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This article presents a multi-objective optimization methodology for the
optimal tuning of passive power filters in steelmaking facilities that operate
with electric arc furnaces (EAFs). These industrial loads are well-known for
introducing severe harmonic distortion, voltage unbalance, and flicker into the
electrical network, significantly degrading power quality and equipment
performance. To address these challenges, a multi-objective optimization
problem is solved using the non-dominated sorting genetic algorithm II
(NSGA-II), which simultaneously minimizes three key power quality indices:
total harmonic distortion (THD), total demand distortion (TDD), and voltage
unbalance factor (VUF). In addition, a multi-criteria decision analysis
(MCDA) technique is applied to rank and select the most balanced and robust
solution in different EAF operating scenarios. Unlike conventional filter
design methods that prioritize a single performance criterion or rely on static
harmonic assumptions, the proposed approach accounts for the nonlinear and
time-varying behavior of EAFs, ensuring robust performance under diverse
operating conditions. A comprehensive case study based on a Bolivian steel
plant illustrates the effectiveness of the optimization strategy. Results indicate
reductions of 47.6% in THD, 33.5% in TDD, and 63.6% in VUF, clearly
outperforming conventional design approaches and significantly improving
overall power quality. This work highlights the potential of evolutionary
multi-objective algorithms for enhancing passive filter performance in
complex industrial environments with highly distorted and unbalanced power
conditions.
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1. INTRODUCTION

The steel industry faces the urgent challenge of reducing CO: emissions from smelting processes, in
response to increasingly stringent environmental regulations [1]. In this context, electric arc furnaces (EAFs)
have consolidated as a more sustainable alternative and are projected to become the dominant technology for
steel production in the coming decades [2], [3]. However, their operation introduces significant disturbances
into the electrical grid, such as harmonic distortion, voltage unbalance, and rapid voltage fluctuations (flicker).
These conditions may increase energy losses within the plant’s internal network, impair the performance of
electrical equipment, and hinder compliance with power quality standards [4].
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Currently, passive power filters (PPFs) are a widely used and cost-effective solution for mitigating
harmonics in industrial networks. Their primary function is to reduce harmonic distortion and inject reactive
power, which represents a fundamental step toward addressing power quality challenges in EAF-based
systems. In addition, the reactive power injection inherently provided by PPFs helps improve the overall
voltage profile, which in turn contributes to lowering voltage unbalance levels at the PCC.

Nevertheless, their performance is limited when facing the highly variable and nonlinear nature of
loads such as EAFs, whose harmonic and interharmonic spectra dynamically fluctuate throughout the melting
process [5], [6]. To overcome these limitations, several optimal filter design methodologies have been
proposed, including classical nonlinear optimization approaches [7], [8], metaheuristic techniques such as
particle swarm optimization (PSO) [9]-[11], and more recent methods such as simultaneous perturbation
stochastic approximation (SPSA) and dynamic particle swarm optimization (DPSO) [12], [13]. Most of these
studies, however, adopt a single-objective perspective, focusing exclusively on reducing harmonic indices
without jointly addressing other equally critical indicators in EAF operation, such as voltage unbalance.
Simultaneous mitigation of these indices is therefore crucial in industrial networks with EAFs, which are
among the most disturbing loads in terms of power quality [14].

In this context, the present study proposes a methodology for the optimal tuning of a PPF in a steel
plant operating with an EAF. The approach combines the non-dominated sorting genetic algorithm II with
multi-criteria decision analysis. NSGA-II is adopted because of its proven efficiency in solving nonlinear multi-
objective problems, its ability to approximate the Pareto front with good convergence and diversity, and its
extensive use in power systems optimization. This makes it particularly suitable for addressing the conflicting
objectives inherent to power quality improvement in EAF-based networks. The optimization problem is
formulated as a nonlinear multi-objective problem, simultaneously minimizing three power quality indices:
total harmonic distortion (THD), total demand distortion (TDD), and the voltage unbalance factor (VUF). The
goal is to identify filter configurations that achieve an appropriate trade-off among these indicators, while
ensuring robust performance under diverse operating conditions of the EAF melting process.

The main contribution of this work lies in the simultaneous minimization of THD, TDD, and VUF
using NSGA-II combined with multi-criteria decision analysis (MCDA), which, to the best of our knowledge,
has not been previously reported for EAF-based steelmaking facilities. This paper is structured as follows:
Section 2 analyzes the operation of EAFs and their impact on power quality. Section 3 presents the proposed
methodology, including the hyperbolic model of the furnace, the implementation of NSGA-II, and the adopted
MCDA framework. Section 4 discusses the obtained results and compares the performance of the optimized
design against conventional approaches. Finally, Section 5 summarizes the main conclusions of this work.

