[ Downloaded from jiaeee.com on 2026-10-10 ]

Journal of Iranian Association of Electrical and Electronics Engineers

Vol. 23 No. 2, 2026
DOI: 10.66224/jiacee.23.2.31

Implementation of ResNet-101 Neural Network and
Particle Swarm Optimization Algorithm in Modeling

Frequency Selective Surfaces with Complex Shapes of
Type Sierpinski-Gasket

Amin Mazroei Abkenar!, Mojtaba Maddah Ali?, Marzieh Nasirian®

1 MSc Graduate, Department of Electrical and Electromagnetic Engineering, Malek Ashtar University of
Technology, Shahin Shahr, Iran
aminmazroeiabkenar@gmail.com
2 Assistant Professor, Department of Electrical and Electromagnetic Engineering, Malek Ashtar University
of Technology, Shahin Shahr, Iran
maddahali@mut-es.ac.ir
3 Assistant Professor, Department of Electrical and Electromagnetic Engineering, Malek Ashtar University
of Technology, Shahin Shahr, Iran
mz.nasirian@gmail.com

Abstract :

Modeling fractal frequency selective surfaces (FSS) is one of the primary challenges in designing absorbers and
electromagnetic structures based on such surfaces, primarily due to their geometric complexity and the demand for
precise simulations, which require significant time and resources. In this project, the main objective is to utilize the
ResNet convolutional neural network to predict the reflection coefficient of fractal surfaces based on their images. A
notable feature of this study is the incorporation of data extracted from the particle swarm optimization (PSO) algorithm
alongside random data for training the network. This approach has not only enhanced the prediction accuracy of the
neural network but also improved the quality of the generated dataset. Furthermore, the integration of the PSO
algorithm with the ResNet network has resulted in improved model performance in terms of more accurate and faster
reflection coefficient predictions. The proposed methodology has the potential to significantly reduce the time and costs
associated with modeling fractal frequency selective surfaces, ultimately facilitating the optimization of their design
process.
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1. Motivation of the work

Fractal FSSs have attracted considerable attention in
modern electromagnetic system design because of their
inherent multi-band characteristics, compact size, and
angular stability. These properties make fractal FSSs
highly suitable for applications such as microwave
absorbers, stealth technology, multiband antennas, and
electromagnetic  shielding. Among various fractal
geometries, the Sierpinski-gasket offers self-similarity
and geometrical flexibility, enabling enhanced absorption
and filtering performance across wide frequency ranges.
However, these advantages come at the cost of
significant modeling and optimization complexity.
Traditional full-wave electromagnetic solvers require
extensive computational resources, especially when
iterative optimization and parametric sweeps are
involved.

In recent years, machine learning and deep learning
methods have emerged as promising alternatives for
accelerating electromagnetic design tasks. Nevertheless,
most deep learning approaches rely on large labeled
datasets, which themselves require extensive simulations
to generate. This limits the practicality of purely data-
driven methods in real-world engineering scenarios. On
the other hand, evolutionary optimization algorithms
such as PSO can efficiently explore the design space but
remain computationally expensive when combined with
full-wave solvers. The motivation of this work is to
bridge the gap between accuracy, efficiency, and data
availability by integrating deep residual networks with
PSO. By leveraging the feature extraction power of
ResNet-101 and the global search capability of PSO, the
proposed framework aims to reduce simulation costs,
improve predictive accuracy even with relatively small
datasets, and enable rapid optimization of complex fractal
FSS structures.

2. Contributions

The main contributions of this work can be summarized
as follows. First, a hybrid modeling framework is
proposed that combines PSO with a deep ResNet-101
architecture for efficient prediction and optimization of
fractal FSS reflection characteristics. Unlike conventional
surrogate models, the proposed approach directly
processes geometric images of complex fractal patterns,
eliminating the need for handcrafted features or
equivalent circuit approximations. Second, an effective
data generation strategy is introduced in which PSO-
generated near-optimal samples are merged with
randomly generated designs. This approach significantly
enhances dataset quality and diversity while keeping the
dataset size relatively small. As a result, the deep

network achieves improved generalization and prediction
accuracy compared to models trained solely on random
data.Third, the performance of different ResNet variants
is investigated, demonstrating that the deeper ResNet-101
architecture outperforms shallower counterparts such as
ResNet-18 and ResNet-50 in capturing the intricate
electromagnetic behavior of fractal FSSs. Finally, the
proposed hybrid PSO-ResNet framework is shown to
substantially reduce optimization time while maintaining
high accuracy, offering a practical and scalable solution
for advanced electromagnetic absorber design

