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ABSTRACT:When designing the parameters of electromagnetic interference filters in BUCK rectifiers using a particle swarm optimization
algorithm, the resulting solution set tends to fall into local optima, resulting in a lower cost-performance ratio for the filters. Therefore,
an optimization scheme for the parameter design is proposed. First, a multi-objective optimization model is established, with common-
mode capacitance and inductance, as well as differential-mode capacitance as decision variables, conducted noise and cost as the objective
function, and conducted noise limits and leakage current as constraints. Next, three improvements are made to the conventional algorithm,
classifying initialization for the particle population, dividing the total number of iterations into stages with differentiated handling, and
implementing an adaptive early termination for iterations, thereby an improved algorithm is obtained. Finally, both the improved and
conventional algorithms are applied to solve the optimization model, yielding two types of optimal solutions: performance-prioritized
and cost-prioritized solutions. The comparison results show that, between the two optimal solutions, the performance of the improved
algorithm is similar to that of the conventional algorithm, but its cost is reduced by 28.37% and 53.14%, respectively. Meanwhile, the
Pareto solution set obtained by the improved algorithm is more widely distributed, avoiding local optima, and the iterative convergence
efficiency of the improved algorithm was improved by 81%.

1. INTRODUCTION

Buck-type rectifiers are widely used in medium and small
power converters. However, the negative impact of

electromagnetic interference (EMI) generated by their high-
frequency switching characteristics on the system cannot be
ignored. Adding a passive filter at the output port of an AC
power supply is a common solution for suppressing EMI [1–3].
After the circuit structure of the EMI filter is determined, the
design of its component parameters must comprehensively
consider the insertion loss, volume, cost, and safety regulations
requirements, which is a typical multi-objective optimization
problem [4]. Therefore, optimizing the design of the compo-
nent parameters is a key to improving the performance and
reducing the cost of EMI filters [5].
Most conventional methods for EMI filter parameter design

are based on engineering experience or analytical calculations
of simplified models. Ref. [6] calculated the component pa-
rameters based on the traditional design process using empiri-
cal formulas. Ref. [7] established a high-frequency equivalent
model for the EMI filter of an onboard DC-DC converter and
derived parameter constraints, with core parameters still deter-
mined through analytical calculations and manual verification.
Ref. [8] investigated the design of EMI filters under parasitic
coupling and the optimal arrangement of components, where
parameters such as inductance and capacitance were manually
adjusted based on engineering experience combined with sim-
ulation iterations. The above-mentioned studies did not auto-
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matically optimize the component parameters and had a long
design cycle. At high frequencies, volume redundancy or in-
sufficient insertion loss is prone to occur [9].
Intelligent algorithms have been introduced into the param-

eter design of EMI filters to achieve automatic optimization of
component parameters. Ref. [10] adopted an improved differ-
ential evolution algorithm to optimize the insertion loss of the
filter. Its adaptive mechanism enhanced the quality of a so-
lution set, but the parameter adjustment was rather complex.
Ref. [11] adopted an improved differential evolution algorithm
to optimize the insertion loss of a filter. Its adaptive mecha-
nism enhanced the quality of the solution set, but the parameter
adjustment was rather complex. Ref. [12] compared the ge-
netic algorithm with the particle swarm optimization (PSO) al-
gorithm and concluded that the PSO algorithm converged faster
in parameter optimization, had a simpler structure, and required
fewer adjustment parameters. At present, the PSO algorithm is
widely used in the parameter design of power filters, but is rela-
tively less used in the parameter design of EMI filters. Ref. [13]
optimized the parameters of EMI filters by converting multiple
targets into single-target processing using “weighted summa-
tion”. The optimized solution depends on the prior selection
of weight coefficients and can only provide a single solution.
The multi-objective PSO (MOPSO) algorithm can directly out-
put multiple optimal solutions and has attracted the attention of
many researchers [14, 15]. Refs. [16, 17] improved theMOPSO
algorithm to enhance the quality, diversity, and convergence of
the solution set.
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Based on the above studies, we applied the MOPSO algo-
rithm to the parameter design of EMI filters for BUCK-type rec-
tifiers and found that the obtained solution set was prone to fall
into the high-cost region, resulting in a low cost performance
of the filter. Therefore, in this study, an optimization scheme
for parameter design is proposed. First, a multi-objective opti-
mization model was established for the parameters. The con-
ventional MOPSO algorithm was then improved to obtain an
improved algorithm. Finally, the improved and conventional
algorithms were applied to solve the optimization model, and
their results were compared.

