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ABSTRACT The increasing penetration of distributed generation (DG) introduces variability in network
impedance and harmonic emissions that can degrade the performance of passive harmonic filters designed
for nominal operating conditions. This paper develops a reliability-oriented C-type filter synthesis framework
that couples the Secretary Bird Optimization Algorithm (SBOA) with MATLAB–PSCAD electromagnetic
transient (EMT) co-simulation. Candidate filter parameters are evaluated directly from simulated point-of-
common-coupling (PCC) voltage waveforms underMonte Carlo realizations of grid impedance, background
harmonic distortion, DG harmonic injection, and component tolerances. Probabilistic constraints are
imposed on total and individual voltage harmonic distortion, while a conditional value-at-risk metric and
lifecycle cost are considered as optimization objectives. The resulting design is compared with conventional
and optimization-based benchmark filters under a common EMT-based evaluation framework. For the
investigated medium-voltage distribution system, the optimized filter reduces PCC total voltage harmonic
distortion (TVHD) to approximately 2.5%, with no limit violations observed in the considered Monte Carlo
samples, while also improving power factor and reducing system and filter losses. The results indicate
that incorporating EMT-based scenario evaluation into filter synthesis can improve harmonic-compliance
margins under the uncertainties considered in this study.

INDEX TERMS Dynamic co-simulation optimization, distributed generation, electromagnetic transient
analysis, passive harmonic filters, secretary bird optimization.

NOMENCLATURE
R Filter damping resistance.
L Filter inductance.
Cm Main filter capacitance.
Ca Auxiliary filter capacitance.
Ztl Transmission-line impedance.
Zd Demand-side impedance.
Zf C-type filter impedance.
Vg Background grid harmonic voltage.

The associate editor coordinating the review of this manuscript and

approving it for publication was Binit Lukose .

Idg DG harmonic-current injection.
VPCC,1 Fundamental-frequency PCC voltage.
Qc Filter reactive-power rating.
Qf Filter quality factor.
nt Filter tuning order.
x Filter decision vector.
ξ Uncertainty scenario vector.
H Considered harmonic-order set.
NMCS Number of Monte Carlo scenarios.
9 Required chance-constraint satisfaction

probability.
α CVaR upper-tail fraction.
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P̂T Empirical TVHD satisfaction probability.
P̂D Empirical DVHD satisfaction probability.
f1 Harmonic-risk objective.
f2 Lifecycle-cost objective.
IC Filter investment cost.
CE Filter operating cost.
PL Transmission-line power loss.
FPL Filter power loss.
Npop Population size.
Niter Maximum iteration number.
Nw Number of parallel EMT workers.
λ Normalized sensitivity perturbation.

I. INTRODUCTION
The increasing penetration of power-electronic interfaces,
nonlinear loads, and renewable energy–based distributed
generation (DG) has intensified harmonic distortion in
modern power systems. Harmonic currents generated by
nonlinear devices and converter-interfaced resources can
deteriorate power quality, increase system losses, accelerate
equipment thermal aging, and contribute to electromagnetic
interference [1], [2], [3], [4], [5]. Additional DG-related
harmonic emissions may also contribute to cable derating,
transformer overheating, increased losses, and malfunction
of sensitive equipment [6], [7], [8]. Consequently, voltage
harmonic distortion at the point of common coupling (PCC)
must be assessed using standardized total and individual
harmonic indices in accordance with applicable requirements
such as IEEE Standards 519 and 1547 [9], [10].
Passive harmonic filters remain an economically attrac-

tive and widely adopted solution for harmonic mitigation
[11], [12]. Conventional synthesis procedures generally
determine filter parameters for specified network conditions
and harmonic spectra; however, their performance can dete-
riorate when actual operating conditions deviate from those
assumed during design [13]. Treating network impedance
and harmonic spectra as fixed quantities [14] may therefore
produce filter parameters that are sensitive to subsequent
operating-point variations [15], particularly in DG-integrated
networks.

This sensitivity has motivated probabilistic and
uncertainty-aware filter-design approaches [16], [17], [18],
consistent with harmonic-assessment frameworks that
account for variations in emissions and operating con-
ditions [10], [19], [20]. Probabilistic synthesis based on
statistical harmonic modeling was investigated in [21],
while stochastic filter optimization was considered in [22].
Renewable DG effects on harmonic-constrained filter
design were further examined in [23]. In addition to
system-level uncertainty, deviations between designed and
implemented component values arising from manufacturing
tolerances, environmental effects, measurement uncertainty,
and numerical approximation can alter filter tuning and
damping characteristics [24].

Metaheuristic techniques have also been increasingly
applied to passive-filter design and harmonic mitigation.
The crow spiral-based search algorithm and Dragonfly
Algorithm have been employed for passive-filter parameter
optimization and combined harmonic–power-factor objec-
tives [25], [26], while other population-based methods have
been developed to improve exploration and exploitation in
nonlinear optimization problems [27], [28]. More recent
passive-filter studies have incorporated multi-objective and
uncertainty-aware formulations [29], [30], [31], [32], [33].
Despite these advances, candidate performance in most
reported approaches is still determined using static or
harmonic-domain representations rather than by directly
evaluating the corresponding EMT response under simultane-
ous network, harmonic-source, and component uncertainties.

