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Abstract: In an increasingly competitive world, industries face growing pressure to improve efficiency
while meeting strict environmental and social standards. Wastewater treatment plants (WWTPs) play a
key role in reducing the environmental impact of water use across industrial, agricultural, and domes-
tic activities. This study presents a bi-objective optimization framework to support chemical dosing
decisions in physicochemical phosphorus removal (PPR) systems. Using an edible-oil WWTP as a
case study, two common metal salts (aluminum sulfate and ferric chloride) are compared, consider-
ing operational cost and phosphorus removal efficiency as conflicting objectives. Polynomial surrogate
models enabled the integration of BioWin PPR models into the optimization problem, and the weighted
sum and ε-constraint methods were used to estimate the Pareto fronts, yielding complementary solu-
tions. The proposed framework provides a practical decision-support tool for WWTPs by revealing
cost–performance trade-offs. Results show that costs escalate disproportionately: reducing effluent P
from 3.0 to 1.0 mg−P/L increased costs by 114% with aluminum sulfate and 355% with ferric chloride.
The framework is adaptable to different PPR systems and influent conditions.
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1. Introduction

Modern industry, under the paradigms of Industry 4.0 and 5.0, is increasingly integrating ad-
vanced digital technologies to improve efficiency, productivity, and sustainability in industrial oper-
ations [1–3]. These technologies, including the Internet of Things, Artificial Intelligence, big data,
cloud computing, robotics, and advanced optimization techniques, enable real-time data acquisition,
predictive maintenance, process optimization, and automation. As a result, smart industry enhances
operational performance, reduces costs, and improves quality control. While Industry 4.0 prioritizes
automation and efficiency through digital transformation, Industry 5.0 emphasizes human centricity
and represents a vision of industry that goes beyond efficiency and productivity, focusing on address-
ing societal needs [4]. In essence, Industry 4.0 prioritizes operational efficiency, whereas Industry 5.0
highlights the significance of environmental responsibility, social goals, and the active role of humans
in decision-making [3].

Wastewater treatment plants (WWTPs) play an important role in mitigating the environmental im-
pacts of water use in industrial, agricultural, and domestic activities. Effective wastewater treatment
is essential for meeting regulatory standards, enabling water reuse, and supporting ecosystem restora-
tion [5]. These objectives are aligned with the United Nations Sustainable Development Goal (SDG)
6, which promotes the availability and sustainable management of water resources [6].

Among water pollutants, phosphorus is of particular concern due to its role in eutrophication [7].
Municipal and industrial wastewater discharges are among the primary sources of bioavailable phos-
phorus [8]; consequently, phosphorus discharge limits are becoming increasingly stringent, placing
financial and operational burdens on WWTPs [9,10]. In this context, the design and operation of cost-
effective phosphorus removal systems that ensure regulatory compliance remains a major challenge.

Physicochemical phosphorus removal (PPR) using metal salts is a widely employed strategy to
achieve low phosphorus concentrations, either as a standalone process or in combination with biolog-
ical treatments [11–13]. Physicochemical removal involves the addition of metal salts that react with
the dissolved phosphorus present in the water to form insoluble precipitates, which are subsequently
removed by sedimentation or filtration. Additionally, pH adjustment, typically using sodium or potas-
sium hydroxide, is often required alongside metal salt addition [14]. PPR has a simple configuration,
consisting of a chemical dosing system and a settler or filter to separate the treated effluent from the
chemical sludge [12]. A key advantage of physicochemical treatment is its operational flexibility, as
phosphorus removal can be adjusted by modifying the chemical dosage [15].

Accurate chemical dosing is essential for the efficient operation of PPR systems: Underdosing
can result in regulatory non-compliance, whereas overdosing not only increases chemical costs and
sludge production but also may leave residual dissolved aluminum or iron in the treated effluent. Given
the complexity of PPR mechanisms (e.g, adsorption, precipitation, and desorption) [12], and their
dependence on influent characteristics (e.g, pH, alkalinity, and organic matter content) [16], chemical
dosages are typically determined using laboratory tests, data from other WWTPs, and dosing charts.
However, laboratory experiments (e.g., jar tests) are time-consuming [17], operational data from other
WWTPs may not be directly transferable to a specific plant, and relying on dosing charts may lead to
suboptimal dosing.
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Modeling and optimization can support decision-making by enabling the systematic evaluation of
chemical dosing strategies under site-specific conditions. In particular, multi-objective optimization
(MOO) provides a framework to balance competing goals, such as minimizing operational costs and
maximizing phosphorus removal efficiency. By identifying optimal trade-offs, MOO can facilitate the
design and operation of WWTPs under economic and regulatory constraints.

Although MOO has been applied to various aspects of wastewater treatment, its specific use for
optimizing PPR remains limited. Plant operators still rely on empirical dosing rules, which are often
suboptimal under changing influent and regulatory conditions. This creates a significant gap, as there
is a lack of systematic tools to quantitatively analyze the sensitive trade-offs between chemical costs
and removal efficiency, especially when comparing different precipitating agents. The significance of
this work lies in addressing this gap by providing a framework that translates complex simulation data
into a practical decision-support tool. The approach enables operators to move beyond simple trial-
and-error methods to a more strategic analysis, allowing direct comparison of chemical strategies, and
helping anticipate the financial impact of stricter future regulations.

This study proposes a bi-objective optimization approach to evaluate and compare the performance
of PPR systems using two commonly employed metal salts: Aluminum sulfate and ferric chloride. Sep-
arate simulation models were developed for each coagulant using the commercial wastewater treatment
simulator BioWin. As BioWin functions as a black-box model, surrogate models were constructed to
approximate the system behavior and facilitate their integration into the optimization framework. Sev-
eral polynomial models were evaluated to ensure an accurate representation of the PPR system, and
the weighted sum and ε-constraint methods were used to estimate the Pareto fronts. The WWTP
of an edible oil production company, where PPR is employed to supplement biological processes to
meet stringent discharge limits, is used as a case study. The proposed framework enables a cost-
performance trade-off analysis of alternative dosing strategies, providing a practical decision-support
tool for wastewater treatment, addressing operational efficiency and effluent quality.

