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Abstract—Synchronous optimal pulse-width modulation
(PWM) is an effective means of improving multilevel inverter
operation, thereby supporting steady and uninterrupted
power delivery in consumer-electronics applications. The
associated design task is inherently difficult because PWM
optimization is commonly formulated with coupled nonlinear
equality and inequality constraints, under which many classical
optimizers become unreliable. In this paper, we develop a
cooperative constrained evolutionary algorithm with two
interacting populations. The first population is primarily
guided by a constraint-handling technique to rapidly approach
feasibility, while the second population coevolves to preserve
search diversity and assist exploration. After the feasible
region is sufficiently identified, the first population shifts
its emphasis toward objective minimization and adopts an
alternative constraint-handling strategy. The two populations
are linked through an elite-offspring selection mechanism so
that information exchange promotes coordinated progress. The
proposed method is assessed in two stages. We first validate
both overall performance and the benefit of the cooperative
mechanism on 18 standard constrained benchmarks. We then
apply the algorithm to practical synchronous optimal PWM
design for multilevel inverters with different numbers of voltage
levels. Statistical comparisons show that the proposed approach
consistently outperforms several state-of-the-art algorithms in
producing high-quality PWM control solutions.

Index Terms—Synchronous optimal pulse-width modulation,
constrained optimization, dual-population differential evolution.

I. INTRODUCTION

Synchronous optimal PWM is commonly developed to meet
two key requirements. First, the switching pattern must satisfy
topological conditions needed for soft-switching operation [1].
Second, the method should suppress undesirable harmonics
[2], since harmonic components can increase thermal stress
and braking torque, leading to higher energy loss, reduced
efficiency, and shortened lifetime.

To address these requirements, a variety of deterministic
methods, including the Newton—-Raphson scheme and La-
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grangian relaxation, have been applied to reduce total har-
monic distortion or to selectively eliminate specified harmonic
orders. In practice, however, the success of such approaches
often depends strongly on carefully chosen initial guesses,
which are difficult to obtain beforehand. Moreover, many
formulations require smooth objectives (e.g., twice differentia-
bility), further restricting their use. Because PWM optimiza-
tion is influenced by diverse physical factors, such as circuit
topology, the number of switching devices, and phase-angle
configurations, the resulting search landscapes are frequently
multimodal, nonsmooth, and nonconvex. Consequently, con-
ventional solvers may converge prematurely to local optima.

For heuristic optimization, dedicated constraint-handling
techniques (CHTs) [3]-[5] are typically introduced to en-
force the feasibility-related requirement. Broadly, widely used
CHTs can be grouped into four families: 1) penalty-function
approaches [6]; 2) feasibility rule-based methods [7]; 3) &-
constrained strategies [8]; and 4) multiobjective reformulations
[9]. Penalty methods merge constraints and objective into
a single unconstrained target via penalty coefficients, which
makes implementation straightforward but introduces param-
eter sensitivity. Feasibility rules avoid external parameters by
ranking solutions according to overall constraint violation and
objective value; in many variants, greedy selection is used
to accelerate movement toward feasibility. The e-constrained
paradigm relies on adaptively adjusting an € threshold so
that mildly infeasible candidates can be treated as feasible
during evolution. Multiobjective formulations, in contrast,
cast constraints and objective(s) as multiple objectives, where
globally feasible and competitive solutions can emerge as
nondominated points on the corresponding Pareto front.

Beyond feasibility, minimizing current harmonic distor-
tion remains crucial for stable consumer-electronics power
delivery. Nonetheless, premature convergence, a well-known
issue in deterministic optimizers, can also arise in heuristic
searches, leading to stagnation around infeasible candidates or
locally feasible solutions [10]-[12]. To mitigate this, diversity-
preservation mechanisms [13]-[15] are often incorporated
to strengthen exploration, even before the search enters the
feasible region.

Although existing CHTs differ in their selection logic and
parameterization, most primarily concentrate on nonlinear
equality/inequality constraint satisfaction. Additional consid-



erations are therefore required to enhance objective optimiza-
tion, especially under difficult landscapes. Furthermore, it is
desirable to develop a generalized synchronous optimal PWM
optimization framework that can be applied across inverter
levels and can benefit from heuristic methods suited to black-
box problem settings.