EMT-based and hybrid co-simulation frameworks provide
ameans of incorporating detailed time-domain responses into
system-level analysis and parameter synthesis. Foundational
studies established the numerical basis for coupling detailed
EMT models with complementary simulation domains,
including synchronization, boundary representation, and data
exchange [34], while more recent work has examined
the accuracy and sensitivity of EMT co-simulation with
respect to interface configuration, synchronization settings,
and FFT-based data transformation [35]. Synchronized
MATLAB–PSCAD loops have also been employed for itera-
tive parameter optimization using EMT feedback [36], [37].
In particular, [36] applied closed-loop EMT evaluation to
C-type passive-filter parameter optimization, whereas [37]
demonstrated the same EMT-in-the-loop design principle for
optimized shunt compensation. However, reliability-oriented
passive-filter synthesis in which candidate feasibility and
optimization objectives are determined directly from EMT
responses under simultaneous network, harmonic-source, and
component uncertainties remains insufficiently addressed.

To address this gap, this paper couples the Secretary
Bird Optimization Algorithm (SBOA) with synchronized
MATLAB–PSCAD co-simulation for C-type passive-filter
synthesis in DG-integrated power systems. Each candidate
design is evaluated through PSCAD EMT simulation under
sampled realizations of grid impedance, background har-
monic distortion, DG harmonic injection, and component
tolerances. The resulting EMT-in-the-loop implementation,
referred to as dynamic SBOA (DSBOA), retains the under-
lying SBOA search mechanism while determining candidate
feasibility and objective values from the corresponding
time-domain responses. Probabilistic harmonic constraints,
CVaR-based tail-risk assessment, and lifecycle cost are
incorporated into the multi-objective formulation. The main
contributions of this work are summarized as follows:
1) A synchronized MATLAB–PSCAD EMT-in-the-loop

framework that evaluates candidate C-type filter
parameters directly from PCC time-domain responses.

2) A probabilistic formulation that incorporates uncer-
tainties in grid impedance, background harmonic dis-
tortion, DG harmonic injection, and filter-component
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parameters through Monte Carlo evaluation and chance
constraints.

3) A multi-objective DSBOA formulation that combines
CVaR-based harmonic tail-risk assessment and lifecycle
cost while directly optimizing the physical C-type filter
parameters.

4) A comparative evaluation of the proposed and
benchmark designs under a common EMT-based
assessment procedure considering harmonic distortion,
limit exceedance, power factor, losses, and economic
performance.

II. SYSTEM REPRESENTATION AND HARMONIC
DISTORTION CHARACTERIZATION
This section defines the studied network, C-type fil-
ter model, harmonic-performance indices, and uncertainty
representation used in the subsequent optimization. Har-
monic performance is evaluated at the PCC shown in
Figure 1 using total voltage harmonic distortion (TVHD)
and individual voltage harmonic distortion (DVHD), with
the corresponding limits adopted from [9], [10], [19], [20].
Variations in network impedance, harmonic-source charac-
teristics, and filter-component parameters are represented
probabilistically.

The system architecture and its harmonic-domain equiv-
alent are illustrated in Figs. 1 and 2, respectively. The
upstream network and connected demand are represented
by the transmission-line impedance Ztl(n) and demand-side
impedance Zd (n). To account for variations associated
with operating-point changes, network reconfiguration,
and parameter estimation, these impedances are bounded
as Ztl(n) ∈ [Z−tl (n),Z

+

tl (n)] and Zd (n) ∈ [Z−d (n),Z+d (n)].
The upstream background harmonic voltage is similarly
represented by Vg(n) ∈ [V−g (n),V+g (n)], while the DG
harmonic-current injection is bounded as Idg(n) ∈ [I−dg(n),
I+dg(n)]. These intervals define the uncertainty ranges con-

sidered in the subsequent probabilistic evaluation. The filter
impedance Zf (n) is determined by the main capacitor Cm,
auxiliary capacitor Ca, inductor L, and damping resistor R.
Their tolerance-induced variations are represented by δCm,
δCa, δL, and δR, such that Zf = f (R + δR,L + δL,Cm +
δCm,Ca + δCa), with Zf (n) ∈ [Z−f (n),Z+f (n)]. The C-type

topology has been widely applied in high-voltage direct-
current installations, including the France–England inter-
connection and the Intermountain–Quebec–New England
corridors [38], [39], [40]. At the fundamental frequency, the
auxiliary capacitor Ca and inductor L are tuned to resonance,
providing a low-impedance bypass around the damping
resistor and thereby limiting its fundamental-frequency
power loss. At harmonic frequencies, the branch impedance
changes, allowing the damping resistor to contribute to
harmonic attenuation and resonance suppression.

Accordingly, the C-type topology combines tuned filtering
and damping characteristics [40], [41], [42], [43]. Let n
denote the harmonic order, with XCm and XCa representing the

FIGURE 1. Simplified representation of the distribution system.

FIGURE 2. Harmonic-domain equivalent circuit of the studied network
incorporating bounded uncertainties in grid voltage, system impedance,
DG harmonic injection, and C-type passive filter parameters.

fundamental-frequency reactances of the main and auxiliary
capacitors, respectively. Since Cm is connected in series with
the parallel combination of the damping resistor and the tuned
Ca–L branch, the resulting filter impedance is expressed as

Zf (n) = −j
XCm
n
+

R jX
(
n− 1

n

)
R+ jX

(
n− 1

n

) . (1)

The filter parameters are derived according to established
C-type design principles [44], [45]. Resonance between the
inductor and auxiliary capacitor at the fundamental frequency
is imposed through

jXL − jXCa = 0, (2)

which gives XCa = XL = X . The main capacitor Cm is
selected according to the reactive power required for the
desired displacement power-factor (DPF) correction:

XCm =
V 2
PCC,1

Qc
, (3)

where

Qc = P1
[
tan

(
cos−1(DPFact)

)
− tan

(
cos−1(DPFdes)

)]
.