The remainder of this paper is organized as follows: Section 2 reviews relevant literature on the ap-
plication of MOO in wastewater treatment and compares the main approaches used. Section 3 presents
the general multi-objective optimization framework, details the industrial case study, and describes the
formulation of the optimization problem and the development of surrogate models. Section 4 presents
and discusses the results of the cost-performance analysis for each chemical agent. Finally, Section 5
summarizes the main findings and conclusions. This article is an extended version of the work pre-
sented at the 7th Ibero-American Congress of Smart Cities (ICSC-CITIES 2024) and published in its
proceedings [18].

2. Literature review

Recent studies have increasingly explored MOO approaches for improving the design and operation
of WWTPs. These contributions differ in the optimization objectives, computational techniques, and
the level of integration with process simulators or control systems. Table 1 summarizes representative
works, highlighting their objectives, optimization methods, main findings, and limitations.

Padrón et al. [19] propose a sustainable WWTP design framework using MOO, where total cost, en-
ergy consumption, and reclaimed wastewater are considered sustainability metrics. A hybrid approach
that combines lexicographic and ε-constraint methods is used to estimate the Pareto front, and a modi-
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fied technique for order of preference by similarity to ideal solution (M-TOPSIS) analysis is employed
to find the best trade-off solution. Similarly, Hakanen et al. [20] present an interactive MOO approach
for WWTP design and operation that integrates a commercial wastewater treatment simulator with a
MOO tool. The approach is applied to a case study that seeks to minimize effluent total nitrogen and
operational costs, considering four cost components. Compared to traditional non-iterative methods,
the proposed approach improves problem formulation and helps decision-makers understand trade-offs
between conflicting objectives.

For control applications, Han et al. [21] propose a multi-objective integrated optimal control
(MIOC) strategy that combines optimization and control into a unified framework. The method min-
imizes a comprehensive cost function that accounts for both operational performance and tracking
accuracy. A multi-gradient algorithm is used to determine dynamic set-points and control actions that
balance conflicting objectives, which include effluent quality, energy consumption, and errors of con-
trolled variables. Tests on Benchmark Simulation Model No. 1 (BSM1) show that the MIOC approach
yields superior results in terms of solution quality and energy cost, avoiding the fluctuations in set
points that can arise when optimization and control are handled independently.

Another approach presented by Zhang & Yong [22] involves a dynamic optimization control method
that combines a neural network-based prediction model with the multi-objective dragonfly algorithm
(MODA). The neural network predicts effluent quality and energy consumption, which serves as the
objective function for optimization. The MODA is then used to determine the optimal set points for
dissolved oxygen and nitrate nitrogen concentrations. Tests on BSM1 demonstrate that this method
effectively identifies and tracks optimal set points, ensuring effluent quality and significantly reducing
energy consumption.

Qiao et al. [23] apply an intelligent multi-objective optimal control strategy (IMOOC) based on an
adaptive differential evolution algorithm (Adaptive DE) to optimize and control dissolved oxygen and
nitrate nitrogen concentrations. The algorithm minimizes aeration energy and effluent quality indices.
A two-layer hierarchical control architecture is used, where the upper layer optimizes set points and the
lower layer uses controllers to minimize the error. Tests on BSM1 under different weather conditions
showed that the IMOOC can maintain effluent quality within limits and achieves better performance
than other controllers in terms of environmental, economic, and technical criteria.

Genetic algorithms have also been used to determine optimal controller parameters for biological
WWTPs [24]. The approach by Tejaswini et al. [24] aims to improve effluent quality while mini-
mizing operational costs. Different objective functions, including effluent quality and operational cost
indices, as well as the integral square error for controller design, are considered. Tests on BSM1 show
that controllers tuned using this method enhance WWTP performance compared to single-objective
optimization approaches.

To support decision making in WWTP operations Liu et al. [25] propose a MOO framework that in-
tegrates interpretable machine learning models. The approach uses Extreme Gradient Boosting (XGB)
models with Bayesian optimization to predict effluent quality and energy consumption based on influ-
ent conditions and operational parameters. The Non-dominated Sorting Genetic Algorithm II (NSGA-
II) is used to solve the MOO problem, and TOPSIS is used to select operational parameters. The appli-
cability of the framework is demonstrated using BSM1, showing that it effectively captures the complex
non-linearity of the wastewater treatment process. NSGA-II and TOPSIS efficiently determine ideal
operating parameters, enabling energy consumption reduction while ensuring effluent quality under
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multiple influent conditions.

Overall, these studies demonstrate that MOO effectively balances effluent quality and operational
cost, yet they vary considerably in scope and methodology. Design-oriented frameworks, such as
[19, 20], emphasize static optimization, while control-oriented ones [21–23] incorporate dynamic and
real-time process regulation. Machine learning–based approaches [22,25] improve predictive capacity
but require extensive datasets and often lack interpretability. Evolutionary algorithms, such as NSGA-
II or MODA, provide flexibility and robustness but demand high computational effort and parameter
tuning.

In contrast, the present study focuses on PPR, a process that has received little attention in MOO
research. PPR involves strong nonlinearities caused by chemical precipitation reactions, which com-
plicate direct optimization. To overcome this challenge, surrogate modeling is introduced to integrate
detailed mechanistic simulators like BioWin within an optimization framework. To the best of the au-
thors knowledge, the first application of a MOO framework to analyze and improve PPR was presented
in our previous conference work [18]. This article extends the previous work by incorporating updated
BioWin simulation models, providing a more detailed description of the surrogate model construction
process, and applying the framework to compare the performance of two metal salts for PPR.