Motivated by these observations, we propose a cooperative
dual-population constrained differential evolution approach,
termed DC-DE. The remainder of this paper is organized as
follows. Section II describes DC-DE in detail. Section III gives
the adopted CHTs. Section IV presents experimental studies
and analyses. Section V concludes the paper.

II. CONSTRAINT-HANDLING TECHNIQUES

To cope with frequent infeasible candidates in constrained
optimization, evolutionary algorithms often employ dedicated
CHTs. This section outlines four representative CHT families
used in this work.

A. Penalty Function Method

Penalty methods [6], [16] merge constraint violations into
the objective so that infeasible solutions receive an extra cost:
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where @y, ®;, and B are penalty parameters. The violation of
the jth constraint is

{max{gj(x)vo}a j:]7...7p7

Gj (X = )

HlaX{|/’l](X)|—8,0}, j=p+1,...,q,

with & > 0 being the equality tolerance. A known limitation

is sensitivity to penalty coefficients; therefore, adaptive/self-
adaptive variants are often adopted to reduce manual tuning.
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B. Feasibility Rule
The feasibility rule [17]-[19] is a parameter-free selection

principle based on the overall normalized violation

7. G;(x)
C(x)= I
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where G7** is the largest observed violation for constraint
Jj. Given two solutions: (i) any feasible solution is preferred
over any infeasible one; (ii) between feasible solutions, the
one with smaller f(x) is preferred; (iii) between infeasible
solutions, the one with smaller C(x) is preferred. This rule
promotes rapid feasibility attainment but may become overly
greedy and induce premature convergence.

C. e-Constrained Method

The é&-constrained method [8], [20], [21] relaxes strict
feasibility preference by treating solutions with C(x) < €
as conditionally feasible. The threshold is reduced over the
evaluation budget:
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where & is typically initialized by the maximum observed
C(x). Selection follows: compare by f(x) if both satisfy C(-) <
€; otherwise prefer the one satisfying the threshold; if neither
satisfies, prefer smaller C(-).

D. Multiobjective Constraint Handling

A common multiobjective reformulation [9], [22], [23]
treats constraint violation as an additional objective:

Minimize B(x) = (f(x),C(x)). Q)

Pareto-based selection can retain diverse candidates, including
mildly infeasible solutions with good objective values. How-
ever, when feasibility is difficult, additional feasibility bias
or adaptive thresholds may be needed to provide sufficient
pressure toward constraint satisfaction.

III. PROPOSED APPROACH

DC-DE is a dual-population constrained differential evo-
lution framework that proceeds in two stages: (i) feasibility
attainment and (ii) objective refinement within the feasible set.
The two populations employ different CHTs so that feasibility
pressure and population diversity can be balanced throughout
evolution.

A. Stage I: Constraint Satisfaction

In the first stage, DC-DE targets rapid entry into feasible
regions while maintaining sufficient diversity for exploration.
Two populations, mPop and aPop, are evolved in parallel:

o mPop (feasibility-driven): uses the feasibility rule to
prioritize individuals with smaller overall constraint vi-
olation, thereby accelerating feasibility discovery.

e aPop (diversity-driven): adopts an €-constrained mul-
tiobjective formulation with objectives (f(x),C(x)) to
preserve diversity and mitigate premature convergence
before feasibility is reached.

1) Dominance Relation in aPop: To incorporate the é&-
constrained principle into nondominated sorting, we define an
e-based dominance relation for two solutions g and v:

1) If C(p) <€ and C(v) < g, compare (f(x),C(x)) using

standard Pareto dominance.

2) If C(u) < € and C(v) > €, then u dominates v (and

vice versa).

3) If C(p) > € and C(v) > &, the individual with smaller

C(-) dominates.

The threshold € expands the region conditionally regarded as
feasible, allowing multiobjective selection to act early and
maintain a well-spread population as € decreases gradually
across generations.

2) Cooperative Constraint Handling: During constraint sat-
isfaction, DC-DE applies cross-selection so that each popula-
tion can exploit useful offspring generated by the other. In each
generation, offspring populations Q; and Q, are generated
from mPop and aPop, respectively. The two parent populations
are then updated using their own CHTs, but based on pooled
information:



Algorithm 1: Stage I: Constraint Satisfaction

Algorithm 3: DC-DE Framework

Input: PS: population size; mPop, aPop: two parent populations; UFEs: used
FEs.
Output: Updated mPop and aPop.