(4)
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Here, VPCC,1 is the root-mean-square fundamental PCC
voltage, P1 is the corresponding active power, and DPFact
and DPFdes denote the actual and desired displacement power
factors, respectively.

For a selected tuning order nt , the harmonic tuning
condition is

jntX − j
X
nt
− j

XCm
nt
= 0, (5)

which yields the fundamental-frequency reactance

X =
XCm
n2t − 1

. (6)

The damping resistor R is then determined from the quality
factor Qf as

R =
ntX
Qf

. (7)

Thus,Qc, nt , andQf govern the compensation level, tuning
location, and damping characteristic of the filter, respectively.

Using the uncertainty bounds introduced above, the
grid voltage is represented as a Thevenin source contain-
ing the fundamental component and bounded background
harmonics:

Vg = Vg(1)+ (ABGH + δABGH)
∑
n>1

Vs(n), (8)

where ABGH ∈ [A−BGH,A+BGH] denotes the bounded back-
ground harmonic-distortion factor. The transmission-line and
demand-side impedances are represented compactly as

Zi(n) ∈ [Z−i (n),Z+i (n)], i ∈ {tl, d}. (9)

The DG harmonic-current components are modeled as

Idg(n) = (An + δAn) Idg(1), n > 1, (10)

where An ∈ [A−n ,A+n ] denotes the corresponding harmonic-
current ratio obtained from FFT-based harmonic characteri-
zation.

The resulting PCC voltage distortion is quantified using
TVHD

TVHD =

√∑
n>1 V

2
PCC(n)

VPCC,1
, (11)

and the individual voltage harmonic distortion at harmonic
order n

DVHDn =
VPCC(n)
VPCC,1

, n > 1. (12)

The corresponding deterministic harmonic constraints are

TVHD ≤ TVHDmax, DVHDn ≤ DVHDmax. (13)

The adopted limits are TVHDmax = 5% and DVHDmax =

3%, respectively [29].
Under the sampled uncertainties, these deterministic limits

are imposed probabilistically. The TVHD chance constraint
is

P(TVHD ≤ TVHDmax) ≥ 9, (14)

where 9 = 95% is the adopted satisfaction probability. The
corresponding per-order DVHD constraint is

P(DVHDn ≤ DVHDmax) ≥ 9, n > 1. (15)

The optimization therefore searches for the filter parame-
ters {R,L,Ca,Cm} that satisfy the prescribed probabilistic
harmonic constraints while balancing harmonic-performance
risk and lifecycle cost, as formulated in Section III.

III. DSBOA-DRIVEN EMT CO-SIMULATION FRAMEWORK
The filter-synthesis problem is formulated with two
competing objectives: harmonic-performance risk and filter
lifecycle cost. The physical C-type filter parameters are
generated by SBOA and evaluated under sampled realizations
of the network, harmonic-source, and component uncertain-
ties defined in Section II. Unlike conventional candidate
evaluation based solely on nominal or harmonic-domain
conditions, each candidate–scenario pair is assessed directly
through the PSCAD EMT model.

Optimization techniques previously applied to passive-
filter design include Artificial Bee Colony (ABC) [29],
Teaching–Learning-Based Optimization (TLBO) [30], par-
ticle swarm optimization (PSO) [31], Interactive Forest
Algorithm (IFA) [32], and SBOA [33]. In the proposed
framework, the underlying SBOA search mechanism is
retained, while its candidate-evaluation stage is replaced
by the EMT–Monte Carlo procedure described below. This
EMT-in-the-loop implementation is referred to as DSBOA.

SBOA is a population-based metaheuristic that alternates
between exploration and exploitation stages to search the
admissible solution space [28]. The exploration stage pro-
motes movement toward different candidate regions, whereas
the exploitation stage refines the search around better-
performing solutions. In the present implementation, the
decision variables are defined directly in terms of the physical
C-type filter parameters:

x = [R, L, Ca, Cm]T. (16)

For each candidate x, the uncertain quantities are
assembled into the scenario vector ξ . Consistent with the
uncertainty representation introduced in Section II, one
realization is expressed as

ξ =
[
Ztl(n), Zd (n), Vg(n), Idg(n),

δR, δL, δCa, δCm
]T

, n ∈ H. (17)

where H denotes the set of dominant harmonic orders
considered for the per-order DVHD constraints and the
corresponding tail-risk assessment. In this study,

H = {5, 7, 11, 13}. (18)

TVHD is evaluated from the complete nonfundamental
spectrum included in the FFT analysis, whereas the individual
DVHD constraints are imposed for n ∈ H.

For a given pair (x, ξ ), the candidate filter parameters and
uncertainty realization are transferred to PSCAD, where the
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FIGURE 3. Closed-loop MATLAB–PSCAD EMT co-simulation framework:
(a) DG-integrated system with the C-type filter and uncertain network
parameters; (b) synchronization and data exchange for transferring
candidate and scenario parameters to PSCAD and returning EMT-based
performance indices to MATLAB.

corresponding EMT simulation is executed using the system
shown in Figure 3(a). The PCC voltage vPCC(t) is recorded,
and FFT analysis is applied to a steady-state segment to obtain
the fundamental component VPCC,1 and the nonfundamental
harmonic components. The resulting distortion indices are

TVHD(x, ξ ) =

√∑
n>1 V

2
PCC(n)

VPCC,1
, (19)

DVHDn(x, ξ ) =
VPCC(n)
VPCC,1

, n ∈ H. (20)

All candidate–scenario evaluations use identical EMT and
harmonic-extraction settings. The PSCAD simulation time
step is 83.33 µs, corresponding to a sampling frequency
of 12 kHz. Each EMT case is simulated for 0.25 s, and
FFT analysis is performed over the final five fundamental
cycles, corresponding to an 83.33-ms window containing
1000 samples over the interval 0.1667–0.2500 s. The integer-
cycle steady-state window is retained for all candidate
designs and uncertainty realizations to ensure a consistent
harmonic comparison.