2. OPTIMIZATION MODELING OF EMI FILTER PA-
RAMETERS

2.1. Conducted Noise of BUCK Rectifier
The BUCK-type rectifier is shown in Fig. 1(a). Its main struc-
ture is “single-phase mains power + diode full-bridge recti-
fication + BUCK converter”, with a switching frequency of
100 kHz, an output DC voltage of 20V, and an output power of
250W. The conducted noise spectrum measured by the Linear
Impedance Stabilization network (LISN) is shown in Fig. 1(b).
In Fig. 1(b), the common-mode noise NCM, differential-mode
noiseNDM, and EMI noiseNEMI are all the peak values, and the
standard limitNbase is the quasi-peak value [18]. It can be seen
from Fig. 1(b) that all three types of noise significantly exceed
the standard limit. From this, it can be inferred that the quasi-
peak values corresponding to the three types of noise would ex-
ceed the standard limit. Within the measured frequency band,
the lowest frequency with the highest noise of common mode
(NCM) and noise of differential mode (NDM) that exceed the
Nbase occurs at 200 kHz. At this frequency, the three noise
peaks are 92.2 dBµV, 87.8 dBµV, and 80 dBµV, respectively,

(a)

(b)

FIGURE 1. BUCK rectifier with EMI filter inserted.

FIGURE 2. BUCK rectifier with EMI filter inserted.

while the corresponding standard limit is 63.6 dBµV. There-
fore, it is necessary to suppress these noises. One of the most
effective means is to add an EMI passive filter at the output
port of the AC power supply. For medium and small power
converters, the filter circuit generally adopts an L-shaped two-
stage structure, as shown in Fig. 2. In Fig. 2, CX , CY , LCM,
and Lleak represent the inductance and leakage inductance of
the differential-mode capacitor, common-mode capacitor, and
common-mode choke, respectively.

2.2. Multi-Objective Optimization Modeling of EMI Filter Pa-
rameters
After the circuit structure of the EMI filter is determined, the
design of its component parameters is vital. Parameter design
is a typical multi-objective optimization problem. In this study,
CX , CY and LCM are selected as decision variables x, which
are expressed as

x = [CX , CY , LCM]
T (1)

In the decision variables, the differential mode inductance
is not directly considered because the differential mode filter-
ing function can be achieved through common mode leakage
inductance. Generally, the common mode leakage inductance
Lleak = 0.05LCM. Therefore, only LCM is considered for the
inductance, which can achieve a low-cost effect.
This study aims to minimize the noise and cost functions of

the system while satisfying electromagnetic compatibility stan-
dards and safety regulations. The optimization model is calcu-
lated as follows{

min F(x) = [F1(x), F2(x)]T

s.t. gj(x) ≤ 0, j = 1, 2
(2)

where F1(x) is the noise function, and F2(x) is the cost func-
tion.
The expression of the noise function F1(x) is as follows

F1(x) =
m∑
j=1

{
wj ·max

[
N ′

CMj(fj), N
′
DMj(fj)

]}
(3)

where N ′
CMj(fj) and N ′

DMj(fj) are the predicted values of the
filtered common-mode and differential-mode noises after fil-
tering, respectively; m is the total number of sampling points
within the frequency band; wj is the weighting coefficient for
the jth frequency point, which is set according to the degree of
exceedance of the common-mode and differential-mode noise

limits, and satisfies
m∑
j

wj = 1.
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The calculation formula for the weighting coefficient wj is

wj =
∆N(fj)

m∑
i=1

∆N(fi)
(4)

where the calculation formula for∆N(fj) is

∆N(fj) = max
[
N ′

CMj(fj), N
′
DMj(fj)

]
−Nbase(fj) (5)

