

Total/mean 6.8 613 0.0111
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Sites with cnergy recovery potential for MHP in the
major hydrological regions of Iran

Caspian
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00000

L

o

Figure 2 Energy recovery potential for micro-hydropower across Iran’s hydrological
regions.

Table 3 Sector-Wise industrial energy recovery potential across iranian regions

Minerals

Metals Total
Region Agri-Food Energy Construction Paper Chemicals Others (MWh)
Caspian 42.35  1820.52 45.11 610.25  210.33 38.9 2767.46
Zagros 25.16 812.68 30.47 208.64  112.47 24.21 1213.63
Kerman 18.45 523.75 20.18 150.3 98.26 18.8 829.74
Khuzestan 31.72 910.48 28.6 289.57 1419 26.44 1427.71
Sistan 12.64 348.29 10.54 100.62 66.83 11.37  550.29
Central 22.58 785.32 19.22 204.89 95.51 18 1145.52

Total/Mean  152.9 5200.04 154.12 1564.27  725.3 137.72  7934.35

the largest total recoverable energy of 2767.46 MWh, which is mainly
from the energy and construction sectors, followed next by Khuzestan with
1427.71 MWh. Zagros and Central regions have moderate recovery levels
while Kerman and Sistan regions show lower outputs due to less industrial
variety.

However, it’s the energy and construction industries that are the largest
contributors among all the sectors across all regions. To sum up the total
recovery of 7934.35 MW, it indicates that the water-based energy recovery
potential is quite considerable in Iran’s industrial sector.

The map depicts the locations of sample sites in Iran, classified according
to their power generation potential is shown in Figure 3. The locations that
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Geographic distribution of sample sites with potential up to and above 15 kW in Iran
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Figure 3 Distribution of micro-hydropower sites in Iran by power potential.

can produce 15 kW or more power are marked in blue, and the ones with a
potential of less than 15 kW are shown in green.

The map shows the whole country where it might be feasible to recover
micro-hydropower energy, particularly in the north and west of Iran, where
the more potential sites are located. This distribution gives very important
information about places that may be the reason for considerable renewable
energy generation suitable for the local water flow and other conditions.

4.3 Energy and Flow Dynamics Analysis

The Figure 4 shown shows the Water Treatment Plant Energy Consumption
Analysis (2014-2019) and an illustration of the daily energy consumption
of the plant for consecutive years. It consists of daily energy consumption
(blue lines), the 30-day moving average (red line), and the linear trend (green
dashed line) as three main parts. The daily consumption data clearly shows
large swings that are due to seasonal changes and the operations of the plant.

Although the linear trend line shows the consumption of energy increas-
ing yearly, the 30-day moving average is used to smooth the variations and
in turn reveal the necessary trends. One of the objectives of this research is
to pinpoint the electricity consumption peak periods, which not only helps in
identifying the times but also provides useful information for the treatment
plant’s operations in terms of energy recovery and efficiency improvement. It
acts as a stepping stone for the future energy management strategies.
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Water Treatment Plant Energy Consumption Analysis (2014-2019)
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Figure 4 Trends in daily energy consumption at the water treatment plant (2014-2019).
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Figure 5 Convergence of average outflow over time (2014-2019).

The upper chart presents the Convergence Plot for Average Outflow
Over Time is displayed in Figure 5. The green line depicts the cumulative
average of the average outflow from 2014 to 2019. The graph shows that the
cumulative average slowly stabilizes over time, which is an indication that
the system has already converged and is simply maintaining the steady state.

The red dashed line indicates the final converged value of 3.931, which
the system is getting closer to by the end of the analysis period. This plot is
a clear indication of the outflow stabilization over time, and this is a factor
that supports the evaluation of the reliability and consistency of the system in
achieving the best energy recovery conditions.