Probabilistic compliance is evaluated using Monte Carlo
sampling. For each candidate x, let NMCS denote the
number of sampled uncertainty realizations and {ξ k}

NMCS
k=1

the corresponding scenario set. The empirical satisfaction
probability of the TVHD constraint is

P̂T(x) =
1

NMCS

NMCS∑
k=1

I
(
TVHD(x, ξ k ) ≤ TVHDmax

)
, (21)

and the per-order DVHD satisfaction probabilities are

P̂D(n; x) =
1

NMCS

NMCS∑
k=1

I
(
DVHDn(x, ξ k ) ≤ DVHDmax

)
,

n ∈ H. (22)

The chance constraints are enforced as

P̂T(x) ≥ 9, P̂D(n; x) ≥ 9, ∀n ∈ H, (23)

where 9 denotes the required satisfaction probability. In this
study, 9 = 95% and NMCS = 100 realizations are used
for each candidate evaluation within the optimization loop.
The adequacy of this sample size is subsequently examined
through an independent Monte Carlo convergence analysis
using progressively larger scenario sets.

In addition to the chance constraints, the optimization
considers the upper-tail harmonic performance of the sam-
pled scenarios. A conditional value-at-risk (CVaR) metric is
therefore used to characterize severe distortion realizations
within the Monte Carlo set. Using an upper-tail fraction of
α = 5%, the harmonic-risk objective is defined as

f1(x) = CVaRα

({
TVHD(x, ξ k )

}NMCS
k=1

)
+max

n∈H
CVaRα

({
DVHDn(x, ξ k )

}NMCS
k=1

)
. (24)

The second objective represents the filter lifecycle cost and
is defined as

f2(x) = TCfilter(x) = IC(x)+ CE(x), (25)

where IC(x) denotes the investment cost and CE(x) repre-
sents the operating energy-loss cost. The investment cost is
modeled as

IC(x) = k1R+ k2L + k3(Cm + Ca), (26)

and the operating cost is expressed as

CE(x) = 8760
(
(1+ T )y − 1
T (1+ T )y

)
k4FPL, (27)

where k1, k2, k3, and k4 are the cost coefficients associated
with the damping resistor, inductor, capacitor components,
and energy losses, respectively. The adopted values are
k1 = 5 pu/�, k2 = 3 pu/mH, k3 = 2 pu/µF, and k4 =
0.1 pu/kW [33], [46]. The interest rate is T = 0.05, and the
assumed filter lifetime is y = 15 years [47]. The filter power
loss FPL is obtained from the EMT steady-state response.

The two objectives are treated using Pareto dominance
rather than being combined through fixed weighting coeffi-
cients. At each iteration, feasible candidates are compared in
the (f1, f2) objective space, and the non-dominated solutions
are retained in an external Pareto archive. A feasible solution
xa dominates xb if

fj(xa) ≤ fj(xb), j ∈ {1, 2}, (28)

with a strict inequality for at least one objective. To remove
the effect of different objective scales, the archived objective
values are normalized as

f̃j(x) =
fj(x)− f min

j

f max
j − f min

j

, j ∈ {1, 2}, (29)

where f min
j and f max

j are the minimum and maximum
archived values of the jth objective.
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The reported compromise design is selected from the
Pareto archive using a knee-point criterion. Let p(1) and p(2)

denote the two extreme normalized Pareto solutions. For each
non-dominated solution pi, its perpendicular distance from
the line connecting the two extreme points is calculated as

di =

∣∣(p(2) − p(1))× (p(1) − pi)
∣∣∥∥p(2) − p(1)

∥∥ , (30)

and the solution with the maximum di is selected as the
knee-point compromise. This criterion identifies the design
providing the strongest trade-off between harmonic risk and
lifecycle cost before further improvement in one objective
requires a disproportionate deterioration in the other.

For the population update at iteration t , the search leader
x(t)best is selected from the current Pareto archiveA(t) using the
same normalized maximum-distance criterion. The selected
archive member therefore provides the reference position
for the exploration and exploitation operators. The DSBOA

population is denoted by {xi}
Npop
i=1 . During exploration,

candidate positions are updated according to

x(t+1)i = x(t)i + r1
(
x(t)best − x(t)i

)
+ r2

(
x(t)rand − x(t)i

)
, (31)

where x(t)rand is a randomly selected candidate and r1,
r2 ∈ (0, 1) are uniformly distributed random coefficients.
During exploitation, the candidate update is expressed as

x(t+1)i = x(t)best + r3
(
x(t)best − x(t)i

)
, (32)

where r3 ∈ (0, 1) controls the magnitude of the local update
around the selected search leader.

The resulting framework explicitly separates the search
and evaluation stages. The SBOA operators generate new
candidate filter parameters, while the EMT–Monte Carlo
layer determines their harmonic performance, probabilistic
feasibility, and objective values. Pareto dominance governs
archive retention, the current knee-point solution provides
the search leader, and the final reported design is selected
from the terminal Pareto archive using the same compromise
criterion.