3. Procedures

The proposed methodology begins with the design of a
fractal FSS based on a Sierpinski-gasket geometry. A
particle swarm optimization algorithm is employed to
generate optimized structural samples by exploring the
design space efficiently. In parallel, an additional set of
random samples is produced to increase data diversity.
The combined dataset is then used to train a ResNet-101
convolutional neural network. The network is trained
using standard stochastic optimization techniques, and its
performance is evaluated using a separate validation set.
This procedure ensures that the trained model can
accurately predict reflection characteristics for previously
unseen geometries

4. Findings

The results demonstrate that the hybrid particle swarm
optimization and deep learning approach significantly
improves prediction accuracy compared to models
trained with randomly generated data alone. The
ResNet-101 model shows superior performance due to its
deep architecture and residual connections, which
facilitate effective feature extraction from complex
fractal images. Moreover, the proposed framework
substantially reduces the overall modeling time, enabling
rapid evaluation of design alternatives without the need
for extensive electromagnetic simulations.

5. Conclusion

This study presents an efficient and accurate modeling
strategy for fractal FSSs by integrating particle swarm
optimization with a deep residual neural network. The
proposed approach effectively addresses the challenges
associated with geometric complexity and high
computational cost. By combining optimized and random
data for training, the method achieves high predictive
accuracy while significantly reducing simulation time.
The results confirm that the hybrid framework is a
promising solution for the rapid design and optimization
of complex electromagnetic structures.

30


http://jiaeee.com/article-1-1788-en.html

Olrl Swig il g 3y (w4 pid
FV-YY Sloriao V¥ 0 oLl oo o)l a5 o Jlo (0l nl Siig iUl g 350 (owiiges 4725
DOI: 10.66224/jiaeee.23.2.31

30 ©lyd ploo ! jlwdiags po 595l 9 14V -Cd ), (omae 4l (g 5lwosly
(S o Cio £ 93 31 ooz JIUI L (ilS 8,01l Z gl (55w J e

Yl . )3 . . 1 .
Ob s 4 po e oo (izme HUSST (o895 30 (ool
Ol = el - 2l Sle  taio olKils — bbby iSUl poiizms — o )| cuolicis |57 s gl il -
aminmazroeiabkenar@gmail.com

Ol = e ool — il Sle  staio ol8ils = uloliiag yiSJl otz — Jboliw! -¥
maddahali@mut-es.ac.ir

Ol = el - sl Sl staio olSiils - publiiog i8Il maoes — Lol -¥
mz.nasirian@gmail.com

b lidog Sl sl ) Lis b g Losdlr (> 15k 5o ol Sl 5 (S JUST55 uils 15 bl z gk (55l ie JoduSe
29 b o (53l (SLoasy 38 9 (yloj (@480 (G g lwand 4 jL 9 (i S Tz Jo 4 &5 conl Zokaw (n] (S
b yBloe bl co po (JUSTyS Zobuw palad cdbyo bl cwl ey Guldmp (mas 4l 1 oolistw! ol Bub w0jgy ¢l
Pl (3l o 1931 51 ozl il (soools 1 oolisw! (G oyl a1 S 329 31 (9 S (S 1y g
o g oS (e S5 Glal &y LeSa 3y ol seel 4l Bigel sl ol slaesls LS 50 @Iy
iy e b @l)d ploojl (g lwdiate o ) oN! S i (iirod sl 0ulidty Sty s 1) ouibad gl 00lAs gere S A
9 oboj Wlgiee gy (pl 3 ooliitwl .cawl ouds QUL o pb Jrupw g FE80 Sy 30 Joo 9 Sdos dgme 4

WSS e | oo (il (b (g 3lwdiont «Caled 50 g 00ls bl 1) JUST S (pwils 8 kil gabaw e e slaas 32

el (S ee a4l (JUSTHE Wil bl pobe i)y mas aSd (omas aSud jgialS OlolS
Olyd ploojl jlwaiagys

sngyy iAo £ g5

VESY YT el yo

VEEE - ng 5550

VE-F/ A0 1 by

e e (izme 255 i gmo Bdemn g5 pU

bl 2SI gotie IS ks olSisls — oty Ut — e5al = el — ol i) gano Sukivan g8 (LS

[ Downloaded from jiaeee.com on 2026-10-10 ]