The Figure 6 displayed above illustrates the Water Flow Balance Anal-
ysis, which indicates how the average inflow and outflow are connected
through data points that are color-coded according to the energy consumption.
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Water Flow Balance Analysis
(Color-coded by Energy Consumption)

— = Ferfect Balance (Inflow — Ouetlow)
-
-
17.5 -
57
> 350000

300000

§
n
\

250000

7.5

Average Outllow (m's)
Energy Consumption (K¥h)

200000

150000

0.0 25 5.0 7.5 10.0 12.5 15.0 17.5
Average Inflow (m?s)

Figure 6 Water flow balance analysis: inflow vs outflow with energy consumption.

The blue dashed line signifies the perfect balance where the inflow and
outflow are equal, which means an optimal condition for managing energy
efficiently.

The color gradient from yellow to red indicates the energy consumption
going up, and thus the highest energy usage corresponds to the highest flows
and the lowest being just the other way around. The correlation coefficient
value of 0.8419 points to a very strong and direct connection between inflow
and outflow, meaning that the energy consumption is going up as the inflow
and outflow do, which is the case in the areas where energy recovery can be
optimized.

The Figure 7 presented above shows a 3D scatter plot depicting the
correlation between energy, flow and temperature. The axes correspond to
temperature (°C), average outflow (m3/s) and energy consumption (kWh),
and the data points are colored according to the energy consumed. When the
temperature goes up, it is common for the energy usage to especially when
the flow rates are high.

The color gradient going from yellow to purple shows that energy con-
sumption is increasing, which is very much the case with both flow and
temperature as they are the main contributors to energy use. This plot makes
it easy to visualize the tangled relationship among these three factors and at
the same time to see that increased temperatures and flow rates do not only
imply but require more energy, which is an important factor in the process of
water treatment with energy recovery.

The Figure 8 displays the Seasonal Energy Consumption Patterns for the
water treatment plant, where the standard deviation is shown alongside the
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Relationship Energy vs Flow & Temperature
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Figure 7 Relationship between energy consumption, flow, and temperature.
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Figure 8 Seasonal variation in energy consumption (mean =+ standard deviation).

average energy consumption (in kWh) for each season. The different colors of
the bars show average energy consumption of each season: Spring, Summer,
Autumn, and Winter, whereas the error bars are for the standard deviation.
Spring accounts for the greatest part of the total energy consumed with
288,809 kWh, and the next one is Winter with 268,558 kWh, then comes
Autumn with 277,789 kWh, and lastly Summer with 266,694 kWh. The study
demonstrates fluctuation of energy usage during different seasons, where

Spring is the peak and the reason might be either high demand for operation
or warmer climate.

4.4 Energy Recovery and Performance Analysis

The illustration Figure 9 displays a Pareto Chart for the Biochemical Oxy-
gen Demand Distribution. The BOD values outside of certain ranges are
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Pareto Chart - BOD Distribution
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Figure 9 Pareto chart of BOD distribution and cumulative percentage.

illustrated with blue columns while the total percentage is represented with a
red line. The data in the chart indicate in a very clear way that the distribution
of BOD values is mainly found in the lowest BOD ranges, that is, 282—-353
and 353-424, which therefore have also the highest frequencies.

The cumulative percentage curve highlights that just a few BOD ranges
are responsible for most of the total BOD distribution, thus confirming the
Pareto principle. This analysis opens the opportunity to pinpoint the BOD
ranges that are to be treated and optimized for energy use the most.

The Table 4 illustrates the energy recovery potential of different places
in a water treatment plant, characterized by the same hydraulic head, tur-
bine efficiency, power potential, and annual energy production for each
site. Locations such as Outlet Distribution and Inlet Pressure Station show
more significant energy recovery potential, with the annual energy output of
260.5 MWh and 306.3 MWh, respectively.

Besides, the table gives such numbers as installation costs, payback
periods, and priority ranks for each site, which indicate the economic fea-
sibility of energy recovery arrangements. The priority rank derives from a
mix of factors such as energy recovery capacity and economic viability, thus
directing the selection of the site for the initiation of energy recovery projects.