To ensure implementability, each design variable is
constrained within practical bounds:

R ∈ [Rmin,Rmax], L ∈ [Lmin,Lmax],

Ca ∈ [Ca,min,Ca,max], Cm ∈ [Cm,min,Cm,max]. (33)

The search bounds are derived from established C-type
filter design criteria [38], [45]. The quality factor is
restricted to 0.01 ≤ Qf ≤ 0.5, and the tuning order
to 3.75 ≤ nt ≤ 5.75. The main-capacitor reactive power is
limited to 942.23 ≤ Qc ≤ 1429.8 kVAR, corresponding to
displacement power-factor targets between 0.95 and 1.0 from
an initial value of DPFact = 0.7165 [10].
The adopted uncertainty ranges define the scenario space

explored during optimization and therefore influence the
resulting harmonic-performance distributions and feasible
region. Their combined effects are evaluated through Monte

Algorithm 1 DSBOA-Based Reliability-Oriented C-Type
Filter Synthesis Through Monte Carlo-Driven EMT
Co-Simulation
Require: Harmonic set H = {5, 7, 11, 13}; chance level 9;

limits TVHDmax and DVHDmax; DSBOA settings (Npop =
20,Niter = 20); NMCS = 100; Nw = 16; bounds for
x = [R,L,Ca,Cm]T and ξ ; CVaR tail fraction α; constraint
penalties.

Ensure: Selected compromise design x⋆, final Pareto archive, and
associated harmonic-risk and cost metrics.

1: Initialization: Generate {x(0)i }
Npop
i=1 within the admissible

bounds; compile the PSCAD project once and initialize Nw
independent workers.

2: Set t ← 0.
3: while t < Niter do
4: for i = 1 to Npop do
5: Generate NMCS uncertainty realizations {ξ i,k }

NMCS
k=1 for

candidate x(t)i .
6: end for
7: Form the candidate–scenario job set J (t)

= {(i, k) | i =
1, . . . ,Npop, k = 1, . . . ,NMCS} and distribute the jobs
among theNw PSCADworkers while retaining indices (i, k).

8: for (i, k) ∈ J (t) do
9: Transfer (x(t)i , ξ i,k ) to PSCAD, execute the EMT simula-

tion, and record vPCC(t).
10: Apply FFT to the steady-state window; obtain VPCC,1 and

VPCC(n); compute TVHD and DVHDn, ∀n ∈ H.
11: Return the performance indices and associated (i, k)

identifiers to MATLAB.
12: end for
13: Synchronize all returned results and regroup them by

candidate.
14: for i = 1 to Npop do
15: Compute P̂T(x

(t)
i ) and P̂D(n; x

(t)
i ) from theNMCS scenario

results.
16: Determine feasibility using the chance constraints; assign

penalties to infeasible candidates.
17: Compute the CVaR-based harmonic-risk objective f1(x

(t)
i )

and lifecycle-cost objective f2(x
(t)
i ).

18: end for
19: Update the external Pareto archive A(t) using feasible non-

dominated candidates.
20: Normalize the current Pareto objectives and select x(t)best using

the maximum perpendicular-distance criterion.
21: Generate x(t+1)i using the DSBOA exploration/exploitation

operators and project out-of-bound variables onto the
admissible ranges.

22: Set t ← t + 1.
23: end while
24: Normalize the final Pareto objectives and select the knee-point

compromise x⋆ using the maximum perpendicular-distance
criterion.

25: Output: Return x⋆, the final Pareto archive, and the associated
reliability and cost metrics.

Carlo sampling, while Section IV separately examines the
individual influence of the principal EMT-model parameters
through a one-at-a-time sensitivity analysis over the same
prescribed ranges.

Algorithm 1 summarizes the computational procedure.
MATLAB supervises DSBOA population updates, Monte
Carlo scenario generation, and objective and constraint
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evaluation, while PSCAD executes the EMT simulations.
Candidate–scenario evaluations are parallelized using
Nw = 16 workers, corresponding to the 16 physical cores
of the AMD Ryzen 9 7950X processor. The PSCAD project
is compiled once, after which each worker operates an
independent simulation instance based on the compiled
model. At each iteration, Npop = 20 candidates and
NMCS = 100 uncertainty realizations generate 2000 inde-
pendent EMT jobs distributed among the workers. For each
pair (xi, ξ i,k ), the parameters are transferred to PSCAD and
the resulting PCC response and harmonic indices are returned
to MATLAB with their candidate and scenario identifiers.

After all EMT evaluations of an iteration are completed,
the results are synchronized and regrouped by candidate.
MATLAB then computes the chance-constraint probabilities,
CVaR-based harmonic-risk objective, lifecycle cost, and
feasibility status before Pareto archive updating, search-
leader selection, and generation of the next population. Thus,
the independent EMT evaluations are executed in parallel,
whereas the DSBOA iterations remain sequential because
the population at iteration t + 1 depends on the completed
evaluation of iteration t .

With NMCS = 100, Npop = 20, and Niter = 20, one
optimization run comprises 40,000 candidate–scenario EMT
evaluations. Under the 16-worker configuration, the mea-
sured wall-clock time is approximately 5–7 minutes on
a workstation equipped with an AMD Ryzen 9 7950X
processor and 64 GB of RAM. This runtime excludes
the one-time PSCAD compilation and parallel-environment
initialization, but includes job dispatch, EMT execution,
MATLAB–PSCAD data exchange, harmonic extraction, syn-
chronization, probabilistic assessment, and DSBOA updates.
Ten independent optimization runs were performed under
the same computational configuration to assess run-to-run
repeatability. The reported design is selected using the
prescribed Pareto knee-point criterion, while the statistical
variation across the ten runs is reported separately in
Section IV. The subsequent Monte Carlo convergence
analysis further examines the adequacy of NMCS = 100.