2. TECHNICAL BACKGROUND
2.1. Melting process in electric steelmaking furnaces

EAFs are fundamental equipment in modern steel plants, used to melt scrap steel through electric arcs
exceeding 10 kA and temperatures above 3,000 °C. This process consumes large amounts of electrical energy
and introduces significant disturbances into the power supply system [15]. The melting process comprises
several stages, each with specific operating characteristics that affect power quality in different ways and with
varying degrees of severity [16]. These stages can be divided into four main phases (Figure 1), each associated
with distinct energy consumption patterns, arc dynamics, and impacts on the grid.

1. Boring |:> 2. Melting |:> 3. Plating |:> 4. Refining

Figure 1. Main operating stages of the EAF steelmaking process

In the boring stage, the electrodes descend to establish the first arcs, piercing the upper scrap layer
and creating a pit that enables heat penetration into the charge. This stage is highly unstable and generates
severe fluctuations. During the melting stage, once the pit is formed, the electrodes are surrounded by scrap,
allowing an increase in arc length and furnace power to accelerate melting—conditions that intensify harmonic
distortion and reactive power demand. The plating stage begins when the molten bath is formed and the
remaining solid material is melted. As the electrodes approach the molten bath, the arc stabilizes, reducing
fluctuations but still contributing to distortion. Finally, in the refining stage, the charge is fully molten, and
chemical and thermal adjustments are carried out, with a progressive reduction in arc length and power.

Multi-objective optimization and multi-criteria decision analysis of passive ... (Alvaro Yassif Marca Yucra)



1202 3 ISSN: 2252-8792

Although this stage is comparatively more stable, it continues to affect the supply system, particularly through
unbalance and residual harmonics.

2.2. Power quality issues associated with EAF operation
The fluctuating and nonlinear behavior of electric arcs makes EAFs one of the most disturbing
industrial loads for electrical networks. Their operation generates a wide spectrum of harmonics,
interharmonics, voltage flicker, and phase unbalances [17]. These disturbances can propagate through the
supply system, affecting not only the steel plant itself but also other users connected to the same grid. Among
the most important power quality indices influenced by EAF operation are:
i) Total harmonic distortion (THD): ratio of the RMS value of all harmonic components to the RMS value of
the fundamental component of voltage or current (1), providing a measure of waveform distortion.
ii) Total demand distortion (TDD): ratio of the RMS value of harmonic currents to the maximum demand load
current (2), providing a normalized measure of current distortion.
iii) Voltage unbalance factor (VUF): ratio of the negative-sequence component to the positive-sequence
component of the fundamental voltage (3), indicating the three-phase asymmetry.
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Where:

i: harmonic order (i = 2, ..., N).

N': highest harmonic order considered.

V;: rms value of the voltage at harmonic order i (V).

V,: rms value of the fundamental voltage (V).

I;: rms value of the current at harmonic order i (A).

I : rms value of the maximum demand load current at PCC (A).
V5" : negative-sequence voltage component (V).

V;t: positive-sequence voltage component (V).

International standards such as IEEE 519-2022 and IEC 61000-3-13 establish maximum admissible
limits for these indices, which must be evaluated at the point of common coupling (PCC) [18]. However, in
environments with large-scale EAF operation, these limits are frequently exceeded, highlighting the
importance of effective mitigation strategies.

3. PROPOSED METHOD

The proposed methodology integrates a hyperbolic model of the EAF with a multi-objective
optimization algorithm to determine the optimal tuning of the passive power filter (PPF) parameters. This
approach aims to minimize the most critical power quality indices at the PCC of the steel plant, ensuring robust
filter performance across different furnace operating conditions. The sequential steps of the methodology are
summarized in Figure 2.

V.

Multi-criteria
decision analysis

Identification and
selection of critical

Hyperbolic EAF
model sensitivity

Formulation of the
multi-objective

analysis operating cases optimization and filter
robustness
problem
assessment

Figure 2. Proposed methodology framework
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3.1. Hyperbolic EAF model sensitivity analysis

The analysis of the furnace impact on power quality indices is carried out using a model capable of
reproducing the nonlinear and chaotic behavior characteristic of the EAF. For this reason, in this study the
hyperbolic model of the EAF [19], [20] was employed, which describes the arc voltage—current relationship
through (4)-(6).