® &

sl Yl K9S g 5y Cawdins yesl i ol b OVl o GBsis g 4 Blaie it o) L] &> @ —
sl jlme 25 93l 3 gpdte bl Cole) b g i & grmio il byydie ] 51 (658 o0listl £33 0 5 o ypititio 5 (2lsS Cod dlis )
Creative Commons Attribution-NonCommercial 4.0 International license
(https://creativecommons.org/licenses/by-nc/4.0/)

31


http\072\057\057dx\056doi\056org\05710\05666224\057jiaeee\05623\0562\05631
https\072\057\057creativecommons\056org\057licenses\057by\055nc\0574\0560\057
https\072\057\057creativecommons\056org\057licenses\057by\055nc\0574\0560\057
http://jiaeee.com/article-1-1788-en.html

[ Downloaded from jiaeee.com on 2026-10-10 ]

e, ol 9, 2 & Gl 950,80 laml csam 23w 59
@).’.a L O 9 W) o.\!b‘? ob‘é db@u&y ‘wwso LS)L..JOOL»A
2V JSE)0 18 (o0 58 (w2 0)90 o S g end 2l 09505, o

.\

HiEsyd
= .

e i (l5ae iy

sk ysead 2l | 3y 3 Sas iy '
WY s h Jiale Ghalshl b et 5 AL Sty 2559 5 9l sl
ks [ oslsasgarme algi sly Aolai o ys8ll s S5
< 1 = |
29 Hna
| el S Ego3e '
§
$ 31 00l i el
’ joes 2 5y 4K hlike (gla Jaa
sud algi eolsassaxs 595
FIRCPERCT IR SO I
i3y aSads 3 Ol ploojl !
e
I 10k iy L Gige b
B0 Slanils pais
(SRt o)

.

sl Joe szl Gl

o esbd ek e % e
FAKSALT uils p

et 323L90 ()2
[NERHARRNTA

S el bl 031588 gama s s
w5355 5l oslinnl b LS al> 10 53 sab <l
A s 380l g O3 sl jluins

-

o 0 615 6&3..\55) (Y -Y) JS.M:

o ady 5 8,509y g i jlsle Sy Y

Gige

oo >lyb Lele (B yxo -)-Y

CSS Sty o JUSTHE i S0 5l Q3> Sl o
) =) USs) ol oo ool (Level2)

AA

Level 2

(LEVEI2) S Soug g JUS 15 caniicr JSib 1) —Y) JSCb

(w‘ AW ‘_g)L.\f‘al) p) )M]».Q‘)Lﬁ uS.) l) Le(.’ aS ol QTJ.: ol
208 (b il

Second Substrate <

Sierpinski Gasket Level 2
Design

First Substrate <————

GND <

oy o1y il 5l asly Johes Sy 31 (ol (gpled 1(Y -Y) JSC

32

doddo —)

2ol JEE eyl ohiga 5 (FSS) Luls3 Sbeil sl
slaodle (b yo uls yolie 5l (S plpre 4 3 sla L
ol wlond olae abidy ceeblieg 2SI gla,lisly o sl
L ool gee | Zlaol paiin ondlS 8 claaily o 0,0 laylisl
GBly o Slpbre i oleejs> 50 g, ol 5l g WS Qi
R 00,S soliul 0y50 Il slagidy 5 eaibaiz (slag]
(S sl sl jo wais o sla Shs [Y V] wlas 5
G & dgdoe czge oubieniz (S g (Salibogs wile
slasl )3 e 3,es (JUSTEpd sladige 4 Cons oo
[¥] sl acisls calies (a5 aggly Loyl g oo

Sl 4 Glgsoe (JUSTE (i85 Sl gola onee bljs
5 0y g ol el (i LIS Bl (saibaan 0 SIS
b la,tslo ol ol cee 50 0,5 o)Ll >hb 1o Y (g pdycilass]
Gk g wele lsde (2hb (Samy pyzes gl
WJeds Geer a [V] wien 5ia, noles 5 30 lagsloans
Sk lp i Giluanr 5 sledae Glaghs 5l eslinl
ol oo had G908 S gk (ol die