The predicted values of the common-mode and differential-
mode noises after filtering were calculated as follows:

N ′
CM (f) = [NCM (f)−∆]− ILCM (f) (6)

N ′
DM (f) = [NDM (f)−∆]− ILDM (f) (7)

In the formula, ∆ is the design margin, which is taken as
6 dBµV here to avoid the risk of weighting coefficients caus-
ing bias at specific frequency points; ILCM(f) and ILDM(f) are
the common-mode and differential-mode insertion losses, re-
spectively.
The insertion losses were calculated based on the second-

order filter theory, considering the parasitic parameters of the
filter, which are expressed as

IL′
CM(f) = 20 lg

∣∣∣∣ZS(f) + ZCM(f)

ZL(f) + ZCM(f)

∣∣∣∣ (8)

IL′
DM(f) = 20 lg

∣∣∣∣ZS(f) + ZDM(f)

ZL(f) + ZDM(f)

∣∣∣∣ (9)

where Zs is the noise source impedance; ZL is the impedance
on the power supply side; and ZCM and ZDM are the common-
mode and differential-mode impedances, respectively.
The expression of the cost function F2(x) is as follows

F2 (x) = h1

(
CX

CX0

)α

+h2

(
CY

CY 0

)β

+h3

(
LCM

LCM0

)γ

(10)

where h1, h2, and h3 are cost coefficients, reflecting the rela-
tive cost impacts of X capacitors, Y capacitors, and common-
mode chokes, with values of 0.15, 0.25, and 0.5, respectively.
The scale indices α, β, and γ characterize the sublinear growth
characteristics of component costs, with values of 0.8, 0.7, and
0.7, respectively. CX0, CY 0, and LCM0 are the baseline val-
ues for dimensionless quantification, typically representing the
characteristic orders of magnitude within the parameter range
of the components. For a 250W BUCK-type rectifier’s EMI
filter, the values are taken as 1µF, 1 nF, and 1mH, respectively.
There are two constraints subject to electromagnetic compat-

ibility (EMC) standards and safety requirements: The first con-
straint is that the noise function is less than the standard limit,
which is expressed as follows

g1(x) = F1(x)−Nbase ≤ 0 (11)

The second constraint g2(x) is that the ground leakage cur-
rent is less than the maximum allowable leakage current speci-
fied in IEC60335.1, that is

g2(x) = Ileak(x)− Imax ≤ 0 (12)

where Ileak is the leakage current to the ground, and Imax is the
maximum allowable leakage current, which is 3.5mA.
The calculation formula for the leakage current to ground is

Ileak(x) = 2πVrmsflineCY (13)

where Vrms is the effective value of the AC power supply, and
fline is the line frequency. This formula takes into account the
variation of fline and the tolerance of CY .
The ranges of the decision variables are determined accord-

ing to engineering practice, component supply, and safety spec-
ifications. In the EMI filter of a 250WBUCK-type rectifier, the
typical range of values is as follows

0.1µF ≤ CX ≤ 4.7µF (14)
0.1 nF ≤ CY ≤ 4.7 nF (15)
0.1mH ≤ LCM ≤ 3.0mH (16)

3. IMPROVED PARTICLE SWARMOPTIMIZATIONAL-
GORITHM
The MOPSO algorithm is one of the most effective methods
for solving the above-mentioned optimization model. The con-
ventional MOPSO algorithm has certain limitations when solv-
ing the parameter optimization of EMI filters. It may fall into
a local optimum during the search process, and the obtained
solution set has further room for improvement in terms of dis-
tribution and convergence. Therefore, this study makes three
improvements to the conventional MOPSO. First, the initial-
ization of the particle swarm is performed by classified initial-
ization to add potential high-quality solutions while ensuring
the diversity of the particle population. Second, the total num-
ber of iterations is divided into two stages to provide empirical
value guidance for the particle swarm search to avoid blind ex-
ploration. Third, adaptive early termination is implemented for
the number of iterations to enhance the convergence efficiency
while ensuring the quality of the solution set. Fig. 3 shows the
flowchart of the improved algorithm.