The Figure 10 illustration illustrates the Energy Consumption Time Series
Decomposition above and it separates the energy-consumption data from
2014 to 2019 into its basic elements. Original time series is shown in
A, where emphasis is given to the changes in energy use. The long-term
trend component which is B indicates a gradual and slight rise in energy
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Table 4 Energy recovery sites

Hydraulic =~ Turbine Power  Annual  Grid Payback
Site Head Efficiency Potential Energy Offset Installation Period Priority
Location (m) (%) (kW) (MWh) (%) Cost ($) (Years) Rank
Outlet 4 80 35.28  260.5 8.5 105840 6.8 1
Distribution
Inlet 5 75 41.48  306.3 10 124440 6.5 2
Pressure
Station
Primary 3 70 232 171.3 5.6 69600 7.2 3
Treatment
Secondary 2.5 65 17.94 1325 43 53820 7.5 4
Treatment
Tertiary 2 60 13.25 97.8 3.2 39750 7.8 5
Filtration
TOTAL - 70 131.15 968.4 31.6 393450 7.16 -
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Figure 10 Decomposition of energy consumption time series (2014-2019).

consumption during the period. C, the seasonal component, is shown that
alternating changes in energy use most likely due to the seasons.

The residual (irregular) component follows in D, and it is the part of the
data that is considered just noise or irregularities. Decomposition of this kind
is a very effective way of discovering patterns and trends, which in turn is a
prerequisite for drawing up an efficient energy management strategy.

4.5 Statistical and Economic Analysis of Water Treatment and
Energy Systems

The Figure 11 shows a Feature Correlation Matrix for the water treatment and
energy system which demonstrates the correlation between different features.
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Feature Correlation Matrix
t & Energy Sys

Figure 11 Feature correlation matrix for water treatment and energy system variables.

The described matrix contains the parameters: total_grid, avg_outflow,
avg_inflow, BOD, COD, etc., along with their respective correlation coef-
ficients in every cell. The right-side color gradient reveals the correlation
strength where green denotes strong positive correlations, and red reveals
negative correlations.

The correlation values that the matrix displays are from —1 to 1 with 1
being the highest positive correlation. Avg_outflow and avg_inflow have a
strong positive correlation of 0.84, which is the case for H (hydraulic head)
and T (temperature) connection giving a negative correlation of —0.53. This
matrix is a tool that gives enlightening insights on the dependencies among
the most important system variables, thereby facilitating energy savings and
the use of the right treatment methods.

The demonstrates the interplay of energy consumption and temperature,
and the degree of humidity is represented by colors is displayed in Fig-
ure 12. A polynomial fit (degree 3) has been applied to the data which
clearly indicates the negative relationship between the two variables, i.e., the
consumption of energy reduces with increase in temperature.

The correlation coefficient of —0.7661 marks the presence of a robust
inverse correlation. The gradient of colors on the right side illustrates the
different levels of humidity with red color representing high and blue
low humidity thus making the role of environmental factors in energy
consumption more visible.

Graph below shows a Figure 13 Monthly Energy Consumption (2014—
2019) with signs of variation in each month. The blue line denotes the
monthly mean energy consumption (kWh), and the lighted area marks the
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Energy Consumption vs Temperature
(Color-coded by Humidity)
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Figure 12 Energy consumption vs. temperature with humidity as a color code.
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Figure 13 Monthly energy consumption profile (2014-2019) with variability indicators.

min-max range for all the months. The red error bars signify the -1 standard
deviation, revealing the volatility in power usage.

The plot displays patterns in energy consumption with changeability dur-
ing different months, and it also assists in recognizing the times of maximum
and minimum consumption which is very important in the application of
energy management and optimization strategies.

The Figure 14 presents a Year-over-Year Energy Consumption Compari-
son from 2014 to 2019, with box plots used to visualize the data so to have a
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Year-over-Year Encrgy Consumption Comparison
Mean and Median Indicators
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Figure 14 Comparison of yearly energy consumption: mean and median values (2014—
2019).

straightforward view of the reported energy consumption (kWh) by each year
through the median (green line) and mean (red diamond) values. The box
plots illustrate the interquartile range, while outliers are marked as circles.