Sodl 5,8Les Sgutr sl shliee Glolbs, oty Sligios 4
aSll oS5 Wiges Glere 4wl oad @l)) FSS e
Silwante <o ECM) Joleo oo slaoe b (ogiae (oas
AR5l G iz 4 pliiws & e «s55,005 slaoile sl
e 525 5 Slagbs; comizeen [F] sl 0ol (63550 (uilS B 0
ras slaales 5 (PSO) ol plossl (giluansy w8 2
b ol Sl sl (b 53 (MLP) aVaiz 095
5 @lSes Sepw 0 g BB g JUSTE Wgail LS
szl onl poedle [O] wilanils Slewlxe ayje als
i Sileding I esliiul b (FCRMY) asle Gaee (5,59
aos Gl am e sl g, 4 Cond |y a i S0 wilanles
590 G5l wile (LelSS slapn 581 5l 5 Ko wlalllas [£]
e g [V] Giles,S eolatwl FSS (somaw (gjlwagy lp
FSS Sy 5l oolanul b wibioy so9,50be sloodl> ()b
T8 A] o oy o)l35 (ca5500lS Slge 5 ST 3

Slailoand 4 b 39290 lahy) yude acdyin (ol 3925 L
Sl shisel sleosls IVl e aieils b sy e
659y (Regk (rl 50 gy (Sl Gree 250k sla o
ResNet-101  _cac 4l 9 PSO 0,6 5 e (oS5
b5l oo i 5 il e (o] Bas 4 ol us slpiiay
cds iSlas 5 dieel eols Jilas L JLST,3 FSS (ola,bisls
loosls b PSO Laws sniady (sloools « by, ool o e
U o9 oo o0ld yoyg0] RESNEt-101 aSiits 4y 5 oo oS )5 Solaas

S St YL CBs g i e b ) aigs lagaly wilgn


http://jiaeee.com/article-1-1788-en.html

[ Downloaded from jiaeee.com on 2026-10-10 ]

By aile oy Slogrge elazal b, 5 s Selydl i
oS ‘"Ql)é" 3 gilre 09,5 S5l ool b i, oSl (] L]
[ ..L.S‘SA ua)l; Oilowd dline Lg‘)" U‘iM J>o|) h_i) OJ.AJLA.) g_i.\
9 SanBge Sls 0)3 ja S oy g slad o) Sl (n e
Jyupswbye‘)&)ibuwyﬂgw‘usﬁ
e A Az b old 1SS e bl g lad o o]
. best _ i,best . .

sigtisn s, ATV oy 55 X )53 slataadse

[\\,\’]AMS‘SAJPWJ?Q‘)WQB
(Vg ) abal)) cosl oty Ly o5 2k Lalsy sl 2 PSO 2y ,551
VIt + = [+ e (-3 1) + ey (=]~ X TH]) m

X[t =X [ V4] ™

ol L alid |5 g pos 45 395 oo 0yl S5 ) 4\ b, o
wiz ol oske ol a5 il T LBl ol e iz 4,
ey sl (W) oy gy g (DS alae) o sy (glalar
250w aalsl o a8 cud [/8 5 < /F] o s30e Yaere oy
i Ay Oyle Cymoges 3 Cpmogs f0d dblsS oLl W laie sl
9 (00d S pasd CumBos (e L) (patd o b (n e
(Smoz byl ol oS Conbge (e L) (smex 0, (i
401,09 gas Solayvuc 90,017,179 PHERPUINN ol
a0 el ez 6550k G g paFd Tk S oS
kol Doz )3 calys ol g o[ 9 Y] o5l 5o (s lke Ygane
ird S9zy Sle 10 S e 0y (e 5 paRd) Ol b
@b a5 wsbige mos8 3 S0g; el ¢ 6Tk ulpl 5 (o]
Gl Dyze 4 b (az slogaly ais) Slasl o0
o wibiee S5 @ Y Al el ((ad lagl s5leang)
pssdl 9,50, 45 0 sl e 1) 0l ol calyS lgiee

23l (65130 00 9 (PN e 95 52 5l (o5 5

Cajy A —Y-Y
Gos Ul ey olaw il b suSee oeas leasl
a9 S gl 1) palad i Sl wily o (a0
ol ez aenll oS oy gyt hlus boesls 5 Ko ke
Olgre cot daaSl cpl glp 1) awlel e S Ges il
5o s as ol (SO 4 a3 oS e olml Lol Saigdiene
Sl b b il o Jgl glaaY a4 3T slaasY l dule
Dy95 o i 4y Cess oY jo Lol ailxe aSil Ges
SKID iy Jlal ol 4 estde JSe ol o, sl
sas aSh solere 40 by, (pl el 3524 4 Connection

s ol il ) aly Jsho S 5l e lei ¥ T S5
LSS Qi el oo odaline ¥ -V) JSo jo aS jshailas talily oo
LT slal g (Ailoas 03, pb cud 5 ) ol ooy LS5 a0 o>
Fahes VYL plp g0 2ye g Job S Sl D90 ol @
Gl oo ax8 § i o as