Table 1. Summary of representative studies applying multi-objective optimization to
wastewater treatment processes.

Reference Application Objectives Optimization Method Main Findings / Limitations

Padrón et al. [19] WWTP design Cost, energy,
water reuse

ε-constraint and
TOPSIS

Good sustainability trade-offs;
static design only.

Hakanen et al. [20] WWTP
design/operation

N removal, cost Interactive MOO Improved decision
understanding; limited
scalability.

Han et al. [21] Control Effluent quality,
energy, error

MIOC Real-time control; high model
complexity.

Zhang & Yong [22] Control Effluent quality,
energy

MODA Accurate; data-intensive.

Qiao et al. [23] Control Effluent quality,
energy

Adaptive DE Robust; computationally
heavy.

Tejaswini et al. [24] Control Effluent quality,
cost, error

Genetic algorithms Enhanced performance;
computationally intensive.

Liu et al. [25] Operation Effluent quality,
energy

NSGA-II + TOPSIS Good accuracy;
interpretability issues.

This article PPR operation Cost, P removal Weighted sum /
ε-constraint

First systematic MOO for
PPR.

3. Methodology

This section describes the adopted methodology, including the general MOO framework, problem
description, mathematical formulation, and surrogate model development.
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3.1. Multi-objective optimization

MOO provides a framework for identifying a set of optimal solutions, known as the Pareto front or
non-dominated solutions, that represent the inherent trade-offs between conflicting objectives. Several
methods exist to estimate the Pareto front, including the weighted sum, ε-constraint, hybrid methods,
lexicographic ordering, goal programming [26], and evolutionary algorithms [27]. The weighted sum
and ε-constraint methods used in this work are described in more detail below.

3.1.1. Weighted sum

The weighted sum method transforms the MOO problem into a single-objective one by assigning a
weight to each objective function k and minimizing their weighted sum [26]. The weighting coefficients
wk are positive real numbers that satisfy

∑
wk = 1. Because the objectives usually have different

magnitudes, normalization is required prior to aggregation to ensure that the weights reflect the relative
importance of each objective accurately [28]. Normalization can be performed using the ideal (best
values for each objective) and anti-ideal (worst values for each objective) values, which are obtained
by evaluating the objective functions at their extreme solutions.

Extreme solutions of the Pareto front can be estimated using single-objective and lexicographic op-
timization. In single-objective optimization, each objective is optimized individually to approximate
the extremes, but this does not guarantee non-dominated solutions. Lexicographic optimization ad-
dresses this limitation by optimizing one objective first, then the second, while enforcing the optimal
value of the first [26]. By switching the order of priority between the objectives the extremes of the
front can be obtained.

If the problem is convex, any Pareto-optimal solution can be found using the weighted sum method
[26]. However, different weight combinations may yield the same solution, and so a uniform sampling
of weights does not guarantee a uniform distribution of solutions along the front. Additionally, this
method cannot capture unsupported Pareto-optimal solutions in non-convex regions of the front [26].
Despite these limitations, the weighted sum method remains widely used due to its simplicity [29].

3.1.2. ε-constraint

The ε-constraint method also transforms the MOO problem into a single-objective one, but instead
of aggregating the objectives, it optimizes one objective while converting the others into inequality
constraints with upper or lower bounds εk depending on whether they are to be minimized or maxi-
mized [26]. The solutions of the Pareto front are obtained by varying the value of the bounds [30].
Unlike the weighted sum method, this approach can identify Pareto-optimal solutions even in non-
convex regions of the front [26]. However, the method introduces additional constraints to the original
problem, potentially making it more difficult to solve.

3.1.3. Performance metrics

Evaluating the performance of MOO methods involves assessing three key aspects: Cardinality
(i.e., number of non-dominated points generated), solution quality (i.e., proximity to the true Pareto
front), and diversity (i.e., distribution and coverage of solutions) [31, 32]. Several metrics have been
proposed to assess the quality of a Pareto front approximation [33]. Spacing, spread, and hypervolume
metrics used in this work are described below.
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Spacing is a diversity metric that evaluates how uniformly distributed the non-dominated solutions
are. A value of 0 indicates that the solutions are evenly spaced across the Pareto front. However, this
metric does not account for the coverage of the Pareto front, as it does not consider proximity to the
extreme solutions. Spacing is computed using Eq. (3.1), based on the formulation by Schott [34]:

spacing =
m∑

i=1

∣∣∣di − d̄
∣∣∣ , (3.1)

where m is the number of non-dominated solutions, di is the minimal distance between solution i and
its nearest neighbor, and d̄ is the average of these distances.

Spread expands upon the spacing metric by incorporating information about the extent of the Pareto
front. In addition to evaluating the distribution of solutions, it considers their proximity to the extreme
points, thereby accounting for uniformity and coverage. This metric is calculated using Eq. (3.2), as
proposed by Deb [35]:

spread =
∑OF

k=1 de
k +

∑m
i=1 |di − d̄|∑OF

k=1 de
k + md̄

, (3.2)

where OF is the number of objective functions, and de
k is the distance between the extreme point of the

front for the k-th objective and the nearest non-dominated solution.
Hypervolume quantifies proximity and diversity. It measures the volume enclosed between the

Pareto front and a reference point [33], typically the anti-ideal vector, ensuring that only non-dominated
solutions contribute positively to the metric. A higher hypervolume value indicates better overall per-
formance, reflecting proximity to the true Pareto front and good distribution of solutions.