Offspring generation and parameter update:
Q1 « OffspringGen(mPop); Q, « OffspringGen(aPop);
UFEs <+ UFEs+2PS;
Update € using (4);
Update mPop (feasibility rule with cross-selection):
for i =1 to PS do
| mPopli] + Bestyg (mPopli], Q1[i], Q2[i]):
end
Update aPop (¢-domi e + d
U + aPopUQ,UQs;
aPop <~ NDS_Trunc(% , PS, e-Dom);

ted truncation):

Algorithm 2: Stage II: Objective Optimization

Input: PS: population size; mPop, aPop: two parent populations; UFEs: used
FEs.
Output: Best solution Xp.y from mPop and aPop.

Offspring generation and parameter update:
Q; <+ OffspringGen(mPop); Q, + OffspringGen(aPop);
UFEs < UFEs+2PS,
Update € using (4);
Update mPop (scalar refinement):
for i=1 to PS do

if ¢(Q1[i]) < ¢ (mPopli]) then

| mPopli] < Qi

end

end

Update aPop (diversity-preserving selection):
U «+ aPopU Qy;
aPop NDS_Trunc(”?/, PS, S»Dom);

Xpest < BestFeasible(mPop UaPop);

o mPop selects PS individuals from {mPop,Q;,0>} using
the feasibility rule.

e aPop selects PS individuals from {aPop,Q;,0,} by
nondominated sorting and pruning [24] under the &-based
dominance in Section III-Al.

This cooperative update is summarized in Algorithm 1.

B. Stage II: Objective Optimization

Once at least one feasible solution is found, DC-DE
switches to objective optimization within the feasible region.
The two populations are assigned complementary roles, since
the global feasible optimum may be located in the interior or
close to the feasibility boundary.

1) Population Roles and Selection:

« mPop (boundary-oriented refinement): replaces the fea-
sibility rule with a simplified scalar criterion

9 (x) = f(x) +C(x), (6)

where C(x) is computed by (3). Here, f(x) drives objec-
tive improvement, while C(x) discourages drifting away
from feasibility and helps refine solutions near feasible
boundaries.

e aPop (diverse feasible exploration): continues the &-
constrained multiobjective search on (f(x),C(x)), pre-
serving diversity and exploring feasible regions from
multiple directions.

The update procedure is given in Algorithm 2.

Input: PS: population size; MaxFEs: maximum allowable FEs.
Output: X, : best identified solution.

Initialization:

Generate mPop and aPop (size PS each) by Latin hypercube sampling;
Evaluate f(x) and G;(x) (j=1,...,q) for all 2PS solutions;

Compute C(x) using (3); UFEs « 2PS;

Initialize & in (4) as maxC(x) over the initial 2PS solutions;

Offspring generation operator:
OffspringGen(-) uses DE/current-to-rand/1 (no crossover) or DE/rand-to-best/1
(binomial crossover), each selected with probability 0.5;

while UFEs < MaxFEs do
if no feasible solution has been found then
|  Execute Algorithm 1;
else
|  Execute Algorithm 2;
end
end
Xpesr — BestFeasible(mPop UaPop);

2) Independent Search After Feasibility: After feasibility
is reached, information exchange is disabled. Since mPop and
aPop focus on different regions (boundary refinement versus
interior exploration), forcing cooperation may reduce com-
plementarity or introduce directional bias. Therefore, the two
populations proceed independently to increase the likelihood
of locating the global feasible optimum.

C. Overall Workflow of DC-DE

The complete procedure is summarized in Algorithm 3.
Two populations are initialized by Latin hypercube sampling
and evaluated in a black-box manner. The aggregated vio-
lation C(x) is computed using (3), and & in (4) is set as
the maximum violation among the initial 2PS candidates.
The algorithm runs Stage I until feasibility is detected,
and then permanently switches to Stage II until MaxFEs
is exhausted. Offspring are generated using DE operators,
where DE/current-to-rand/1 (without crossover) and DE/rand-
to-best/1 (with binomial crossover) are selected with equal
probability.

