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Miloslav Čapek1 and Petr Kadlec2

1Department of Electromagnetic Field,
Faculty of Electrical Engineering

Czech Technical University in Prague, Czech Republic
miloslav.capek@fel.cvut.cz

2Department of Radio Electronics,
Faculty of Electrical Engineering and Communication

Brno University of Technology, Czech Republic

April 1, 2025
EuCAP 2025

Stockholm, Sweden
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Multi-Objective Topology Optimization in Electromagnetism1

▶ We want to optimize several parameters at once.

▶ Multi-objective optimization

▶ We have no prior bias about the structure.

▶ Topology optimization.

▶ Fixed and compact discretization.

▶ Method of moments.

▶ When to terminate the optimization?

▶ Utilization of fundamental bounds.

F = {f1, · · · , fn}

F ∗ = {f∗
1 , · · · , f∗

n}

1P. Kadlec and M. Capek, Multi-objective memetic algorithm with adaptive weights for inverse antenna
design, 2025, https://arxiv.org/abs/2409.14245.
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Outline

1. Novel Procedure

2. Diversity and Convergence

3. Examples

4. Concluding Remarks

Download the presentation from: capek.elmag.org.
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Novel Procedure

Pareto Efficiency

Consider we want to minimize

minF = min {f1, f2} .

▶ Multiple parameters ⇒ trade-offs

▶ Optimal trade-off: Pareto frontier2

To take care of. . .

▶ convergence × diversity,

▶ number of non-dominated solutions,

▶ uniformity of Pareto frontier,

▶ hypervolume.

2K. Deb, Multi-Objective Optimization using Evolutionary Algorithms. Wiley, 2001
Miloslav Čapek & Petr Kadlec 4 / 20
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Novel Procedure

Topology Optimization: Degrees of Freedom

Density-based formulation

ρm(r ∈ Tm) = [ρmin, ρmax]

T1T1

T2

T3

T4

T5

T6

T7

T8

“Pixeling”

ρm(r ∈ Tm) = {0, ∞}

T1

T2

T3

T4

T5

T6

T7

T8

Exact reanalysis3

Rnn,ρ = {0, ∞}

ψ1

ψ2

ψ3

ψ4

ψ5

ψ6

ψ7

ψ8

ψ9
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Novel Procedure

Exact Reanalysis: Topology Sensitivity

▶ Method-of-moments impedance matrix is Z.

▶ Basis function switch (removal/addition).

▶ All evaluations (each ∝ O(N)) at once with
vectorization (Woodbury identity).

▶ Topology sensitivity4:

τin = fi (I (gn))− fi (I (¬gn))

Initial

shape

(g)
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1
1
0
0



DOF
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(gn−)


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0
0
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Novel Procedure

Local Greedy Algorithm Over Nearest Neighbors

▶ Local algorithm integrated into global (heuristic) scheme: powerful memetics5.

5M. Capek, M. Gustafsson, L. Jelinek, et al., “Optimal inverse design based on memetic algorithms – Part I:
Theory and implementation,” IEEE Trans. Antennas Propag., vol. 71, no. 11, pp. 8806–8816,
Miloslav Čapek & Petr Kadlec 7 / 20
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Diversity and Convergence

Dealing With Multiple Objectives — Scalarization

▶ What about multiple objectives?
Common approach: scalarization:

f =
∑
i

wifi = w
Tf ,

∑
i

wi = 1

Deficiencies

▶ Often hypersensitive to weights wi.

▶ Optimization has to run multiple times.
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Diversity and Convergence

Our Approach6

1. There is A agents used at once, each has a
unique set of weights w.

2. Agents still cooperate even though they
have different attractors (priorities).

3. Weights w are adaptively assigned each
global iteration.

1 2 3 4 5

1

2

3

4

5

previous generation

f1

f2

6P. P. Junqueira, I. R. Meneghini, and F. G. Guimarães, “Multi-objective evolutionary algorithm based on
decomposition with an external archive and local-neighborhood based adaptation of weights,” Swarm and
Evolutionary Computation, vol. 71, p. 101 079, 2022
Miloslav Čapek & Petr Kadlec 9 / 20
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Diversity and Convergence

Algorithm7

▶ Global algorithm (NSGA-II) maintains
robustness.

▶ Local algorithm (exact re-analysis)
provides convergence.

▶ Adaptive assignment of weights yields
Pareto efficiency.

set up MOOP
(f , Ω0, ka)

get matrix operators
propose init. shapes
G1 and weights W1

set iteration t = t+1

propose new Wt

(see Algs. 1 and 2)
create new shapes
Ot (NSGA-II)

get fi = [f1, . . . , fM ]
for every gi ⊂ Ot

associate Wt to
Ot (see Fig. 3
and Alg. 3)

local alg. for every
new shape with

different f̃i (based
on associated wj)

get fi = [f1, . . . , fM ]
for every gi from
Ot after local alg.