3.2. Problem description

The WWTP of an edible oil production company is used as a case study. The company operates its
own WWTP and supplements biological wastewater treatment with PPR to comply with phosphorus
discharge limits before discharging the effluent into a nearby watercourse. The raw effluent contains
elevated concentrations of inorganic phosphorus due to the use of phosphoric acid in the oil refining
process.

A simplified block diagram of the WWTP is shown in Figure 1. The system consists of a ho-
mogenization tank (HT), followed by a dissolved air flotation (DAF) unit for fat and suspended solids
removal, and an extended aeration (EA) system for organic matter degradation. After this treatment,
the effluent meets all national discharge standards [36], except for phosphorus (Table 2). PPR with
metal salts is used as an additional treatment, and sodium hydroxide (NaOH) is added for pH control.
Both reagents are dosed directly into the pipe at the outlet of the secondary settler, and the resulting
chemical sludge is separated from the treated effluent in a tertiary settler. The pipe and the tertiary
settler dimensions are detailed in Figure 1, and these design features influence the efficiency of phos-
phorus removal.

Achieving lower phosphorus concentrations typically requires higher chemical dosages, increasing
operational costs. This trade-off becomes especially relevant as regulatory discharge limits become
more stringent. Understanding this balance can help anticipate future compliance costs and identify
cost-effective dosing strategies. In this study, two commonly used metal salts are compared: Aluminum
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sulfate (Al2(SO4)3) and ferric chloride (FeCl3). Bi-objective optimization is used to evaluate the trade-
off between operational costs and phosphorus removal, two inherently conflicting objectives.

Figure 1. Simplified diagram of the edible oil WWTP.

Table 2. Influent parameters at the inlet of the PPR system of the edible oil WWTP used as
a case study.

Influent parameter Value
Flow (m3/d) 1000
Total phosphorus (mg−P/L) 17
pH 7.4
Total Kjeldahl Nitrogen (mg−N/L) 4
Nitrate (mg−N/L) 1.5
Alkalinity (mg/L) 80
Inorganic suspended solids (mg/L) 2
Soluble calcium (mg/L) 160
Soluble magnesium (mg/L) 60

3.3. Mathematical formulation

The formulation of the bi-objective optimization problem has the following general form:

min
x1,x2

[
C(x1, x2)

T Pc(x1, x2)

]
(1a)

s.t. 0 ≤ T Pc(x1, x2) ≤ 5 (1b)
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6 ≤ pH(x1, x2) ≤ 9 (1c)
T Pc(x1, x2) = f (x1, x2) (1d)
pH(x1, x2) = g(x1, x2) (1e)

The objective is to simultaneously minimize the operational cost (C) and the phosphorus concentra-
tion after PPR (T Pc), subject to phosphorus and pH discharge limits (Eq. 1b and Eq. 1c) and the PPR
system’s model (Eq. 1d and Eq. 1e). The decision variables are the daily dosages of metal salt (x1),
either aluminum sulfate (8 wt % Al2O3) or ferric chloride (40 wt %), and sodium hydroxide solution
5 mol/L (x2) used for pH control. The cost function is expressed in USD/d, phosphorus concentration
in mg−P/L, and chemical dosages in L/d.

The cost function considers only chemical costs and is defined as:

C(x1, x2) = αx1 + βx2, (4)

where α and β are the unit costs (USD/L) of the metal salt and sodium hydroxide, respectively. Local
market prices are used to calculate α and β : 330 USD/t for aluminum sulfate (8 wt % Al2O3) [37],
555 USD/t for ferric chloride (40 wt %) [38], and 980 USD/t for sodium hydroxide flakes (70 wt%)
[38]. The corresponding unit costs α and β are:

• Aluminum sulfate solution: 0.43 USD/L (density: 1300 g/L [37])
• Ferric chloride solution: 0.80 USD/L (density: 1420 g/L [38])
• Sodium hydroxide solution 5 mol/L: 0.28 USD/L

The PPR system’s model (Eq. 1d and Eq. 1e) defines the relationship between the chemical dosages
(metal salt and sodium hydroxide) and the effluent parameters (phosphorus concentration and pH) after
the physicochemical treatment for a given set of influent characteristics (Table 2). BioWin, a widely
used commercial simulator for modeling wastewater treatment processes, has one of the most up-to-
date mechanistic models for chemical phosphorus removal [39] and has been employed to simulate
PPR in municipal and industrial WWTPs [40,41]. However, BioWin is a sequential modular simulator
and functions as a black box, which limits the direct integration of its internal models into equation-
oriented optimization frameworks. A surrogate model built from BioWin simulation data is proposed
to represent the PPR system and enable the integration of BioWin models into the optimization frame-
work.

3.4. Surrogate model construction

The construction of the BioWin surrogate models involves four main steps: Modeling the PPR
system in BioWin, generating simulation data, fitting the data, and validating the model. These steps
are carried out for two scenarios: One using aluminum sulfate (Al scenario) and the other using ferric
chloride (Fe scenario) as the precipitating agent. The work is conducted in Python and BioWin, on a
device with an AMD Ryzen 7 5700U processor, 16.0 GB of RAM, and Windows 11.

3.4.1. BioWin model

The physicochemical system is modeled in BioWin 6.3. Table 3 summarizes the selected model
options for the Al and Fe scenarios, respectively, along with a brief justification for each choice. The
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operating temperature is set to 17 ◦C, which corresponds to the average annual temperature at the
WWTP’s location [42].

The system layout implemented in BioWin is shown in Figure 2. The influent is defined using
the COD Influent block, with the influent parameters listed in Table 2. For the influent wastewater
fractions, the option typical wastewater fraction values for settled effluent is selected, as the influent
to the PPR system comes from a secondary settler. Given that most of the phosphorus in the influent
is dissolved, the soluble phosphate to total phosphorus fraction is set to 0.99. Additionally, the default
P/COD and N/COD ratios for the unbiodegradable COD are set to 0. This adjustment is necessary
because influent COD is significantly higher than phosphorus concentration, and using the default
ratios would result in an overestimation of total phosphorus. Specifically, the model would assign more
phosphorus to the unbiodegradable COD fraction than is actually present, triggering a total phosphorus
mass balance error.