Of b 5 wilbioe (192) b iz 5l a5 cnl il @Y (¥
o ).UQLSLM Y L)“‘)" 0)5).9 le )lﬁ B s(w‘ X Ls)LAf‘nlJ H)

5 )0 13 Jgl a¥ s g9, » gk ol eSS Sty s b (7
kSLé“"'L““ )| CJJ" u;‘ el 0al ool )|)3 ui S9y 2 P9 4431).:)
o3 ,o (P) QT o o Job a5 ol oo LSis MYl gyl
5 oS oo yuets PSO jlusdgs o550 bawgs e LoV ,0/F] 4ty
Sl P as glaie b blis 5 canline o2 (0) bacdin ol glas)l

Ol 3 a5 ailoe CSS St i ik 25l Gl 5l g
VARPVY 505 o £l g Conl yio oo OIFVYS L P jlaie
B oot o 5l ol pgo ¥ oS Cusl S8 @ ¥ sl o e
shls gy ol iz 005 calin b cSS (St o )b

Sl g yoraishen 2l O Cuagli

ol ‘?l,.b il &5’51’ Sl (Y -Y) USSo
¥ Gl i)l )13 CSS (S o 25k 595 2 4 ped Y (F
M) @Y ol Colis able ead shb wile ay o0
o MBbes fades Y oojsn Jol 5B 50 (Sl eud 6,35k
B 5 ¥ skl Glls a5 aiS yed (Jge a pes aY )
(@bs oole) wil o +/- 0FO lals
S5t PSO 2 550 oo JST 5 il ol ] g e ol5
2 0588l ilwosly (sln il e 0ad (b JLSle giludige
Shoslawl pae el oads solasul e l58le 5 5l sl (g9,
2y LYo CST Studio ,l8le s ;0 dezge ludige oK
e sladiaS o 28,55 lSel @
pae asle PSO )68l (gilucas e Luals @
g mlpd S5y JAS pos sl Coser (o

33


http://jiaeee.com/article-1-1788-en.html

[ Downloaded from jiaeee.com on 2026-10-10 ]

45, diliee sl oe hjeel sl Jgl ool VEe cacgezme ol
50 le Bb eaSin suwylael gly ST ools Yo g o ool
yicdon dlaws o w aSs blls £ -Y) S8 woas g L) e V-0,
el B0 =255 9 VA=) 5l e s T3k BB slaaY
mini-batch ) _o;sel ladaiws olail .ol sloxil Adam s ;Luaig
Zy ¥ bl (BPOChS) ojeel (slaoyso olaws oV« Ll (SizZE
Gy Gk 5 xS0l ¢ 0b a8 a5 0107 L il adsl s Sok
2,0 eols .zdly 2als 0/1 o Loyss Yo ,a 4o piecewise
Joe obj,l g Wl l>ail> (every-epoch) solas o ygods 0,90
validation ) s licl sloosls 5l oolatul b jastie Juolsd jo
8 5 el (data

] 00 o)Li'J‘

miniBatchSize = 10;
validationFrequency = floor(numel(YTrain)/miniBatchSize);
options = trainingOptions(‘adam’, ...
'MiniBatchSize', miniBatchSize, ...
'MaxEpochs', 20, ...
'InitialLearnRate’, 1e-3, ...
'LearnRateSchedule’, 'piecewise’, ...
'LearnRateDropFactor’, 0.1, ...
‘LearnRateDropPeriod', 20, ...
'Shuffle’, 'every-epoch’, ...
'ValidationData', {XValidation, YValidation}, ...
'ValidationFrequency', validationFrequency, ...
'Plots', 'training-progress', ...
'‘Verbose', false);

Vo), a5t Slardas 0 V) U5

One of the results of ResNet-101
. T T

s Predicted
=== = (riginal | ]|

Reflection Coefficient(dB)
//
NS
N
N

-30 )
\
351 ‘|l v 1
40 |
-45 !
' 1
-50 . !
2 3 4 5 6 7 8
Frequency(GHz)

b (o ylaiel 0010 gl Lol 00ld dus lio azess (£ -Y) JSi
(s PN A= 55, Sd (rvo

=55 sl 5 dge Glaguly ealiS iy dlus lsied
FEOVIIY W PRI % I S G I ¢ FRRPUL g JRCTSI YOV G JC g