IV. EXPERIMENTAL STUDY
A. Benchmark Suite and Evaluation Protocol

The effectiveness of DC-DE in identifying the global feasi-
ble optimum is assessed on the IEEE CEC 2010 constrained
optimization benchmark set [25]. We adopt the 18 difficult test
functions with decision-space dimensions of D = 30, which
corresponds to a medium-scale search space and is comparable
to the pulse-number settings encountered in synchronous opti-
mal PWM design. These benchmarks exhibit diverse difficul-
ties, including nonlinearity, multimodality, rotated landscapes,
narrow feasible regions, and inseparable variable interactions,
thereby providing a comprehensive evaluation of both the
proposed algorithm and its key strategies.

For each test instance, the computational budget is fixed
to MaxFEs = 20000D. All algorithms are executed over
25 independent runs. Performance is quantified using three
indicators computed from the best feasible solutions: success
rate (SR), mean objective value (MOV), and standard deviation
(Std). Unless otherwise stated, SR is reported when at least
one method fails to consistently locate feasible solutions.



TABLE I. EXPERIMENTAL RESULTS OBTAINED BY DC-DE AND FIVE STATE-OF-THE-ART ALGORITHMS

Ins. DC-DE CCMT VMCH DeCODE DAS-DE APCSH
MOV=+Std MOV+Std MOV £Std MOV +5td MOV MOV+Std

FO1 -8.21E-01+1.46E-03 -8.13E-01+1.05E-02 + -7.97E-01£1.55E-02 + -8.19E-0143.20E-03 + -8.20E-01 + -8.19E-01+3.29E-03 +
F02 -2.27E+00+3.95E-03 -2.17E+00£3.13E-02 + 2.17E+00+7.26E-01 + -2.23E+00£3.49E-02 + -2.20E+00 + -2.23E+00£3.57E-02 +
F03 0.00E+00-+0.00E+00 0.00E+00-£0.00E+00 ~ 2.32E+05+5.99E+05 + 2.06E+01+1.31E+01 + 0.00E+00 ~ 0.00E+00-+0.00E+00 ~
FO4 -3.30E-063.98E-08 2.60E-02+1.30E-01 + 9.18E-024+2.60E-01 + -3.33E-060.00E+00 — -2.58E-06 + -3.33E-06+0.00E+00 —
F05 -4.84E+02-0.00E+00 | -4.80E+02+3.76E+00 + 4.72E+02£7.90E+01 + -4.83E+02+£1.53E-01 + -4.84E+02 =~ | -4.84E+02+1.15E-01 +
F06 -5.31E+02+2.55E-02 -5.30E+02+£3.28E-01 + 5.34E+02+9.02E+01 + -5.28E+02+1.46E+00 + -5.30E+02 + -5.31E+02+1.58E-01 +
FO7 0.00E+00-+0.00E+00 1.59E-01+£7.97E-01 + 0.00E+00-+0.00E+00 ~ 0.00E+00+0.00E+00 =~ 1.59E-01 + 0.00E+00-+0.00E+00 ~
F08 0.00E+00=0.00E+00 0.00E+00-£0.00E+00 ~ 2.56E+02+6.34E+02 + 0.00E+00+0.00E+00 ~ 1.72E+00 + 0.00E+00-£0.00E+00 ~
F09 0.00E+00-+0.00E+00 0.00E+00-+0.00E+00 ~ 2.44E+13+1.53E+13 + 8.97E+00+2.32E+01 + 0.00E-00 ~ 5.28E-01+1.46E+00 +
F10 6.91E-01+£2.68E+00 7.66E+00£9.30E+00 + 2.11E+13+1.11E+13 + 3.13E+01+1.72E-05 + 2.36E401 + 1.0SE+0042.45E+00 +
F11 -3.91E-04+1.67E-06 -4.00E-04+0.00E+00 — -4.00E-04-+0.00E+00 — -3.92E-04+0.00E+00 — -3.92E-04 — -3.92E-04+3.87E-08 —
F12 -1.99E-01£1.25E-04 -1.99E-01+0.00E+00 — -1.99E-01+0.00E+00 — -1.99E-01+1.23E-06 — -1.99E-01 — -1.99E-01+0.00E+00 —
F13 -6.79E+014+3.97E-01 -6.82E+01+3.47E-01 — -6.09E+01£1.36E+00 + | -6.73E+01+1.60E+00 + | -0.81E+01 — -6.79E+01+£9.74E-01 +
F14 0.00E+00+0.00E+00 0.00E+00-+0.00E+00 ~ 2.24E+03+1.12E+04 + 0.00E+00+0.00E+00 ~ 0.00E+00 ~ 0.00E+00+0.00E+00 ~
F15 1.19E+01£9.33E+00 0.00E+00-£0.00E+00 — 1.94E+13+1.40E+13 + 2.18E+01+1.14E+00 + 1.94E+01 + 4.17E+00+1.91E+01 —
Fl16 1.80E-03+4.96E-03 0.00E+00-:0.00E+00 — 8.00E-01+£3.46E-01 + 0.00E+00+0.00E+00 — 0.00E+00 — 0.00E+00-0.00E+00 —
F17 3.23E-01+5.83E-01 1.23E+00+2.28E+00 + 6.32E+02+2.55E+02 + 4.48E-02+1.21E-01 — 3.00E+01 + 2.80E-02+9.94E-02 —
F18 0.00E+00-=£0.00E+00 0.00E+00-£0.00E+00 ~ 9.77E+03+6.91E+03 + 3.03E-06+1.29E-05 + 0.00E+00 ~ 0.00E+00-£0.00E-00 ~
i ~ Base 8/51/5 15/2/1 10/5/73 97415 71615