The pipe where chemicals are dosed is modeled using the Plug flow channel block, specifying the
length and diameter. The settler is modeled using the Ideal clarifier block, specifying its area and
depth. Additional details on the BioWin model are provided in the Supplementary Material.

Metal salt

NaOH

Pipe
Influent Effluent

Sludge

Tertiary settler

Figure 2. Diagram of the PPR system, adapted from BioWin.

3.4.2. Data acquisition

The data acquisition process involves running multiple BioWin simulations with varying dosages
of metal salt and sodium hydroxide. Sampling ranges for the chemical dosages are defined based on
a preliminary analysis, considering metal salt-to-phosphorus molar ratios recommended in the litera-
ture [12, 43]. The selected intervals are then checked to ensure that they adequately cover the range
of interest, particularly with respect to national discharge standards [36]. Dosage values are randomly
sampled within the defined intervals to generate the simulation dataset. A total of 500 simulations are
performed for the Al scenario and 1000 for the Fe scenario. The larger number of simulations in the
latter case is due to the broader dosage range for the Fe scenario. Preliminary simulations indicate that
achieving low phosphorus concentrations with ferric chloride requires significantly higher dosages of
ferric chloride and sodium hydroxide. Therefore, a denser sampling is needed to properly capture the
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Table 3. Model options for BioWin simulation of the PPR system.
Model option Description Reasons Scenario*

Al Fe
Use BioWin integrated ASDM model Activated Sludge/Anaerobic

Digestion model, chemical
equilibrium, precipitation, pH module

Includes physicochemical
model

x x

Include pH calculations Otherwise pH of 7.0 is assumed pH affects phosphorus
removal efficiency [15]

x x

Apply pH limitation in kinetic equations Considers pH influence in kinetic
rates, gas-liquid mass transfer, and
precipitation reactions

pH affects phosphorus
removal efficiency [15]

x x

Include precipitation reactions for
struvite, brushite, and apatite

Models chemical phosphorus
precipitation reactions

Influent contains calcium and
magnesium

x x

Include precipitation reactions for
calcium hydroxide

Models chemical phosphorus
precipitation reactions

Influent contains calcium x x

Include precipitation reactions for
calcium carbonate

Models chemical phosphorus
precipitation reactions

Influent contains calcium x x

Include precipitation reactions for
magnesium hydroxide

Models chemical phosphorus
precipitation reactions

Influent contains magnesium x x

Include metal salt-colloidal material
coagulation reactions

COD will compete with H2PO4
– for

active surface sites on the hydrated
metal oxide

Organic matter affects
phosphorus removal
efficiency [15]

x x

Include aluminum-phosphate
adsorption/precipitation reactions

Models chemical phosphorus
precipitation reactions with aluminum

Aluminum sulfate is used as
the precipitating agent

x

Include ferric-phosphate
adsorption/precipitation reactions.
Include iron reduction/oxidation
reactions. Include vivianite and FeS
precipitation/dissolution reactions

Models chemical phosphorus
precipitation reactions with ferric iron

Ferric chloride is used as the
precipitating agent

x

* A cross (x) indicates the selected option for each scenario.

behavior of the system across the input space. The data acquisition procedure is summarized in Algo-
rithm 1. Steps 5 to 7 are automated using Bio2Py [44], an API developed to run BioWin using Python.
More details on Bio2Py and the data acquisition process can be found at the Bio2Py repository.

3.4.3. Data fitting

Polynomial regression is used to approximate the relationship between chemical dosages and ef-
fluent characteristics after PPR. For each scenario, phosphorus concentration and pH are modeled as
functions of metal salt and sodium hydroxide dosages using polynomials of degree 1 to 5. The best-
fitting model is selected based on the coefficient of determination (R2), root mean square error (RMSE),
and visual inspection. A trade-off between accuracy and simplicity is considered when selecting the
final polynomial degree, favoring lower-degree models when performance differences are marginal,
as higher-degree models may introduce unnecessary complexity and pose challenges for subsequent
optimization. Specifically, lower-degree polynomials are preferred when they provide a sufficiently
accurate fit, as indicated by minimal differences in R2 and RMSE compared to higher-degree models.
All regressions are performed using Python’s Scikit-learn library.
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Algorithm 1 Data generation with BioWin for the Al and Fe* scenarios.
1: Initialize an empty structure -DataFrame in Python- to store the simulation results.
2: Define the number of simulations to be conducted: 500 (1000).
3: Randomly select dosages for aluminum sulfate (ferric chloride) within the interval [230, 1100]

L/d ([270, 2000]) and for sodium hydroxide within the interval [0, 1000] L/d ([220, 3900]).
4: for each selected dosage combination do
5: Load the selected dosages in BioWin.
6: Run the simulation in BioWin.
7: Save the simulation results -T Pc and pH- along with the corresponding chemical dosages.
8: end for

*The specifications for the Fe scenario are indicated in parentheses.

3.4.4. Validation

The surrogate model is validated by comparing its predictions with outputs from new BioWin sim-
ulations using the optimized chemical dosages. A summary of the validation procedure is shown in
Figure 3. First, the optimized chemical dosages (x1, x2) obtained from the estimated Pareto fronts are
used as inputs in new BioWin simulations. These simulations provide the effluent total phosphorus
concentration and pH after PPR, denoted as T PcBioWin and pHBioWin, respectively. BioWin results are
then compared to the corresponding surrogate model predictions for the same dosages: T Pc and pH.
The validation focuses on quantifying the prediction error of the surrogate model. For each solution
on the Pareto front, the errors are calculated as:

ErrorT Pc = T PcBioWin − T Pc, (5)

ErrorpH = pHBioWin − pH, (6)

The errors are plotted as functions of T Pc and pH, respectively, to evaluate the surrogate model’s
accuracy across the objective space. A positive error indicates that the surrogate model underestimates
the corresponding output variable (phosphorus concentration or pH) compared to BioWin.