IV. PERFORMANCE EVALUATION AND COMPARATIVE
DISCUSSION
The proposed framework is evaluated using a benchmark
medium-voltage, three-phase industrial distribution system
adopted in previous harmonic-filter studies [10], [33],
[38]. The system supplies dominant inductive loads rated
at 5100 kW and 4965 kVAR and operates at a fundamental
frequency of 60 Hz with a nominal line-to-neutral voltage
of 2.4 kV. Harmonic emissions from the upstream grid and
DG units are modeled as time-invariant sources subject to
a ±10% uncertainty margin, consistent with the variability
ranges considered in [48] and [49].

Closed-loop MATLAB–PSCAD optimization has also
been employed in recent EMT-based design studies [36],
[37]. Reference [36] directly incorporated PSCAD EMT
feedback into multi-objective C-type passive-filter parameter

FIGURE 4. Comparative convergence profiles of DSBOA and SBOA [33]
over 20 iterations.

TABLE 1. Optimized C-type filter parameters obtained by different
methods.

optimization, while [37] applied the same EMT-in-the-loop
design principle to optimized shunt-compensation parame-
ters. Although the physical applications differ, both studies
demonstrate the methodological role of EMT simulation
as an internal candidate evaluator rather than solely as
a post-design validation tool. In the present comparative
assessment, all benchmark filter designs are evaluated using
the same system model, harmonic limits, and performance
indices to provide a consistent basis for comparison.

Figure 4 compares the convergence profiles of DSBOA
and the SBOA implementation reported in [33]. DSBOA
exhibits a faster reduction in the fitness value during the
initial iterations and reaches a near-stationary value of
approximately 11.20 within the first six iterations. Only
negligible changes are observed thereafter, supporting the
adopted maximum iteration number of Niter = 20.
For a balanced comparison, all benchmark methods are

evaluated using identical system data, harmonic limits, and
performance indices.

Table 1 lists the C-type filter parameters obtained using
the different designmethods. The resulting component values
vary considerably among the methods, reflecting differences
in their optimization formulations and design criteria. Their
electrical performance is compared in Table 4, while the
corresponding lifecycle-cost components are summarized
in Table 3.
To evaluate the repeatability of the stochastic optimization

process, ten independent DSBOA runs were performed
using identical population size, iteration limit, uncertainty
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TABLE 2. Statistical performance over ten independent DSBOA runs.

TABLE 3. Lifecycle-cost decomposition of the compared filter designs.

TABLE 4. Performance comparison of the proposed DSBOA with
reference methods.

model, and computational settings but independent initial
populations. Table 2 summarizes the resulting feasible
run-level solutions. The final TVHD values exhibit a mean
of 2.54% and a standard deviation of 0.06%, while the
maximum DVHD has a mean of 2.39% with a standard
deviation of 0.05%. The corresponding lifecycle cost varies
around a mean of 48610.4 p.u. with a standard deviation
of 782.6 p.u. All ten selected run-level solutions satisfy the
adopted harmonic constraints, indicating limited run-to-run
dispersion. The selected knee-point design from the retained
optimization result is used for the detailed comparative and
sensitivity analyses presented subsequently.

Table 3 decomposes the lifecycle cost using the common
formulation in Eqs. (25)–(27). The DSBOA design does
not minimize the investment component alone; its IC is
higher than that of several benchmark designs because of the
selected physical component combination. However, its sub-
stantially lower filter power loss reduces the operating-cost
contribution to 5318.9 p.u., compared with 17101.0 p.u. for
SBOA. Consequently, the total lifecycle cost decreases from
55453.1 p.u. for SBOA to 48047.9 p.u. for DSBOA. This
decomposition clarifies that the economic advantage of the
selected design is primarily associatedwith the long-term loss
reduction rather than with minimum initial investment.

Ref. [33] represents the closest methodological benchmark
because it combines SBOA with Monte Carlo uncertainty
evaluation and probabilistic passive-filter constraints. The
principal distinction is therefore not the underlying SBOA

FIGURE 5. Spectral analysis of voltage harmonics and TVHD compared
against established grid standards (red dashed line).

search mechanism, but the candidate-evaluation environ-
ment. In Ref. [33], candidate performance is obtained
from the harmonic-domain system formulation, whereas the
proposed DSBOA evaluates each candidate–scenario pair
directly through the PSCAD EMT model. The resulting cost
difference should consequently be interpreted together with
the optimized component selection and associated operating
losses. As shown in Table 3, the DSBOA design does
not minimize initial investment alone; instead, its lower
filter losses substantially reduce the lifecycle operating-cost
component, yielding a lower total lifecycle cost than the
SBOA benchmark.

Table 4 compares the displacement power factor (PF),
TVHD, transmission-line power loss (PL), and filter power
loss (FPL) obtained using the crow spiral-based search
algorithm (CSSA) [25], Dragonfly Algorithm (DA) [26],
feasible sequential quadratic programming (FFSQP) [38],
response surface methodology (RSM) [45], Secretary Bird
Optimization Algorithm (SBOA) [33], and the proposed
DSBOA. The DSBOA design achieves a PF of 99.34%,
TVHD of 2.5%, PL of 9.0 kW, and FPL of 1.2 kW. Among the
evaluated designs, it therefore provides the highest PF and the
lowest TVHD, PL, and FPL. Its TVHD also remains below
the adopted limit in [10], whereas the CSSA and DA designs
exceed this limit. The cost is lower than those obtained using
CSSA, FFSQP, RSM, and SBOA, although DA yields a lower
cost with higher harmonic distortion and losses.