34

el oaand I 5w snile BL Soby laie cou Cj, iS e
5l sega 5 998 oy aVaiz b o 5l a8 el cnl el ol poede
P58 (6 S ol aSed B3l

ool Sglite Lol Aol 4 (295 (p Jlail pl ae gl
5 358e 2ro Y (g 0 X (6899 (Jlail cul Sl eslitl g
&6 S5 sle fnl e 99500 a8l (] 4y Wbl S s
S so B 0 HX) 1) ()5 a5 2,35 o Lo Jlud

w3 HOOZFO)HX @ (25 oy Jlail s, (e b S
(F-7) SS9k e

s 45 3,55 o 1, Slas aub Wil e o WLl oyl 092l
ol 39S os Jos Fimb saY e JHlas VL saY oS o
IS gy il o Slae

VGG- a5t 3l a5 sl Y VEV b a5y S5 V0 ) = i, aSuh
|, a5 4 el e VLl ol i o todh a1 5 olgll 19
DY] oS oo oo i, a0 g )loro @

wblge VN -y) Al phlies 5 VA=), 5 00 -2, A
SIS oS Cunl 53 4 o3V ates 13,55 (5 6S Bes I Ll
G50k BB Y olawi a4 i 4 (V0) 500 9 WA) leased
g Y VY OVA-C3;, alis 4o 0 b a¥ S olaws g 8,ls o Lal Ll
Aol oo Y VYV (D, o

Layer weight

X
identity

F(x)

Layer weight

F(x) + X

Residual ool s aigos :(F -Y) Jsis

Gy glaasl -F-Y

a5 alys oS5 VN0, aSs L PSO gz o8l o595 0l 5o
Sl LSl il a0 ) S e oSS Ghe) o
ools odsi eSSl oolinal b dolay sols Ve lal S
adsi PSO i ,ofUl b 500 ooy Ve (e s ologl 80l
Sl b s 1S5 Sl a5 (6,8t Slaghiis By Ll wys S
b odl ol Veoa )85 slaws Jb cnl g Vor j00,0 Lo e
slosls degorme oo nl 4 Fan i ange Gl 4 Lagjl o5l
ageze Sl JSzsS il 4 &5 wb oy pgal VVeo Jld
Sl Coxdg g 09 059 ol slajls )3 esliiul 3550 slaosls
g At ol 50 Al


http://jiaeee.com/article-1-1788-en.html

[ Downloaded from jiaeee.com on 2026-10-10 ]

One of the results of ResNet-101

0
e Predicted
\ === = = (Original
-2
)
S
= -4
2
S
4
S -6
o
=
L
3 -8
=
5}
~
-10
12
2 3 4 5 6 7) 8

Frequency(GHz)

b (e ylaiel 0010 el gl) ool 0010 duny Lo azess :(A -T) S
(pgd pBNN-Cd3) &Sl (o

ST L ply PSO on)s8l 5o )85 slass 059 pgs plS 5
L LSS olass cpl o ool cdl aigy Olgz duslie a5 il oulas
Sl 00y 00l QLM..: e —Y) JK») )é ’_,.,.5 )) wj) ‘5>5).> L e
@ S (oS 5 gy e g sael 5 Ve ) Kb w4z b

sl 3550000 Sl PSO 34,65

Comparative Analysis of Outputs from PSO and PSORES-101 Algorithms
0

I I I
=== = = The best answer of the PSO
- s The best answer of the PSORES-101
-5
2-10 \
g \ P il
e -15 '7‘ ‘\
] LS
B \ V" o "GN
o 4
£ 20 s N ' \"’r’
s \ .
2 \
O 95 1
= \
v
7
30 \‘,
-35
2 3 4 5 6 7 8

Frequency(GHz)

55 gy byl g Slgr (8L 9 e Az (A Y UK

Sed oo DLV Y)Y s @ azgi b gadge ol a5 il s
degore & LS pae p ogdle (g, (nl &S 03,5 o DU (e
CST slafidle s 12 PSO w5l sl 4 s sy slaools
300,08 55 oYL CBs g 0SS e Joo S s wdie o Studio
09y 3 PSO o, lawgs oo <l gl e ¥V V) S
Slal) age slaal 5l gz wlo ooby Slagy mo e cpl 4 (S5
L3l Gl gom p8 5o ool ool solaiul (pgo o Jgl 4Y 5
Hg P joine ¥ oy alies joite sla by olaws (o9 ol gl )l8
(Sze9)ebe o wlo Job i 4 o5 el adly (3 My
it 090 4 5 5| gl @Y 5 elas)|