3.5. Solution strategy: Bi-objective optimization

In this work, a posteriori methods are used to solve the bi-objective optimization problem and
explore the trade-offs between the objectives (Eq. 1a). To approximate the Pareto fronts, the weighted
sum and the ε-constraint methods are employed, considering 20 wi or ε values, respectively.

In the weighted sum method, the original bi-objective problem (Eq. 1a) is transformed into the
normalized single-objective problem presented in Eq. 7a. Normalization is performed using the ideal
([T Pcideal, Cideal]) and anti-ideal ([T Pcanti, Canti]) values of the objectives.
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min 𝐶(𝑥1, 𝑥2)
𝑇𝑃𝑐(𝑥1, 𝑥2)s. t.

0 ≤ 𝑇𝑃𝑐(𝑥1, 𝑥2) ≤ 5

6 ≤ 𝑝𝐻(𝑥1, 𝑥2) ≤ 9

𝑇𝑃𝑐 𝑥1, 𝑥2 = 𝑓 𝑥1, 𝑥2

𝑝𝐻 𝑥1, 𝑥2 = 𝑔 𝑥1, 𝑥2

𝑥1, 𝑥2

Figure 3. Summary of the surrogate model validation outline.

min
x1, x2

(
C(x1, x2) −Cideal

Canti −Cideal
w1 +

T Pc(x1, x2) − T Pcideal

T Pcanti − T Pcideal
w2

)
(7a)

s.t. 0 ≤ T Pc(x1, x2) ≤ 5, (1b)
6 ≤ pH(x1, x2) ≤ 9, (1c)
T Pc(x1, x2) = f (x1, x2), (1d)
pH(x1, x2) = g(x1, x2) (1e)

where 0 ≤ wi ≤ 1 for i=1,2 and w1 + w2 = 1. The extreme solutions of the Pareto front are estimated
using single-objective and lexicographic optimization.

For the ε-constraint method, the cost function is selected as the objective, and phosphorus con-
centration is added as a constraint. Parameter ε is varied within the range defined by the ideal and
anti-ideal phosphorus values, resulting in the following single-objective problem:

min
x1, x2

C(x1, x2) (8a)

s.t. T Pc(x1, x2) ≤ ε, (8b)
0 ≤ T Pc(x1, x2) ≤ 5, (1b)
6 ≤ pH(x1, x2) ≤ 9, (1c)
T Pc(x1, x2) = f (x1, x2), (1d)
pH(x1, x2) = g(x1, x2) (1e)

The optimization problems are formulated using Pyomo [45], a Python-based open-source modeling
language for optimization, and solved with IPOPT [46], a nonlinear optimization solver. The quality of
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the resulting Pareto fronts is evaluated using the number of non-dominated solutions, spacing, spread,
hypervolume metrics, and computation time. The hypervolume is computed with the hypervolume
function from the Pymoo library [47], using the anti-ideal vector ([T Pcanti, Canti]) as the reference
point.

Finally, the estimated Pareto fronts are used to compare the cost-performance trade-offs of alu-
minum sulfate and ferric chloride as precipitating agents.

4. Results and discussion

4.1. Physicochemical phosphorus removal system surrogate model

Figure 4 presents the BioWin simulation results for the Al and Fe scenarios, showing the nonlinear
behavior of the PPR model. The selected chemical dosing ranges successfully capture the region of
interest, as the resulting phosphorus (T Pc) and pH (pH) values include those that meet discharge
limits. This confirms that the dosing intervals used in the simulations were appropriate. Otherwise,
if the simulations had failed to produce feasible outcomes, the dosage ranges would have required
adjustment.

The simulation data span a much broader range than the region constrained by discharge require-
ments. Fitting a surrogate model over the entire dataset would unnecessarily increase complexity and
reduce accuracy within the relevant range. To simplify the model and enable the use of lower-degree
polynomials to fit the data, the surrogate is trained only on the subset of data that falls near the compli-
ance region. Specifically, data points with phosphorus concentrations between 0 and 5.5 mg−P/L and
pH values between 5.5 and 9.5 are used to fit the model, as marked in red in Figure 4.

Table 4 presents the performance metrics (R2 and RMSE) of polynomial regression models used
to approximate effluent phosphorus and pH as functions of chemical dosages. For pH, a first-degree
polynomial provides a highly accurate approximation, with R2 values of 0.99 in both scenarios and a
RMSE of 0.060 and 0.045 for the Al and Fe scenarios, respectively, indicating a nearly linear rela-
tionship for pH in the selected domain. This level of accuracy is considered sufficient and, therefore
a first-degree polynomial is used to represent pH. In contrast, the phosphorus concentration exhibits a
more complex, nonlinear behavior, requiring higher-degree polynomials to achieve a good fit.