Table 5 further compares the optimization characteris-
tics of the benchmark methods. The approaches in [25],
[26], [38] determine candidate performance from deter-
ministic harmonic-domain models, while [45] employs
response-surface approximations to reduce the repeated
solution of the underlying network equations. Reference [33]
extends passive-filter optimization to probabilistic uncer-
tainty assessment using SBOA and Monte Carlo sam-
pling, although candidate evaluation remains based on the
harmonic-domain system representation. In the proposed
framework, the SBOA search mechanism is retained, but
each candidate–scenario pair is evaluated directly through the
closed-loop MATLAB–PSCAD EMT model. Consequently,
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TABLE 5. Comparison of passive-filter optimization frameworks.

FIGURE 6. Impedance-frequency scan at PCC.

FIGURE 7. Empirical probability distribution of TVHD under Monte Carlo
uncertainty evaluation.

candidate feasibility and ranking are determined from the
resulting time-domain responses through chance constraints
and CVaR-based harmonic-risk assessment. Together with
the quantitative comparisons in Tables 1–4, this distinction
explains the different optimization outcomes obtained by the
investigated methods.

Figure 5 compares the PCC voltage distortion obtained
using DSBOA with the benchmark designs CSSA [25],
DA [26], FFSQP [38], RSM [45], and SBOA [33].
The comparison includes DVHD at the 5th, 7th, 11th,

TABLE 6. Monte Carlo sample-size convergence for the selected DSBOA
filter.

FIGURE 8. Convergence of the Monte Carlo statistical estimates with
increasing sample size for the selected DSBOA filter.

and 13th harmonic orders together with TVHD. The DSBOA
design limits the 5th harmonic to 0.05%, compared with
3.82%, 5.31%, 2.38%, 1.18%, and 0.08% for CSSA, DA,
RSM, FFSQP, and SBOA, respectively. The corresponding
7th, 11th, and 13th harmonic components are 0.65%,
2.35%, and 0.38%, while TVHD is reduced to 2.5%.
Relative to SBOA [33], the resulting TVHD reduction is
approximately 13.7%.

Figure 6 shows the PCC impedance-frequency characteris-
tics before and after filter connection. Before compensation,
the equivalent impedance Zd increases with frequency
over the investigated range. After connecting the filter,
the equivalent impedance Zd ∥ Zf exhibits a pronounced
minimum near 300 Hz, corresponding to the 5th harmonic of
the 60-Hz system. The compensated impedance also remains
below the uncompensated characteristic over much of the
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FIGURE 9. Empirical probability distributions of DVHD under Monte Carlo uncertainty evaluation for (a) the
proposed DSBOA-based synthesis, (b) SBOA [33], (c) FFSQP [38], (d) RSM [45], (e) CSSA [25], and (f) DA [26].

higher-frequency range, indicating that the filter modifies the
PCC impedance profile beyond its principal tuning region.

Figure 7 presents the empirical TVHD distribution
obtained from the Monte Carlo evaluation. The samples
are concentrated around 2.5%, with most realizations lying
between approximately 2.2% and 2.9%. No sample exceeds
the adopted IEEE 519–2022 TVHD limit within the consid-
ered Monte Carlo set.

To examine the sensitivity of the probabilistic assessment
to the Monte Carlo sample size, the selected DSBOA
filter is additionally evaluated using an independent set
of 1000 uncertainty realizations generated from the same
uncertainty model adopted during optimization. The statisti-
cal indices are computed cumulatively for NMCS ∈ {25, 50,
100, 200, 500, 1000}. The assessment considers the
mean TVHD, 95th-percentile TVHD, upper-tail CVaR,
empirical TVHD satisfaction probability P̂T, and minimum

per-order DVHD satisfaction probability minn∈H P̂D(n).
These quantities characterize the central, upper-tail, and
probabilistic-feasibility properties that directly influence the
proposed reliability-oriented formulation.

As shown in Table 6 and Figure 8, the Monte Carlo
estimates progressively stabilize as the sample size increases.
The differences are more pronounced for the smaller sets
of 25 and 50 realizations, whereas only minor changes are
observed from NMCS = 100 onward. The mean TVHD
changes from 2.52% at NMCS = 100 to 2.50% at NMCS =

1000, while the 95th-percentile TVHD changes from 2.88%
to 2.86% and the upper-tail CVaR from 2.94% to 2.91%.
Relative to the 1000-sample reference, these deviations
are approximately 0.80%, 0.70%, and 1.03%, respectively.
The maximum relative deviation among the considered
distortion-based statistical indices atNMCS = 100 is therefore
approximately 1.03%. Moreover, both P̂T and minn∈H P̂D(n)
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remain unchanged, preserving the feasibility classification of
the selected filter across the investigated sample sizes.

These results support the use of NMCS = 100 for repeated
candidate evaluation within the optimization loop. With
Npop = 20 and Niter = 20, this setting requires 40,000 EMT
evaluations per optimization run, whereas increasing NMCS
to 500 or 1000 would increase this requirement to 200,000
or 400,000 evaluations, respectively. The adopted sample size
therefore provides a balance between the observed statistical
convergence and the computational burden of EMT-in-the-
loop optimization, while the independent 1000-sample eval-
uation provides additional verification of the selected design.