Var(lg) =A+ B+, 4
Co(8) = 5 (Ci = Co) sign(ia(t)) cos(wt) +C, (5)
Vo) = Var(la) + s ©)

Where:

V4. Arc voltage threshold (V).

l,: Arc length (cm).

C,: Oscillating arc power (W).

V,: EAF arc voltage (V).

A: Voltage drop across electrodes (V).
B: Voltage per unit length of arc (V/cm).
C;: Arc ignition power (W).

C,: Arc extinction power (W).

i,: EAF arc current (A).

D: Average arc transition current (A).

In addition, in order to better represent the operational variability of the EAF, the methodology
incorporates a sensitivity analysis of the parameters of the hyperbolic model described in (4)-(6). In particular,
the characteristic coefficients Cj, C,, D and the arc length of each phase are modified. This allows the emulation
of more realistic operating conditions, such as unequal arc lengths among phases or dynamic changes in arc
behavior during the melting process.

Continuing with the sensitivity analysis performed for each of the four main stages of the melting
process shown in Figure 1, different operating conditions are simulated in a typical steel plant network. Voltage
and current measurements are taken at the PCC. The measurements are processed to calculate the power quality
indices under evaluation: THD, TDD, and VUF for each case.

3.2. Identification and selection of critical operating cases

From the database of the sensitivity analysis, the indices of each scenario are normalized with respect
to the maximum limit established by the standard, as expressed in (7). Subsequently, the normalized values are
weighted and summed to compute the simple composite index (SCI), as defined in (8).

fei = & @)
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Where:

fk,l-: Normalized value of indicator i for case k.

SCI,: Simple composite index of case k.

N: Total number of simulated cases/scenarios.

fr,i: Value of indicator i for case k.

L;: Regulatory limit of indicator i according to the corresponding standard.
w;: Weight assigned to index i (with 7%, w; = 1).

The SCI quantifies the proximity of each scenario to the regulatory limits, generating a ranking of
criticality that enables the identification of the most unfavorable configurations. In this way, the most critical
cases in terms of power quality degradation are selected. These scenarios are then used as the basis for the
formulation of the optimization problem.

3.3. Formulation of the multi-objective optimization problem
The optimal tuning of the proposed PPF to improve power quality indices is formulated as a multi-
objective optimization problem. The objective is to minimize three functions (9), namely: the minimization of
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voltage harmonic distortion (10), the reduction of total demand distortion (11), and the decrease of the voltage
unbalance factor (12) at the PCC. These objective functions present inherent trade-offs with each other. To
ensure robustness, the optimization is performed across different critical operating cases derived from the
sensitivity analysis of the EAF model.

Fi(x)
Fx)=|FRL®|;x= [h' Qc, Cppr, LPPF'Qf' RPPF] 9
F3(x)
N, (v ® 2
Fi(x) = -2, THDS (%) = - 3M, % %100 (10)
1
(1)’
Fx) = %le\fﬂ TDD® (x) = % k=1 % *100 (11)
L
1yM 03 tom (2%
Fo(9) = 5 T VUF () = 3 Dk ey = 100 (12)
1

Where:
k: index of the critical operating case (k = 1, ..., M).
M : number of critical operating cases.
h: tuning harmonic order.
Qc: reactive power of the filter (Mvar).
Cppp: filter capacitance (F).
Lppg: filter inductance (H).
Qf: quality factor.
Rppp: filter resistance (Q).
The implementation incorporates a set of operational constraints, expressed in (13)-(18), which define
both the component capacity limits and the admissible ranges of the filter parameters. These constraints ensure
that the optimization process yields technically feasible and practically implementable PPF solutions.

h™n < p < pMeX (13)
Q&M < Q. < Q'™ (14)
Chin < Cp < Cax (15)
L < Ly < [nox (16)
QM <Q < QM (17)
R < R, < Rx (18)