3.1. Initialization of Particle Population Classification
The first shaded box in Fig. 3 reflects this improvement. Unlike
the conventional MOPSO algorithm, the improved algorithm
does not generate particles randomly. Instead, it generates two
types of particles. The first type is experience-guided particles,
and the second type is randomly selected exploratory particles.
The specific proportions of the two types of particles were de-
termined by the parameter sensitivity analysis of the algorithm.
First, the first type of particles is generated by small-range

random perturbations near the empirical high-quality solutions,
enabling the algorithm to focus on the high-quality solution re-
gions guided by engineering experience in the initial stage. The
range formula is as follows

x(0)i = xguide (1 + δ) (17)

where x(0)i represents the position of the ith particle at the 0th it-
eration (i.e., the initialization), and xguide is the particle position
determined by an experience-guided value, which is referred to
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FIGURE 3. Flowchart of the improved MOPSO algorithm.

in this paper as the empirical high-quality solution. For exam-
ple, in the EMI filter of a 250W BUCK-type rectifier, accord-
ing to (14)–(16), xguide can take the values [2.2, 2.2, 1.5]. δ is
a perturbation vector whose components are independent and
follow a uniform distribution on [−0.3, 0.3].
Then, within the full feasible range of parameters, the second

type of particle was randomly generated in the usual way to
ensure the diversity of the particle population.

3.2. Phased Processing of the Total Number of Iterations

The second to fourth shaded boxes in Fig. 3 reflect this im-
provement. Unlike the conventional MOPSO algorithm, the
total number of particle iterations in the improved algorithm
was divided into two stages. The initial iterations are assigned
to the first stage, whereas the remaining iterations are assigned
to the second stage. The specific proportion of iterations for the
two stages was determined by the parameter sensitivity analysis
of the algorithm.
In the iteration times of the first stage, the velocity up-

date equation of all particles added an experience-guided term,
whereas in the iteration times of the second stage, the veloc-
ity update equation of all particles followed the conventional
equation.
In the conventional MOPSO algorithm, the update equations

for the vi and position xi of particle i in each iteration are as
follows

vk+1
i = wkvki + c1r1(pki − xki ) + c2r2(gk − xki ) (18)
xk+1
i = xki + vk+1

i (19)

where k is the number of iterations in the algorithm; c1 and c2
are acceleration coefficients that adjust the maximum step size
of flight toward the individual historical best and global best,
respectively; r1 and r2 are random numbers with values in the
range [0, 1]; pi is the historical best solution for individual par-
ticle i; g is the historical best solution for the particle swarm;
w is the inertia weight coefficient, which reflects the degree to

which the particle maintains its current velocity. The calcula-
tion formula is as follows

wk = wmax −
k

K
(wmax − wmin) (20)

where wmax and wmin are the maximum and minimum values
of the inertia weight coefficient, respectively; k and K are the
current and total iteration numbers, respectively.
To accelerate the algorithm convergence and guide the par-

ticles toward better design regions, an empirical guidance term
is introduced into Equation (16) during the first-stage iterations
in this study, and the result is as follows

vk+1
i = ωkvki + c1r1

(
pki − xki

)
+ c2r2

(
gk − xki

)
+ck3r3

(
xguide − xki

)
(21)

where c3 is the experiential learning factor, used to adjust the
step size of the particle moving in the direction of prior experi-
ence. The range of values for random number r3 is the same as
r1 and r2.
The value of the empirical learning factor c3 is the key to

balancing the utilization of prior knowledge and the ability to
independently explore. If c3 remains constant, the algorithm
might still be excessively restricted by prior experience in the
later iteration stage, thereby inhibiting its ability to escape lo-
cal optima and conduct fine search. Therefore, in this study,
an adaptive attenuation strategy is introduced to make c3 vary
dynamically with the number of iterations. Its value decays ex-
ponentially from the initial strength to adjust the weight of the
empirical guidance. The calculation formula is as follows

ck3 = c
(0)
3 · exp

(
−λ

k

K

)
(22)

where ck3 is the empirical learning factor at the kth iteration, c
(0)
3

the initial value at the 0th iteration, and λ the decay coefficient.
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TABLE 1. Comparison between conventional MOPSO and improved MOPSO.