Through this analysis, the distribution and variation in energy consump-
tion are revealed, trends and changes in energy usage over the years are
also pointed out, and thus, the consistency and fluctuations in the system’s
performance are inferred.

4.6 Economic and Environmental Impact Analysis of Energy
Recovery Scenarios

The Table 5 of economic analysis displays four distinct investment scenarios
(Pessimistic, Base Case, Optimistic, and Best-in-Class) along with their
respective CAPEX, installation costs, annual revenue, and net annual bene-
fits. Additionally, it covers major financial indicators like payback period, Net
Present Value, Internal Rate of Return (IRR), and Benefit-Cost Ratio (BCR).

The Best-in-Class scenario out of the investment scenarios yields the
highest annual revenue and NPV, as well as the shortest payback period indi-
cating the best economic outcome, while on the other hand, the Pessimistic
scenario shows the worst financial performance.

In a 20-year horizon, the environmental benefits of energy generation are
depicted in the table through annual and cumulative generation, MWh, and
carbon avoidance in tons of CO3, besides water savings in million liters. It
also computes the number of trees equivalent, and houses powered.

The Table 6 reveal an impressive reduction in carbon and water usage with
a total carbon avoidance of 15,881.76 tons for the cumulative water savings
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of 9,684 ML by the end of year 20, thus emphasizing the environmental
contribution of the energy recovery system.

Limitations

This study is based on full-scale wastewater treatment plant data collected
from six industrial regions in Iran. Therefore, the quantitative findings,
including the estimated 6.8 GWh recoverable energy and regional potential
rankings, reflect the specific climatic, hydraulic, and industrial structural
conditions of these regions. The dataset may not fully represent indus-
trial contexts in other climate zones, industrial compositions, or wastewater
characteristics. Variations in seasonal flow behavior, wastewater tempera-
ture, organic load concentration, treatment technology, and hydraulic head
availability could significantly influence energy recovery outcomes.

If the proposed WERS framework is extended to other regions such as
China or Europe, recalibration of several key parameters would be required.
These include Specific Energy Consumption (SEC), Flow Power Ratio
(FPR), hydraulic head loss characteristics, turbine efficiency under local flow
regimes, membrane performance parameters, regional electricity emission
factors, and economic variables such as energy tariffs and infrastructure costs.
Therefore, while the WERS methodology is transferable in structure, site-
specific hydraulic modeling and techno-economic reassessment are essential
before implementation in different geographic and institutional contexts.

5 Conclusion and Future Works

In this research, a detailed Water-Energy Recovery System framework was
introduced to hydraulic energy extraction, multi-criteria site evaluation, and
NSGA-II-based optimization, which all together formed a big support for
sustainable industrial manufacturing. With real-scale wastewater treatment
data from six Iranian industrial areas, the system was able to identify a recov-
erable energy potential of 6.8 GWh from 613 Hm? of wastewater and among
the regions Caspian was the biggest winner. The optimized arrangement pro-
duced a peak power generation of 31,110.72 kW and facilitated a yearly CO2
reduction of 2.23 x 108 kg, thus pointing at the combination of water-based
energy systems in industrial locations as both technically viable and eco-
friendly. Economic assessments additionally supported the results with their
indications of short payback periods and high techno-economic viability. The
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study was influenced by multiple limitations. The dataset was confined to a
specific area and thus might not be a complete representation of industrial
systems having very different hydraulic conditions. Moreover, insufficient
access to high-resolution hydraulic sensor data limited the accuracy of tran-
sient analysis. The economic evaluation did not consider long-term aging
of components, possible outages, or tariff fluctuations, which all affect the
financial investment returns.

Real-time hydraulic monitoring via smart sensors, Digital Twin models
for continuous system calibration, and flexible optimization to deal with
dynamic and very variable flows will be the main points of future research.
Also, large-scale pilot projects in different industrial sectors, integration with
automated control systems, and life-cycle costing will be the methods of
testing the scalability and long-term reliability of hydraulic energy recovery
systems based on the nature of the application.
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