The optimization problem is multi-objective, nonlinear, and involves conflicting goals, since not all
power quality indices can be minimized simultaneously. To address this, the non-dominated sorting genetic
algorithm II (NSGA-II) is employed. NSGA-II was selected over other evolutionary algorithms because of its
ability to efficiently handle nonlinear and non-convex search spaces, to maintain a well-distributed Pareto front,
and to prevent premature convergence through its crowding distance mechanism [21]. In addition, its proven
performance in power system applications reported in the literature makes it particularly suitable for addressing
the conflicting objectives of harmonic distortion and voltage unbalance in EAF-based networks. NSGA-II
identifies a set of Pareto-optimal solutions by combining three key mechanisms:

a) Selection, crossover and mutation: From a current population P, (candidate solutions), an offspring
population Q; is generated. Selection favors fitter individuals, crossover combines parents to explore new
regions, and mutation introduces variations to preserve diversity and avoid premature convergence.
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b) Non-dominated sorting: The combined population R, = P, U Q; is classified into successive Pareto fronts
(Fry, Fry, ..) according to dominance. The first front Fr; contains all non-dominated solutions, while
subsequent fronts include solutions dominated by those in the previous ones, establishing a hierarchy.

¢) Crowding distance: To build the next generation P,,,, entire fronts are added sequentially until the
population size is met. If the inclusion of a front exceeds the limit, NSGA-II applies crowding distance to
select the most diverse individuals, ensuring a well-spread distribution across the objective space.

The overall selection process is summarized in Figure 3, which illustrates how populations are combined,

sorted into Pareto fronts, and filtered to construct P, ;.

Non dominated sorting

B [ -
p Fr, AN
Ut ® _"s:
(BRI
e [ Pt+1
il
|
i ' Qt | Rejected
Selection - elements
Crossover T |

Mutation Ry =P 0 R,

Figure 3. NSGA-II population update process [21]

3.4. Multi-criteria decision analysis and filter robustness assessment

Once the set of optimal solutions (non-dominated front) has been obtained, a multi-criteria decision
analysis (MCDA) technique is applied to select the most balanced and robust solution. The MCDA method
used in this study is technique for order preference by similarity to ideal solution (TOPSIS), which ranks
alternatives according to their relative distance from an ideal solution. This method begins by normalizing and
weighting the indices (THD, TDD, VUF) of each candidate solution. Then, the positive ideal and negative
ideal solutions are determined using (19), (20), and the Euclidean distances of each alternative to the ideal
solutions are calculated using (21), (22).

Afterward, the relative closeness coefficient (CC;) for each alternative is obtained using (23). This
index indicates the proximity to the positive ideal solution and the distance from the negative ideal solution.
Thus, the alternative with the highest CC; is considered the best compromise solution on the Pareto front.

A* = {min(v;)} (19)
A~ = {max(v;)} (20)
Df = [Zn,(vy — A)? @21
Di = S0 (v — A7) (22)
CC=—— (23)

Where:

v;j: normalized and weighted value of criterion j for alternative .

A*: positive ideal solution, composed of the minimum values of each criterion.
A~ : negative ideal solution, composed of the maximum values of each criterion.
D;*: Euclidean distance of alternative i to the positive ideal solution.

D; : Euclidean distance of alternative i to the negative ideal solution.
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Once the optimal configuration of the PPF has been selected, its robustness is evaluated under
different operating conditions. The PPF is configured according to the decision variables of the solution chosen
by the MCDA method, and its effectiveness is verified in the scenarios defined for the four operating stages of
the furnace. New results of power quality indices are then determined and compared with the base case,
allowing the assessment of the global effectiveness of the design by evaluating variations in the quality indices
obtained in the database. In this way, it is confirmed whether the selected design is robust against the
operational variability of the EAF.

4. RESULTS AND DISCUSSION

The application of the proposed methodology follows the procedure summarized in Figure 2, which
integrates the sensitivity analysis of the EAF, the formulation and resolution of the optimization problem
through NSGA-II, and the application of MCDA for the selection of the most robust filter configuration.

4.1. Case study description

To validate the proposed methodology, a case study was considered based on a steel plant connected
to the National Interconnected System of Bolivia, from which the data were obtained. The single-line diagram
of the plant under analysis is shown in Figure 4, where the PCC with the external supply network can be
observed. The internal network consists of a main transformer T1 rated at 230/11 kV and a transformer T2
rated at 11/0.635 kV supplying the EAF. The electrical parameters of the feeder lines of the circuit are presented
in Table 1.

The main load of the plant corresponds to a 19 MW EAF, whose nonlinear characteristic was
represented through the hyperbolic model described in section 3.1. To reproduce the variability of the furnace
during the melting process, which comprises the stages of boring, melting, plating, and refining, a sensitivity
analysis of the model parameters documented in the literature [22]-[24] was carried out. The ranges considered
in each stage for this analysis are presented in Table 2.