VY- lools dcgame slacl slasy aline iy (Souzey ode o
For s PSO o5l abgiy o] 5 ¥+ o 23 il gae
iy, a5 ) lont g ol aiy,sXI hgs o] K00 gaae
Yo g Ubgeel sly gl 0ol Yoo g ot oolital laosls (g5, 5 Vo)
o j0 au8 )8 )18 oolanul o9 a4l ot liel gl 21 ools
sloools (59; 3 (2Bly polie b 4l by sty dnalie A -Y)
amas osls SuSly @ azg Lol oals &l o Lol
Dt 4 Y ) US55 T Jpid B i, 45 51 Juolo
P o 1)) b8 al> e ;0 PSO o o8l bawsgs ooy 2l uly
odalice o255 Ny 9 (Wloog age 990 @iz g ol LS
5| ol gt 055 o ssalive & Y ) S 51 45 sSikas 1355 oo
S5 5 5 05 e 1, S ol VA L el i, 59
Sl Lyl Gda lade oS5 e, )0 oS Sl (nl o W jls S
Jols s 4 455 b PSO (2,651 15 Sl Mk 4y Copnd
Jleo ;0 (PSORES-101) oS5 (g, a5 ol oLl pgo a5
Sy odle g a0 LS 095 Sl (293 0 Sdes 5 sy
WS o ras 35y 095 suel IS YL

Estin(l)ation of S11 by combined PSO algorithm and trained ResNet-101 network

I
=== = = Original
e [ stimated
-5

£ \ P ki

Reflection Coefficient(dB)
I’;)
3
v 4

2 3 4 o3 6 7 8
Frequency(GHz)

55 gy by dl Gl 8L g (e azei (Y -Y) S

35


http://jiaeee.com/article-1-1788-en.html

[ Downloaded from jiaeee.com on 2026-10-10 ]

L5|ﬁ as u"bS) UJ‘ e owow)yi (o0l M.,,S 9
auily eaidy (uwl ouls oolainl oslsacgeze ol

sz 4y ;08 OIS ploosl sluaigs o )6l a5 olas
sosls Ko Jle a4y 5 wiS g )y 009 ol o
S Fole Casbyn iy A iy ol
sl @ le b o T e a8 sk ) eas
A gl S p o gley 1y ol g 00,8 adlal PSO
Iy (Jbel®) wls (e aiuslys PSORES-101 .S 5
Ol 5 ogdle Wlgi oo (5yls8 cnl (A Y ) US) Wl
g odls 1als g BB S5 4 1 s3ludoe ploj 2ds
MBS (o> |y ate (el pldl cnl LS

Gilwaigs slp cels caza PSO o )61 5l oolazal b
Ao L gl Gul oS b (g 00l (b JlLe
2 0l S (orex g (patd Cusdse (nye B
0392 0dd S (Kolaod (i Slucl s g Aslas
PSO-ResNet-101 .S 5 s, ;045 5,50 ;0 Cul
S5 oy yials adBo V0 4 oloy iSTas

&y

[1] T. N. Bitzer, Honeycomb Technology: Materials,
Design, Manufacturing, Applications and Testing.

Springer Netherlands, 1997.

[2] B. A. Munk, Frequency Selective Surfaces: Theory and

Design. Wiley, 2005.

[3] J. Romeu and Y. Rahmat-Samii, "Fractal FSS: a novel

dual-band  frequency  selective  surface,"

IEEE

Transactions on Antennas and Propagation, vol. 48, no. 7,

pp. 1097-1105, 2000.

[4] V. Chaudhary and R. Panwar, "Neural Network
Topology-Based Terahertz Absorber Using Fractal
Frequency Selective Surface ",JEEE Sensors Journal, vol.

21, no. 21, pp. 24028-24037, 2021.

[5] P. H. d. F. Silva, R. M. S. Cruz, and A. G. D. Assuncao,
"Blending PSO and ANN for Optimal Design of FSS
Filters With Koch Island Patch Elements,” IEEE
Transactions on Magnetics, vol. 46 ,no. 8, pp. 3010-3013,

2010.

[6] N. Calik, M. A. Belen, P. Mahouti, and S. Koziel,
"Accurate Modeling of Frequency Selective Surfaces

Using  Fully-Connected  Regression  Model

With

Automated Architecture Determination and Parameter
Selection Based on Bayesian Optimization," |EEE

Access, vol. 9, pp. 38396-38410, 2021.

[7]1 D. Z. Zhu, P. L. Werner, and D. H. Werner, "Design and
Optimization of 3-D Frequency-Selective Surfaces Based
on a Multiobjective Lazy Ant Colony Optimization
Algorithm,” IEEE Transactions on Antennas and

Propagation, vol. 65, no. 12, pp. 7137-7149, 2017.