As an initial approach, second-degree polynomials are selected to represent phosphorus concentra-
tion in both scenarios, based on R2 values of 0.96 and 0.97 for the Al and Fe scenarios, respectively.
However, when the Pareto fronts are estimated using these models and validated against BioWin sim-
ulations, discrepancies in phosphorus concentration of up to 1.75 mg−P/L for the Al scenario and
5.5 mg−P/L for the Fe scenario are observed in the most extreme points of the front (Figure 5). This
level of error is unacceptable, as a positive deviation of more than 1 mg−P/L implies that the esti-
mated dosage would be insufficient to meet discharge limits, potentially leading to regulatory non-
compliance. To improve accuracy, fourth-degree polynomials are tested for phosphorus in both sce-
narios based on RMSE values (0.035 and 0.037 for Al and Fe Scenarios, respectively). These polyno-
mials significantly reduce the validation error, with a maximum deviation of 0.3 mg−P/L, considered
acceptable in this context (Figure 5). On the other hand, pH errors are negligible in both cases, but
show further improvement when using fourth-degree polynomials for phosphorus concentration.

The choice of polynomial degree for each output variable balances model simplicity and predic-
tive accuracy. pH exhibits a nearly linear trend within the domain of interest, making a first-degree
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polynomial sufficient, while phosphorus concentration shows more complex, nonlinear behavior that
requires a fourth-degree polynomial to ensure accurate prediction of effluent levels. As a result, the
final surrogate model consists of a first-degree polynomial for pH and a fourth-degree polynomial for
phosphorus concentration in both scenarios.

Note that the polynomial surrogate models are trained on data near the compliance region to ensure
high accuracy where it is most relevant for decision-making. Consequently, the models may not accu-
rately capture nonlinearities outside this region, and their predictive performance in distant operating
conditions could be limited. If the framework were to be applied to scenarios far from compliance,
higher-degree polynomials or other surrogate models might be needed to capture the broader nonlinear
behavior.

Figure 4. BioWin simulation results for Al (a–b) and Fe (c–d) scenarios. Red markers
indicate the subset of data selected to fit the PPR surrogate models.

4.2. Bi-objective optimization

The estimated fronts for both scenarios and methods are shown in Figure 6, and the corresponding
performance metrics are presented in Table 5. In both scenarios, the ε-constraint method yields a
more uniform distribution of solutions for higher phosphorus concentrations but fails to find points
near the extreme corresponding to the lowest phosphorus levels. In contrast, the weighted sum method
provides more solutions in the low-phosphorus region, although fewer solutions are found in the high-
phosphorus region. Overall, in this case study, the weighted sum method results in slightly better-
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Table 4. Performance metrics (R2 and RMSE) for polynomial regression models used to
build the PPR surrogate models.

Degree
of the

polynomial

Al Scenario Fe Scenario
P pH P pH

R2 RMSE R2 RMSE R2 RMSE R2 RMSE
1 0.813 0.648 0.989 0.060 0.763 0.552 0.993 0.045
2 0.963 0.285 0.993 0.048 0.966 0.209 0.996 0.032
3 0.995 0.103 0.994 0.044 0.995 0.079 0.999 0.011
4 0.999 0.035 0.999 0.019 0.999 0.037 0.999 0.005
5 0.999 0.018 0.999 0.014 0.999 0.018 0.999 0.006
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Figure 5. Validation errors for the Al (a–b) and Fe (c–d) scenarios using second- and fourth-
degree polynomials to represent total phosphorus after PPR.

distributed Pareto fronts, as indicated by lower spread and spacing metrics. However, the hypervolume
for the ε-constraint method is marginally higher, suggesting a slightly better approximation of the true
Pareto front in terms of objective space coverage.

In this case study, the selection of the most suitable method for Pareto front estimation is not
straightforward, as it depends on the specific region of interest of the decision-maker. If the priority is
to identify solutions near the discharge limit, the ε-constraint method is more suitable. Conversely, if
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the focus is on minimizing phosphorus concentration, the weighted sum method may be more appro-
priate. In any case, both methods estimate similar fronts, as reflected in their comparable hypervolume
values. Computing time is also similar, on the order of 1 s, for both methods and scenarios, and does
not represent a deciding factor when choosing between methods.

The weighted sum method is computationally simpler and well-suited for problems with smooth,
convex Pareto fronts like the one obtained here, but it may overlook non-convex regions of the trade-
off space. In this case, since the Pareto front is convex, this limitation is not a concern. However,
we observe that uniformly sampling the weights does not lead to a uniform distribution of solutions
along the front. On the other hand, the ε-constraint method can identify Pareto-optimal solutions even
in non-convex regions of the front, but can potentially be more computationally demanding due to the
additional constraints it introduces. For this case study, both methods exhibit similar computation time,
indicating that the ε-constraint formulation was not significantly more expensive to solve. Overall, the
methods provide complementary insights for this problem: The weighted sum efficiently explores low-
phosphorus, cost-intensive solutions, whereas the ε-constraint method ensures better coverage near
current discharge limits.
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Figure 6. Pareto fronts estimated with the weighted sum and ε-constraint methods for the Al
(a-b) and Fe (c-d) scenarios.
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Table 5. Performance metrics for the weighted sum and ε-constraint methods used to esti-
mate the Pareto fronts for the Al and Fe scenarios.

Al Scenario Fe Scenario
Weighted sum ε-constraint Weighted sum ε-constraint

Non-dominated solutions 18 20 17 20
Spacing 194 623 522 2271
Spread 0.49 1.02 0.44 1.03

Hypervolume 2184 2190 6553 6649
Computing time (s) 1.14 1.12 1.18 0.96

4.3. Comparison between precipitating agents

The estimated Pareto fronts offer valuable insights for informed decision-making regarding chem-
ical dosage strategies. In both scenarios, it can be observed from the Pareto fronts (Figure 6) that the
cost of phosphorus removal is not proportional to the amount removed, and achieving very low effluent
phosphorus concentrations entails a significant increase in operational costs. For instance, in the Al
scenario, reducing the effluent phosphorus concentration from the influent value to 5.0 mg−P/L results
in a chemical cost of approximately 104 USD/d. Lowering the concentration further to 3.0 mg−P/L
increases the cost to 160 USD/d, representing a 54% increase for an additional 40% reduction in phos-
phorus concentration below 5.0 mg−P/L. Further decreasing it to 1.0 mg−P/L increases the cost to
343 USD/d, which corresponds to a 114% increase from the previous level. This trend is even more
pronounced in the Fe scenario: reducing phosphorus to 5.0 mg−P/L results in an estimated cost of
252 USD/d. Lowering it to 3.0 mg−P/L increases the cost to 538 USD/d, and further reduction to
1.0 mg−P/L requires approximately 2450 USD/d, a 355% increase relative to the previous level for
the same reduction (2.0 mg−P/L).