B. Baseline Algorithms and Parameter Settings

DC-DE is compared against five representative constrained
evolutionary algorithms reported in leading journals within
the last five years: CCMT [26], VMCH [27], DeCODE [28],
DAS-DE [29], and APCSH [16]. For all baselines, parameter
configurations are set according to their original publications
to ensure a fair comparison.

For DC-DE, the population size is set to PS = 50. Following
common practice in differential evolution and consistent with
[28], [30], [31], the scaling factor is randomly selected from
{0.6,0.8,1.0} and the crossover rate is randomly selected from
{0.1,0.2,1.0} at each reproduction step.

C. Comparison with State-of-the-Art Algorithms

Across the 18 test functions with D = 30, DC-DE exhibits
the most competitive overall performance in terms of both so-
lution quality (MOV) and robustness (Std). As summarized in
Table I by the Wilcoxon rank-sum marks, DC-DE significantly
outperforms VMCH on 15 out of 18 functions (15 /2 / 1 for
+/—/ =). It also achieves clear advantages over DeCODE
and DAS-DE, with 10 and 9 significant wins, respectively.
Compared with CCMT and APCSH, DC-DE remains strongly
competitive, obtaining 8 and 7 significant improvements, while
the remaining instances are either statistically comparable or
favor the baselines.

From a function-wise perspective, DC-DE frequently
reaches the best (or statistically best) MOV with small Std
on many instances, including several cases where it attains
exact or near-exact optimal values (e.g., multiple functions
with MOV =0 and Std = 0). DC-DE is outperformed on
a smaller subset of instances (e.g., around F11-F17), where
CCMT provides lower MOV on some functions (e.g., F11 and

F12), and DeCODE/APCSH achieve better results on a few
cases (e.g., FO4 and F16/F17). Nevertheless, DC-DE generally
maintains stable performance across runs, whereas VMCH
shows extremely large MOV and Std on multiple problems,
indicating reduced reliability in the 30-dimensional setting.
Overall, the 30D results confirm that DC-DE achieves a favor-
able balance between objective minimization and robustness
relative to the five competing algorithms.

V. EXPERIMENTAL STUDY
A. Effectiveness of Task Switching

To examine the contribution of this task-switching mech-
anism, two variants without stage transition are considered:
DC-DE-CS maintains collaboration throughout the entire run,
whereas DC-DE-OO enforces independent evolution from
initialization to MaxFEs.