(any) stop
condition?

pick best shapes
from Gt−1

⋃Ot

(NSGA-II)

set GPF (non-
dominated shapes)

no

yes

1 2 3

4

567a

8 9 7b

1011

12

7P. Kadlec and M. Capek, Multi-objective memetic algorithm with adaptive weights for inverse antenna
design, 2025, https://arxiv.org/abs/2409.14245.
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Examples

Example #1: Maximum Bandwidth × Electrical Size

ℓ

ℓ/2

Minimize {Q-factor, electrical size}

f = {Q, ka}

▶ Q-factor of self-resonant antenna:

Q =
2ωmax {Wm,We}

Prad
.

▶ Electrical size:

ka =
1

2
kmax {diag(g)D diag(g)} .
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Examples

Q-factor vs. Electrical Size: Pareto Efficiency
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Qfeas(ka) ∝ 1/(ka)3
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Qfeas(ka) ∝ 1/(ka)3
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Examples

Q-factor vs. Electrical Size: Solutions

A
Q/QTM

lb,ka=0.5 = 16366
ka = 0.03

B
Q/QTM

lb,ka=0.5 = 28.6
ka = 0.19

ka

C
Q/QTM

lb,ka=0.5 = 4.59
ka = 0.34

ka

D
Q/QTM

lb,ka=0.50 = 1.33, ka = 0.50

ka

▶ 44 millions of antennas evaluated in 35 minutes. . .
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Examples

Example #2: Realized Gain(s) in Opposite Directions

kLx = 3.6

k
L

y
=

1
.8

d̂ ê

vacuum

design region

fixed

x̂

ŷ

ẑ

φ̂

Shape regularity issues8:

isolated islands point connections infinitely thin slots

Minimize realized gains

f = {Gr(d̂1, ê), Gr(d̂2, ê), R}

▶ Realized gain (Z0 = 50Ω):

Gr(d̂, ê) = ηrad
(
1− |Γ |2

)
D(d̂, ê),

ηrad radiation efficiency,

Γ reflection coefficient,

D directivity.

▶ Shape regularity

R = 0.15
A

A0
+ 0.30h(Ω).
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▶ Realized gain (Z0 = 50Ω):

Gr(d̂, ê) = ηrad
(
1− |Γ |2

)
D(d̂, ê),

ηrad radiation efficiency,

Γ reflection coefficient,

D directivity.

▶ Shape regularity

R = 0.15
A

A0
+ 0.30h(Ω).

8V. Neuman, M. Capek, and L. Jelinek, Towards manufacturing-friendly shapes in discrete topology
optimization, 2025, https://arxiv.org/abs/2503.10133
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Examples

Realized Gain Trade-offs

0 1 2 3 4 5 6 7 8 9 10 11 12 13
0

2

4

6

8

10

12

realized gain, Gr(+y) (–)

re
a
li
ze
d
ga
in
,
G

r
(−

y
)
(–
)

R < 0.10
R < 0.15
R < 0.20
R < 0.30
any R
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Examples

Realized Gain Trade-offs

upper bound
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Examples
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Examples

A
G(+y) = 3.9 (–)
G(−y) = 4.0 (–)
RL = −28 dB
R = 0.142 (–)

d̂1 d̂2

B
G(+y) = 9.9 (–)
G(−y) = 0.7 (–)
RL = −19 dB
R = 0.268 (–)

d̂1 d̂2
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Examples

▶ MATLAB script to export selected shapes to FEKO and CST.
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Examples

Verification

0 100 200 300
−30

−20

−10

0

10
FEKO
(1.004GHz)

azimuthal angle φ (degrees)

an
te
n
n
a
ga
in

(d
B
i)

0.98 0.99 1.00 1.01
−30

−20

−10

0

AToM
CST
CST (5×)
FEKO

frequency (GHz)

re
tu
rn

lo
ss

(d
B
)
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Concluding Remarks

Concluding Remarks
Multi-Objective Memetic Algorithm with Adaptive Weights9 (MOMA-AW)

What has been done. . .

1. Pareto efficiency.

2. Physics and geometry/topology optimized.

3. Great performance.

What next?

1. Co-simulation with machine learning tools.

2. Principal component analysis.

3. Better maintenance of external archive.

0 2 4 6 8 10

10

0.05

0.10

0.15

0.20

0.25

realized gain Gr (–) el
.
le
ng
th
kℓ
y
(–
)re

g
u
la
ri
ty

R
(–
)

9P. Kadlec and M. Capek, Multi-objective memetic algorithm with adaptive weights for inverse antenna
design, 2025, https://arxiv.org/abs/2409.14245.
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Questions

Questions?
Miloslav Čapek

miloslav.capek@fel.cvut.cz

March 31, 2025
version 1.0

The presentation is available at ▶ capek.elmag.org

Acknowledgment: This work has been supported by the Czech Science Foundation, project No. 21-19025M.
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Questions

Comparison With State-Of-The-Art Techniques

0

0.5

1

lower
is better

0

0.5
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n
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(–
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0.5
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tCPU

lower
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GD

lower
is better

Nrem +Nadd

higher
is better

HV

higher
is better

MOMA-AW

SOGA-FW

NSGA-II

Nnd
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