It is observed that achieving marginally lower phosphorus concentrations (T Pc ≤ 2 mg−P/L) de-
mands a disproportionately higher investment. Therefore, having the estimation of the Pareto fronts
allows plant operators to assess the most cost-effective chemical for different regulatory scenarios.
This is particularly valuable if stricter effluent discharge limits are expected in the future, as it helps
anticipate which precipitating agent will offer better long-term performance.

For the presented case study, aluminum sulfate appears to be the most cost-effective option across
the entire range of phosphorus concentrations. As shown in Figure 7, the Al scenario consistently
requires lower metal salt and sodium hydroxide dosages compared to the Fe scenario, and the lower
unit cost of aluminum sulfate further contributes to the overall lower cost.

The observed cost differences between aluminum sulfate and ferric chloride could be explained by
their distinct effects on system chemistry and dosing requirements. Ferric chloride addition leads to a
more pronounced pH reduction due to metal hydrolysis reactions [48], increasing sodium hydroxide
demand to maintain optimal pH levels (between 5 and 7 [15]) for efficient phosphorus removal. More-
over, the ferric system typically requires higher molar ratios of metal to phosphorus (approximately
1.6 mol Fe/mol P versus 0.8 mol Al/mol P) to achieve comparable removal efficiencies [49]. As the
BioWin model and experimental studies show, ferric removal efficiency decreases at lower pH because
H+ competes with H2PO4

– for active adsorption sites [48, 49]. These combined effects lead to higher
overall chemical consumption and, consequently, higher operational costs compared to aluminum sul-
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fate for this case study.
Although the surrogate model developed in this work is specific to the case-study WWTP and

its influent characteristics, the proposed methodology is general and can be applied to other plants
and contexts. For each new system, the surrogate model of the corresponding PPR process should
be constructed using site-specific data. The construction of the surrogate model can be done using
BioWin simulated data or plant operation data if available. If significant influent variability is expected,
additional input variables can be incorporated into the surrogate model to capture these effects.
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Figure 7. Metal salt (a) and sodium hydroxide (b) dosages against the effluent total phospho-
rus concentration corresponding to the estimated Pareto fronts for the Al and Fe scenarios.

5. Conclusions

This work proposes a bi-objective optimization framework to analyze the cost-performance trade-
off of PPR systems using different precipitating agents. Two commonly employed metal salts, alu-
minum sulfate and ferric chloride, were compared, using an edible oil WWTP as a case study. The
resulting Pareto fronts show the trade-off between phosphorus removal efficiency and operational cost,
a critical aspect for WWTPs facing increasingly stringent phosphorus discharge limits. By mapping
the effluent phosphorus concentration against costs, the bi-objective approach offers decision-makers
insights into how tighter regulations may affect chemical dosing expenses.

Surrogate models enabled the integration of BioWin PPR models into the optimization problem
formulation. Polynomial regression models successfully captured the relationship between chemical
dosages and effluent characteristics, achieving high predictive accuracy (R2 = 0.99 for both phosphorus
and pH). The combination of the weighted sum and ε-constraint methods produced complementary
Pareto fronts, offering flexibility to explore different operational trade-offs depending on the decision-
maker’s objectives. Computational times were consistently short (approximately 1 s), indicating that
solution time is not a limiting factor in this problem.
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For the edible-oil WWTP case study, aluminum sulfate outperformed ferric chloride in terms of
cost-effectiveness, requiring lower metal salt and sodium hydroxide dosages to achieve similar phos-
phorus removal. While the surrogate model developed is specific to the studied WWTP, the methodol-
ogy is general and can be applied to other plants.

Overall, the proposed bi-objective optimization approach couples simulation data with mathemati-
cal optimization, providing a systematic approach to guide chemical dosing strategies in PPR systems.
The framework supports more informed and adaptive operational decisions, helping WWTPs anticipate
and manage the economic implications of stricter phosphorus discharge regulations.

Variables

Symbol Description Unit
α Unit cost of metal salt USD/L
β Unit cost of sodium hydroxide USD/L
C Operational costs USD/d
Canti Costs anti-ideal value USD/d
Cideal Costs ideal value USD/d
ErrorT Pc Surrogate model validation error for phosphorus

concentration
-

ErrorpH Surrogate model validation error for pH -
di Minimal distance between consecutive solutions -
d̄ Average distance between consecutive solutions -
de

k Distance between a non-dominated solution and nearest
extreme point for the k-th objective

-

εk Upper/lower bound ε-constraint method for the k-th
objective

-

m Number of non-dominated solutions -
OF Number of objective functions -
T Pc Phosphorus concentration at the outlet of the PPR system

predicted with the surrogate model
mg−P/L

T PcBioWin Phosphorus concentration at the outlet of the PPR system
predicted with BioWin

mg−P/L

T Pcanti Phosphorus anti-ideal value mg−P/L
T Pcideal Phosphorus ideal value mg−P/L
pH pH at the outlet of the PPR system predicted with the

surrogate model
-

pHBioWin pH at the outlet of the PPR system predicted with BioWin -
wk Weighting coefficient of the weighted sum method -
x1 Metal salt dosage L/d
x2 Sodium hydroxide dosage L/d
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