[8] R. Panwar, S. Puthucheri, V. Agarwala, and D. Singh,
"Fractal Frequency-Selective Surface Embedded Thin

Broadband Microwave Absorber Coatings

Using

Heterogeneous Composites,” IEEE Transactions on
Microwave Theory and Techniques, vol. 63, no. 8, pp.

2438-2448, 2015.

36

Comparative Analysis of Outputs from PSO and PSORES-101 Algorithms
0

[~ I I I I

-
\s s The best answer of the PSORES-101
N\ === = = The best answer of the PSO (Max Iteration =130)
» T

-10

-20

Reflection Cocfficient(dB)
T

Frequency(GHz)
55801 fanngi o0 Bl antr (52955 dmmlio 101+ -Y) JSi
=5 ¥ by 9 PSO

g -V
oS Sl s ileainge 5 (Shb Saal G )
5 (PSO) ly3 plosjl (giluarnts w98 oS 5 Bojb 51 JLS1)3
oo oo &l 0jem (nl o 1) (ugh (69, %us, iz (sras slaaSd
Ol SLigeod (i 5 (5 55 Gy 0l 0, Kkos o3 o550 sl o5 5o
P90 Pl y0 12,5 18 aslie 9,50 PSO 02,650l digy (29,5 L
alice o el Slawi oS 5 sy 02l eSSl sl 055,
55 e B A o Sy o I ol 5 Bl il
Gl S Loy (sl IS 0 ) s Gle L ane ol
(e S g gl sl Gljee 6554 L syls
Sy b (W2 Rl pohiv Ganwg oo ;0 Fhe (S

955l 0 wal aige
a3l Ol Gres 65050k 5 siludinte slaghy) <S5
GV 2l (i slahs, b analie )0 5505, (nl

S8 FSS ooz Jlaw J> 5o

Slapi,osdl 5 oy (ras glaaSid Gl eslanal ®
b Gl w5l )8al, (lojen b a4 (g5luage
a3 o &)l age Sla Sy b 8 Sl zsla

0998 DS ploojl jludigy o)l bl 51 (S0
slo el 4 oad conS (Solaos Conbye (i il
Gl dolre jo 00l S P GO0 CuxBas (i
bl ol 1 ¥Isl e asngy sl 550 a0 il
L asbe ook o o owiSied oSl
Ay SOy Qi g alaldS Sl gilwaige oloy p Cobay
aSed Geios (nl o b wiS o0 5 pobe) 5 Sedem
gty a5 dolas claools 5l eolizl L Ve)-cs,
LS e wloaal sgmg 4 Bolad eols adg on,5l
@ ol pleojl sluaigs v ,o! lawgs a5 aigy slaosls
et Caxdge Gy O)le 90 bl ) Wloasl 352


http://jiaeee.com/article-1-1788-en.html

[ Downloaded from jiaeee.com on 2026-10-10 ]

[9] S. Ji, L. Du, and J. Zhao, "Arbitrary polygon shape
optimization applied to multiband frequency selective
surface inverse design,"” AEU - International Journal of
Electronics and Communications, vol. 159, p. 154476,
2023/02/01/ 2023.

[10] J. Kennedy and R. Eberhart, "Particle swarm
optimization," in Proceedings of ICNN'95 - International
Conference on Neural Networks, 1995, vol. 4, pp. 1942-
1948 vol 4.

[11] Z. Ghavami, M Mollaie Emamzadeh, and M.

Maghfoori Farsangi, "An intelligent Gradient Method
using Particle Swarm Optimization,” Journal of Iranian
Association of Electrical and Electronics Engineers, vol.
22,no0. 2, p. 111, 2025.

[12] K. He, X. Zhang, S. Ren, and J. Sun, "Deep Residual
Learning for Image Recognition,” in 2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), 2016, pp. 770-778.

[13] V. Lange, M. Schmitt, and R. Wanka, "Towards a
Better Understanding of the Local Attractor in Particle
Swarm Optimization: Speed and Solution Quality,” in
Adaptive and Intelligent Systems, Cham, 2014, pp. 90-
99: Springer International Publishing.

OW.P )
1 Fully Connected Regression Model
{0. ifIS_11 (f)]|gs < —10 Vf € [2,8]GHz
2 Cost = ,
1, otherwise

37


http://jiaeee.com/article-1-1788-en.html
http://www.tcpdf.org