On the 18 test functions with D = 30, DC-DE consistently
surpasses its two no-switching variants in terms of objective
quality and reliability. As summarized by the Wilcoxon signs
in Table II, DC-DE is significantly better than DC-DE-CS on
16 functions and worse on only 2 (16 /2 / 0 for +/— / ).
Although DC-DE-CS attains SR= 1.00 on all functions, its
MOV values deteriorate substantially on many instances (e.g.,
F03, FO7-F09, and F14-F15), indicating that maintaining
collaboration throughout the run tends to hinder effective ob-
jective refinement after feasibility has been reached. Compared
with DC-DE-OO, DC-DE also shows clear overall advantages
(14 wins, 3 losses, and 1 tie). In addition, DC-DE-OO is less
reliable in feasibility attainment for difficult problems: it fails
completely on F11 and F12 (SR= 0 with NaN MOV), and
its SR drops below 1.00 on F09 and F15. While DC-DE-OO
achieves slightly better MOV than DC-DE on a few instances



TABLE I. EXPERIMENTAL RESULTS OBTAINED BY DC-DE AND ITS VARIANTS

N DC-DE DC-DE-CS DC-DE-00 o DC-DE DC-DE-CS DC-DE-00

MOV SR MOV SR MOV Sk MOV SR MOV SR MOV SR
Fil | -R.2088E-01 1040 -8, 1309E-01 + 1.0 -8 1973E-01 + .00 | Fl10 6.906TE-0] 1.(K1 1LO20E+02 + 100 | SS5032E-01 — | 1.0 I
Fi2 | -2 2T2TEHN) 1.04) =2 2THEHN) + 100 -2 2T24E+0) + 1.00 | Fil L9053 E-0d 1.4} 1 A4343E-03 4 .00 | MaMN 4 | (1K) |
FO3 | 0.0000E+00 | LOD | 7.2176E+05 + | 100 | 34408E+00 + | 1.00 | FI2 | -L990GE-D1 | 100 | 5.2673E+00 + | 100 NaN 4 0.00
FO4 -3.296| E-D6 L] -3, 3266E-06 1.00 -3, 3069E-06 1.00 Fl3 6, TN19E+D] 1.001 H.8072E+01 (L1 H.T3RIE+O] + 1.00
FOS | -4836IE+02 | LOD | 48338E+02 + | 100 | 48360E+02 + | 1.00 | FI4 | D.0000E+00 | 100 | 4.8520E+01 + | 100 | LOSI9E+02 + | 1.00
FOG6 | -S3062E+02 | 100 | -53060E+02 + | 100 | -S3061E+02 + | 1.00 | FIS | LISS4E+01 | LO0 | LO736E+02 + | 100 | 19469E+01 + | 092
FO7 | 0.0000E+00 | 100 | 12352E+01 + | 100 | 47839E01 + | 100 | Fl6 | LBOOJE-03 | 100 | 47351E-03 + | 100 | LI039E02 + | 100
FOS | O.0000E<D0 | 100 | 43022E+01 + | 100 | S54829E01 + | 100 | FI7 | 32320E-01 | 100 | LI126SE+00 + | 1.00 | 20838E-01 — | 100 |
i [ (LN E +-0M) 104 2 1423E+02 4 100} 1 ABDYE+DT + .96 | Fi& DLV E 4Dy 1.00 63214E-01 4 [ AL | LD+ = | 1.(M) I

TABLE III. DC-DE AND ECO-HCT, AGM-DE , IUCDE, MVR-IUDE AND eMHCO ON SYNCHRONOUS OPTIMAL PWM SCENARIOS

Ins. DC-DE ECO-HCT AGM-DE IUCDE MVR-IUDE eMHCO

MOV +£Std (SR) MOV +£Std (SR) MOV+Std (SR) MOV +Std (SR) MOV +Std (SR) MOV +£Std (SR)
SC1 4.32E-02:6.83E-03 (100) 8.69E-02+3.42E-02 (100) 4.92E-02+49.26E-03 (100) 9.29E-0242.04E-02 (100) 9.27E-02+£3.69E-02 (100) 7.45E-02£2.83E-02 (24)
SC2 2.95E-02:5.82E-03 (100) 6.37E-02£3.14E-02 (100) 6.22E-02£7.77E-03 (100) 4.92E-02£1.37E-02 (100) 4.55E-02£5.36E-03 (100) 9.20E-02£4.45E-02 (36)
SC3 2.15E-0245.07E-03 (100) 4.13E-02£2.00E-02 (100) 3.75E-02£9.00E-03 (100) 4.23E-02£1.84E-02 (100) 4.94E-02+2.00E-02 (100) 1.29E-02£3.06E-03 (32)
SC4 3.77E-02+1.61E-02 (100) 1.10E-01£1.14E-01 (96) 5.15E-02£1.17E-02 (100) 6.81E-02£6.25E-02 (100) 4.86E-02+7.35E-03 (100) 8.98E-02+2.35E-02 (84)
SC5 3.04E-02+4.67E-03 (100) 8.85E-02£1.12E-01 (88) 4.20E-02£3.05E-02 (100) 5.83E-02+£3.57E-02 (100) 5.83E-02£3.29E-02 (100) 3.92E-02£3.98E-03 (100)