Figure 9 compares the empirical DVHD distributions
obtained using DSBOA and the benchmark designs
CSSA [25], DA [26], FFSQP [38], RSM [45], and
SBOA [33]. No DVHD exceedance is observed for the
DSBOA design within the considered samples. In contrast,
the benchmark methods exhibit different exceedance levels,
with the SBOA design [33] showing the smallest nonzero
exceedance among them and larger exceedances observed for
FFSQP [38], RSM [45], CSSA [25], and DA [26].
To complement the joint uncertainty assessment provided

by the Monte Carlo analysis, an additional one-at-a-time
EMT parameter sensitivity study is performed for the
selected DSBOA filter. The transmission-line impedance Ztl ,
demand-side impedance Zd , background harmonic voltage
Vg, DG harmonic-current injection Idg, and filter parameters
R, L, Ca, and Cm are independently varied over the
same uncertainty bounds adopted in the optimization. For
each parameter, five normalized perturbation levels λ ∈
{−1,−0.5, 0, 0.5, 1} are considered, where λ = −1 and
λ = 1 represent the lower and upper prescribed bounds,
respectively, while all remaining parameters are maintained
at their nominal values. For Ztl and Zd , the resistive and
reactive components are varied proportionally to preserve
the corresponding impedance angle. The background and
DG harmonic components are similarly varied within their
prescribed amplitude ranges. Since the nominal operating
point is common to all parameters, the complete analysis
requires 33 independent EMT simulations.

Figure 10 and Table 7 show that the EMT response exhibits
different sensitivities to the investigated parameters. The
filter inductance L and main capacitance Cm produce the
largest variations because they directly affect the filter tuning
characteristic, followed by the background harmonic voltage
Vg. In contrast, the damping resistance R has the smallest
influence over its prescribed variation range. Relative to the
nominal TVHDof 2.50% andmaximumDVHDof 2.35%, the
largest observed relative variations are approximately 11.6%
and 14.0%, respectively.

Across all investigated parameter variations, the maxi-
mum TVHD and maximum DVHD are 2.79% and 2.68%,
respectively, both remaining below the adopted limits of 5%
and 3%. The closest approach to the individual harmonic limit
therefore retains a margin of approximately 0.32 percentage
points, and no individual parameter variation changes

FIGURE 10. EMT-based parameter sensitivity of the selected DSBOA filter:
(a) TVHD under network and harmonic-source variations; (b) maximum
DVHD under network and harmonic-source variations; (c) TVHD under
filter-component variations; and (d) maximum DVHD under
filter-component variations.

TABLE 7. EMT-based sensitivity of the selected DSBOA filter.

the compliance classification of the selected filter. This
parameter-wise EMT analysis complements the Monte Carlo
results in Figs. 7 and 9: the former isolates the influence of
individual physical parameters, whereas the latter evaluates
their simultaneous stochastic variation.

Figure 11 shows the final non-dominated trade-off between
the harmonic-risk objective f1 and lifecycle-cost objective f2.
Each point represents a Pareto-feasible design retained by the
optimization. The selected design corresponds to the knee
point identified using the normalized maximum-distance
criterion in Eq. (30). This solution provides the strongest
compromise between the two objectives before further
reduction in harmonic risk requires a disproportionately
larger increase in lifecycle cost.

To examine the influence of the cost coefficients, Figure 12
presents a local sensitivity analysis around the nominal values
of k1, k2, k3, and k4 adopted from [33] and [46]. The resulting
changes in TVHD and total cost remain limited over the
investigated coefficient ranges, and the selected solution
remains close to the trade-off region identified in Figure 11.

The present validation is limited to offline EMT
co-simulation and therefore should not be interpreted
as experimental verification. The use of a common
PSCAD model for all benchmark designs, together with
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FIGURE 11. Pareto trade-off between harmonic-risk objective f1 and
lifecycle-cost objective f2, with the selected knee-point compromise
identified using the normalized maximum-distance criterion.

FIGURE 12. Local sensitivity of the selected DSBOA solution to the
adopted cost-weighting factors: (a) k1, (b) k2, (c) k3, and (d) k4.

the Monte Carlo convergence, repeated-run optimization
statistics, and EMT parameter-sensitivity analyses, provides
numerical verification within the scope of the proposed
computational framework. Nevertheless, laboratory-scale or
real-time hardware-in-the-loop validation would provide an
additional assessment of implementation effects associated
with measurement, controller execution, and physical com-
ponent nonidealities. Such validation is therefore identified as
the next stage of this work, consistent with the use of real-time
platforms for passive-filter assessment reported in [41].

V. CONCLUSION
This work developed an EMT-in-the-loop, reliability-
oriented synthesis framework for C-type passive harmonic
filters in DG-integrated distribution systems. The proposed
DSBOA implementation retains the underlying SBOA
search mechanism while evaluating candidate feasibility
and objective values directly from PSCAD time-domain
responses under sampled network, harmonic-source, and
component uncertainties. The final design is selected from the

resulting Pareto set using a defined knee-point compromise
criterion.

For the investigated system, the selected filter reduces
PCC TVHD to 2.5%, approximately 13.7% below the SBOA
benchmark, while no TVHD or DVHD limit exceedance
is observed within the considered Monte Carlo samples.
The design also achieves a PF of 99.34%, transmission-
line and filter losses of 9.0 kW and 1.2 kW, respectively,
and a lifecycle cost of 48047.9 p.u. The Monte Carlo
sample-size study shows that the principal statistical indices
change by no more than approximately 1.03% between
NMCS = 100 and the 1000-sample reference, while the EMT
parameter-sensitivity analysis confirms that the adopted
harmonic limits remain satisfied over the investigated uncer-
tainty ranges. Repeated optimization runs further indicate
limited run-to-run dispersion.

These results indicate that embedding scenario-dependent
EMT evaluation within passive-filter optimization can
improve the robustness of candidate assessment when
harmonic performance is evaluated under compounded
uncertainty. The present validation remains computational
and does not replace experimental verification; future work
will therefore extend the framework to laboratory-scale or
hardware-in-the-loop implementation.
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