T2
PCC T zc1 zc2
: | Zu1 | § | | 2 | |
— S0H: EAF
PPF

Figure 4. Electrical network of the case study

Table 1. Electrical parameters of the feeder conductors in case-study steel plant network [19]
Feeder Vy (kV) Iy (kA) Length (km) R’ (20°C)(Qkm) X (Qkm)

ZL1 230 0.3765 10.7 0.0840 0.4470
712 15 0.5240 0.025 0.0787 0.1511
ZC1 15 0.47 0.03 0.0978 0.1538
7C2 15 0.47 0.26 0.0978 0.1538

Table 2. Ranges of variation for parameters of the hyperbolic EAF model
Process l, (cm) 1, (cm) I, (cm) G C, D
30000-50000]

Boring  [25-30-35] [25-30-35] [25-30-35]  [150000-250000] | [3000-6500]
Melting  [19-23-27] [19-23-27] [19-23-27]  [120000-200000]  [24000-40000]  [3500-6000]
Plating  [10-14-18] [10-14-18] [10-14-18]  [90000-150000]  [18000-30000] [4000-5500]
Refining  [3-6-9] [3-6-9] [3-6-9]  [60000-100000]  [12000-20000] _[4500-5000]

For each stage, a sensitivity analysis of the hyperbolic model parameters was performed, generating
a total of 72 simulated scenarios per stage. Voltages and currents were measured at the PCC in each simulation
to calculate the power quality indices under study (THD, TDD, and VUF). The results indicate that the most
critical stages are boring and melting, due to their higher distortion and unbalance levels. Figure 5 presents the
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power quality indices obtained in the base case for the boring stage, highlighting that several of them exceed
the limits recommended by international standards.

Finally, in order to select the critical cases that will be used in the optimization stage (see section 3.3),
the power quality indices obtained for all simulated scenarios were first normalized with respect to their
regulatory limits, as defined in (7). These normalized indices were then weighted and aggregated according to
(8) to calculate the SCI for each case. This procedure makes it possible to identify and rank the most critical
furnace operating conditions, which are later used as the input set for the optimization process.

2
5 Recommengded limit

2
15 Recommended Ifrr\kﬂ 4 .

- e = 0 WY oV oAV o O o —
- ~

L e B~ e B = e B~
[ B I B S I S 2 BT = Y= o AN M oM g S N 0w
Operating scenarios Operating scenarios

(a) (b)

Figure 5. Power quality indices obtained for the base case in the boring stage: (a) total harmonic distortion,
(b) total demand distortion, and (c) voltage unbalance factor

4.2. Multi-objective tuning of the power filter

Based on the database constructed in section 4.1, the multi-objective optimization problem formulated
was solved using NSGA-II, implemented in MATLAB 9.13 (R2022b). The optimization problem was
formulated with the three objective functions in (10)—(12), while the decision variable limits are summarized
in Table 3. The NSGA-II algorithm was configured with a population of 50 individuals, a crossover probability
of 0.8, a mutation probability of 0.333, and 100 generations. The optimization produced a Pareto front of non-
dominated solutions, illustrating the trade-offs among the objective functions, as shown in Figure 6(a). To
select the most balanced alternative, the MCDA approach was applied using (19)—(23) to compute the CC; for
each solution, whose values are presented in Figure 6(b). The alternative with the highest CC; value (0.3092)
was identified as the best compromise solution across the multiple scenarios of the case study. Its corresponding
filter parameters are summarized in Table 4, together with those obtained using the conventional tuning method
described in [25], [26] for comparison.

Table 3. Decision variable limits
Variable  Lower bound  Upper bound

h 3 11
Q 10 100
Cr (pF) 5.47 100
Lg (H) 3.06 56.13
Rr (Q) 105.8 5290
Q. (Mvar) 1 5

Table 4. Filter parameters of the conventional and proposed method
Variable  Conventional method  Proposed method

h 5 49184
0Q 16 86.2839
Cr (pF) 36.70 54.561
Ly (H) 11.04 7.6766
Ry (Q) 346.88 137.4720
Q. (Mvar) 3.05 3.4598

4.3. Validation and comparison of results

Once the optimal filter configuration was identified, its robustness was assessed by extending the
simulations to all operating scenarios defined in section 4.1. A comparison of the power quality indices at the
PCC, obtained using the proposed and conventional methods during the boring stage, is shown in Figure 7.
The results show that the proposed optimization achieves lower harmonic distortion indices (THD, TDD) in
all evaluated cases, whereas the conventional design consistently yields higher values. The overall performance
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of both configurations with respect to the base case (without compensation) is summarized in Table 5, which
reports the average values of the power quality indices across the entire furnace process.