Conventional MOPSO Improved MOPSO

Population initialization
Particles are generated purely
through a random process.

Particles are categorized into experience-guided
particles and random exploration particles.

Iteration strategy
The velocity update equation remains
standard throughout all iterations.

In the initial stage, an experience-guided term
is added to the velocity update equation.

The remaining iterations follow
the conventional equation.

Termination mechanism
Iterations continue until the

maximum iteration limit is reached.

Iterations terminate early when
three specific adaptive conditions

are simultaneously met.

3.3. Adaptive Early Termination Mechanism for Iterations

The fifth shaded box in Fig. 3 illustrates the third improve-
ment step. Unlike the conventional MOPSO algorithm, the im-
proved algorithm does not always iterate the maximum number
of times. Instead, it monitors the changes in the external archive
over several consecutive iterations and terminates the iteration
process early when the preset conditions are met, effectively
reducing the computational cost.
Let Sk be the number of solutions in the external archive at

the kth iteration. Considering five consecutive iterations before
the kth iteration, the external archive size sequence Srecent is
defined as

Srecent = {Sk−4, Sk−3, Sk−2, Sk−1, Sk} (23)

The range ∆S of this sequence is

∆S = max (Srecent)−min (Srecent) (24)

where a smaller ∆S indicates the better stability of the high-
quality solution. When ∆S ≤ 3, and combined with the pre-
vious two conditions, it indicates that the solution sought has
become stable.
The termination mechanism must satisfy three conditions si-

multaneously. The first condition is that the minimum number
of iterations should be no less than 15 to ensure that the algo-
rithm has a basic exploratory capability. The second condition
is that Sk reaches more than 90% of the preset capacity to en-
sure the completeness of the solution set. The third condition
is ∆S ≤ 3. When all three conditions were met simultane-
ously, the algorithm immediately terminated the iterations and
outputted the external archive as the final optimization result.

4. RESULTS ANALYSES OF IMPROVED ALGORITHM
The improved algorithm above was applied to solve the opti-
mization model in (2). The particle position x is defined as
the decision variables [CX , CY , LCM]

T . The number of par-
ticles was set to 100, and the total number of iterations was
set to 100. Through parameter sensitivity analyses of the al-
gorithm, the best specific proportions of the two types of par-
ticles were determined to be 20% and 80%, and the best spe-
cific proportions of the two-stage iterations were determined
to be 20% and 80%. After solving, a series of optimal solu-

tions were obtained, from which two representative solutions
were selected: the performance-priority solution and the cost-
priority solution. To verify the effectiveness of the improved
algorithm, the conventional algorithm was also used to solve
the optimization model in (2), and the results are compared in
Table 1.
As shown in Table 1, in the performance-prioritized solution,

the improved algorithm significantly increasesCX while main-
tainingCY unchanged and reducingLCM. From the perspective
of insertion loss and impedance matching, increasing CX can
compensate for the reduction in LCM. Through component pa-
rameter reconstruction, the noise function of the improved al-
gorithm was comparable to that of the conventional algorithm,
but the cost function was lower than that of the conventional
algorithm, decreasing from the original 140.23 to 109.24, a re-
duction of 28.37%. The leakage currents of both algorithms are
identical.
In the cost-priority solution, the improved algorithm simul-

taneously reduces CX , CY , and LCM. Through component pa-
rameter reconstruction, the noise function of the improved al-
gorithm was slightly higher than that of the conventional algo-
rithm, but the cost was significantly lower, decreasing from the
original 94.21 to 61.52, a reduction of 53.14%, and the leakage
current of the improved algorithm was lower than that of the
conventional algorithm.
In addition, a vertical comparison between the performance-

priority and cost-priority solutions of the improved algorithm
revealed that the CX , CY , and LCM of the performance-
prioritized solution were all greater than those of the cost-
priority solution, achieving higher performance. However,
the cost-priority solution significantly reduces the component
parameters while still meeting the standards, resulting in lower
costs. The two optimized solutions of the improved algorithm
provide targeted approaches for different requirements.
The Pareto front plots of the two algorithms are shown in

Figs. 4 and 5. As shown in Fig. 4, the solution set of the conven-
tional algorithm exhibits a relatively concentrated distribution
in the noise function— cost function objective plane, primarily
clustered in high-cost regions. This indicates that the particles
have a relatively limited exploration range and insufficient di-
versity. In contrast, as shown in Fig. 5, the solution set of the
improved algorithm exhibits a wider distribution in the objec-
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FIGURE 4. Pareto frontier plot of conventional algorithm. FIGURE 5. Pareto frontier plot of improved algorithm.