(e.g., F10 and F17), the broader results suggest that enforcing
independence from the start slows or prevents convergence to
feasibility under the fixed evaluation budget.

Overall, these comparisons support the necessity of task
switching in DC-DE: collaboration is beneficial for rapid fea-
sibility discovery, whereas independent evolution is more suit-
able for subsequent objective optimization in high-dimensional
constrained settings.

B. Real-World Synchronous Optimal PWM Scenarios

VI. EXPERIMENTAL STUDY

Synchronous optimal PWM has recently attracted increasing
attention in medium-voltage drive systems because it can
lower switching frequency without sacrificing waveform qual-
ity, thereby reducing switching losses and improving inverter
efficiency. In this setting, switching angles within one funda-
mental period are optimized to suppress current harmonic dis-
tortion while satisfying a set of nonlinear equality/inequality
constraints.

To examine the practical utility of DC-DE across different
inverter configurations, we consider five engineering scenarios
(SC1-SC5). These cases correspond to 3-, 5-, 7-, 9-, and 11-
level inverters, respectively. From an optimization perspective,
these problems are treated as closed-box tasks, where the
solver operates without explicitly embedding detailed circuit
physics; this setting highlights the advantage of heuristic
search in handling complex constraint landscapes.

DC-DE is compared with five recent algorithms tailored for
real-world constrained optimization, including PWM-related
applications: ECO-HCT [32], AGM-DE [9], TUCDE [33],
MVR-IUDE [34], and eMHCO [20]. Each method is executed

for 25 independent runs using the parameter settings rec-
ommended in the corresponding references. The quantitative
results are summarized in Table III.

These five scenarios are challenging due to their constraint
density and nonlinearity. Specifically, SC1-SC3 involve 25
constraints (for 3-, 5-, and 7-level inverters), whereas SC4—
SC5 involve 30 constraints (for 9- and 11-level inverters). As
reported in Table III, ECO-HCT does not achieve SR= 100%
on SC4 and SCS5, and eMHCO reaches SR= 100% only on
SC5. In contrast, DC-DE attains SR= 100% on all five cases.
Moreover, DC-DE provides the lowest current distortion on
four of the five scenarios; the only exception is SC3, where
€MHCO yields the best MOV.

Overall, the real-world PWM experiments confirm that DC-
DE can simultaneously deliver reliable feasibility attainment
and competitive objective minimization across multiple in-
verter levels, demonstrating its practicality for synchronous
optimal PWM design.

VII. CONCLUSION

This paper presented DC-DE, a dual-population differen-
tial evolution method for closed-box constrained optimization
problems with stage-dependent priorities. The algorithm ex-
plicitly separates the search into two phases: (i) cooperative
constraint satisfaction to rapidly approach feasibility, and (ii)
independent objective optimization to refine solutions within
(or near the boundary of) the feasible set. Different constraint-
handling techniques are assigned to the two populations to
match the needs of each phase.

Behavioral analysis indicates that the two populations
play complementary roles. During feasibility pursuit, cross-
selection enables effective information reuse across popu-
lations, while diversity-preserving selection supports broad



exploration. After feasibility is reached, independent evolution
encourages balanced refinement in different regions of the
feasible set.

Extensive experiments on the IEEE CEC 2010 bench-
mark suite and scalable synchronous optimal PWM scenarios
demonstrate that DC-DE achieves strong overall performance
compared with several recent state-of-the-art algorithms. These
results validate both the proposed dual-population design and

the

stage-switching strategy as key contributors to robust

global feasible optimization.
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