Table 5 shows that the proposed optimization-based filter design achieves a 47.6% reduction in THD
and a 33.5% reduction in TDD with respect to the base case, while also providing additional decreases of 4.8%
in THD and 2.1% in TDD relative to the conventional method. In contrast, although the optimized tuning
slightly increases VUF compared with the conventional filter, it still delivers a 63.6% reduction in VUF with
respect to the base case and remains well below the maximum permissible value imposed by the standards.
Overall, these results indicate that the proposed method yields superior harmonic performance, with the largest
relative improvements observed in THD and TDD.
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Figure 6. Optimal solution selection via integrated ranking: (a) Pareto front of the case study and
(b) CC; ranking of the non-dominated solutions
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Figure 7. Comparison of power quality indices between the proposed and conventional methods:
(a) total harmonic distortion, (b) total demand distortion, and (c) voltage unbalance factor

Table 5. Comparison of average power quality indices at the PCC
Power quality index ~ Base case  Conventional method  Proposed method

THD (%) 13147 0.7521 (-42.8%) 0.6895 (-47.6%)
TDD (%) 6.4937 4.4547 (-31.4%) 43171 (-33.5%)
VUF 1.0637 0.3272 (-69.2 %) 0.3869 (-63.6%)

4.4. Discussion

The results in Table 5 indicate that the optimized filter clearly outperforms both the base case and the
conventional PPF. The NSGA-II-based tuning achieves markedly lower THD and TDD over the whole furnace
process, confirming its effectiveness in mitigating current harmonics under highly variable EAF operating
conditions. In contrast, the average VUF obtained with the optimized design is slightly higher than with the
conventional filter, but this increase is modest and VUF remains well below the maximum permissible limit
imposed by the standards. These trends suggest that the optimization primarily favors the reduction of TDD
and THD over further improvements in VUF, a trade-off that is examined in more detail using the normalized
indices in Figure 8.

Figure 8 provides further insight into this trade-off by showing THD, TDD, and VUF normalized with
respect to their corresponding regulatory limits. A normalized value greater than 1 indicates that the index
exceeds the admissible range, whereas values below 1 denote full compliance with the standards. It can be
observed that, in the base case, TDD is the most critical indicator, since it clearly surpasses the limit, while
VUF already lies within the acceptable range.
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In the proposed methodology, the Pareto-optimal set generated by NSGA-II is post-processed using
the MCDA technique TOPSIS. The decision matrix is constructed from the normalized indices and the
closeness to the ideal solution is computed, so that solutions with lower normalized THD and TDD (particularly
those above the limit) are ranked more favorably. As a result, the selected operating point corresponds to a
design that substantially reduces TDD and THD, even if this implies a small increase in VUF. Importantly,
VUF remains well below its maximum permissible value, so this trade-off is acceptable from both a technical
and regulatory perspective.

Overall, the combined NSGA-II and TOPSIS framework explicitly steers the optimization towards
mitigating the most severe non-compliances (mainly TDD), reducing the magnitude of the violation and
yielding a more balanced compromise among THD, TDD, and VUF. This regulation-oriented tuning can be
regarded as a first step that may be complemented with additional mitigation measures if strict fulfillment of
all limits is required.

35
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Figure 8. Normalized power quality indices at the PCC relative to the base case

5. CONCLUSION

This paper presented a methodology for optimal tuning of shunt passive filters in EAF-based systems
using the NSGA-II multi-objective optimization algorithm, simultaneously minimizing THD, TDD, and VUF.
The approach considered the nonlinear and highly variable behavior of the furnace, ensuring filter performance
under critical and unbalanced operating scenarios. The results showed that the proposed design clearly
outperforms conventional tuning, achieving more effective reductions in power quality indices, especially in
scenarios where regulatory limits are exceeded. Moreover, validation across different operating stages
confirmed the robustness of the optimized filter under dynamic conditions. Overall, combining evolutionary
optimization with decision-making methods provides a resilient strategy to address power quality challenges
in steelmaking facilities. As future work, the extension of this methodology to active or hybrid active—passive
filters is suggested, as well as its application to other industrial facilities with highly nonlinear loads beyond
steelmaking.
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