TABLE 2. Comparison of results between the two algorithms.

Two optimization
solutions

Parameters and
indicators

Conventional
algorithm

Improved
algorithm

Performance — Priority Solution

CX 0.89µF 3.51µF
CY 4.70 nF 4.70 nF
LCM 2.97mH 2.05mH
F1(x) 48.55 dBµV 48.81 dBµV
F2(x) 140.23 109.24
Ileak 0.230mA 0.230mA

Cost — Priority Solution

CX 1.84µF 1.41µF
CY 4.70 nF 4.26 nF
LCM 1.66mH 0.90mH
F1(x) 53.12 dBµV 56.32 dBµV
F2(x) 94.21 61.52
Ileak 0.230mA 0.208mA

FIGURE 6. Final convergence history comparison of two algorithms.

tive plane, demonstrating significantly enhanced diversity and
global exploration capabilities.
Figure 6 shows the final historical convergence graph of the

two algorithms. As shown in Fig. 6, the actual total number
of iterations for the conventional algorithm is 100, whereas
for the improved algorithm it is only 19. This is because the
improved algorithm incorporates an adaptive early termination
mechanism that increases the convergence efficiency by 81%.
Furthermore, Fig. 6 shows that the external archive curve of

the conventional algorithm rises to saturation in the early itera-
tions (approximately 4–6 generations) and then enters a plateau
period, exhibiting typical premature convergence characteris-
tics. This indicates that the solution set diversity of the al-
gorithm sharply declines without fully exploring the solution
space, making it prone to being trapped in local optima. In
contrast, the external archive curve of the proposed algorithm
grows slowly and steadily, gradually stabilizing around gen-
erations 14–16. This reflects that the algorithm continuously
performs effective selection and evolution throughout the iter-
ations, avoiding premature convergence and thus guiding the
search toward high-quality solution regions in a stable and ef-
ficient manner.
The decision variables CX , CY , and LCM obtained from the

improved algorithm in Table 2 were applied to the EMI filter
shown in Fig. 2. The measured noise spectra are illustrated in
Fig. 7, where NCM, NDM, and NEMI represent the peak values,
and the standard limit Nbase is the quasi-peak value.
As shown in Fig. 7, the peak values of the conducted noise of

the two optimized solutions do not exceed the standard within
the measurement frequency band. Because the quasi-peak val-
ues are lower than the peak values, it can be inferred that the
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(a) (b)

FIGURE 7. Conducted noise spectra of two optimization solutions for improved algorithm. (a) Performance-priority solution. (b) Cost-priority
solution.

quasi-peak values of the conducted noise are far from exceed-
ing the standard, further verifying that the improved algorithm
is effective in optimizing the parameters of EMI filters.

5. CONCLUSION
This study focuses on the EMI filter parameter design of
BUCK-type rectifiers. To address the limitations of the con-
ventional MOPSO algorithm in EMI filter parameter design,
such as insufficient solution set diversity, susceptibility to lo-
cal optima, and excessive iterations, resulting in an EMI fil-
ter with a low cost-performance ratio, an optimized parameter
design scheme is proposed. This scheme establishes a multi-
objective optimization model for the parameters and introduces
three improvements to the conventional MOPSO algorithm.
Both the improved and conventional algorithms were applied to
solve the optimizationmodel. Comparative results demonstrate
that the EMI filter parameters obtained using the improved al-
gorithm achieve lower costs while meeting performance stan-
dards, resulting in a higher cost-performance ratio. The pro-
posed scheme exhibits universality and can be extended to the
parameter optimization design of EMI filters for other power
converters.
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