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Deep Learning Architecture and Neural Network Optimization of
Ultra-Wideband Antenna Modeling
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Abstract To speed up the optimization of antenna modeling, this paper proposes a novel deep multi-layer perceptron
(DMLP) network based on deep learning network architecture for optimizing ultra-wideband antenna. The DMLP network
uses a step-down, connected-layer deep network, and the Adam optimizer automatically updates the learning rate.
Dropout technology is used to remove random neurons in the hidden layer, preventing overfitting due to the deep network
layers. This paper uses the DMLP network to model the geometric parameters of the ultra-wideband stepped microstrip
monopole antenna, extracts features from the eight geometric parameters of the antenna, and predicts the S11 value of the
antenna. The experimental results show that compared with traditional multilayer perceptron and radial-basis-function
neural networks, the average prediction error of S11 is reduced by 118.32% and 123.76%, respectively, and it has a
higher prediction accuracy. In addition, the fitting speed is improved. The feasibility of this network is verified through
experiments.
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Fig. 1 Structure block diagram of multi-layer perceptron and hidden neurons
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Fig. 5 HFSS simulation result of S11 characteristic curve of

ultra-wideband stepped microstrip monopole antenna
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Table 1  Specific geometric parameters of antenna unit: mm

B 7 R Y P ROV SR A

Parameter Value | Parameter Value | Parameter Value BUR A — b /A X 35k
L 22 w 13 H 0.8 - min(x)
W, 1.5 W, 1.3 W, 1 T, = : . (13)
L s L . L ) max () — min(x)
L, 12 L. 1216 W, 3.5 WRNKXFERA
Le 8.7 L, 3.6 w, 1.295 r=x[max(z)—min(x) |+ min(x). (14)
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Table 2 Sampling point variables

Geometric Minimum Maximum Sampling |[Number of
parameter value value step size | samples
W, /mm 1.4 1.6 0.1 3
W, /mm 1.20 1. 30 0.05 3
W, /mm 0.9 1.0 0.1 2
L, /mm 3.6 3.7 0.1 2
W, /mm 1.270 1.295 0.025 2
L /mm 8.6 8.7 0.1 2
W /mm 3.4 3.5 0.1 2
L /mm 4.108 4.216 0.108 2
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Fig. 6 Flow chart of DMLP neural network

1323001-5



$£59%5 F13H/2022 F7 A/HAESBFFHE

4 R PrE R AR

LI HFSS #4458 7 B 6 T2 Sy Bl R 2k
B B ORI S11 280K B, 4 A< SC DMLP W 2% 45
) T 00 25 SR 5 0% 5 MLP M 4% | RBF W) £ fir 39 30 2% 51
PEAT EE 3 a0 M, LABR IE A SC DMLP /9 4% i 418 B b . 52
K 7F Pytorchl. 8 R A cudall. 0 - 52 8 = B [ 45 7 45
) A g B LI 25

A b SC 0 B F HESS A= i 127296 S FEAR
ZJa A 21147 ST AR N 147, JUT S50 K
B 221 AT A 14T, 8 8 AN LT S 8UME I A, 221 4>
S11EHi 18 Ayt i, He SOk 8 AN JL Al 2 Ko 1 1 — 2%
KT S11 A eR %k h 26, 1 15 B4 Ak 348 B 576 17, Horp
802 1E I 25 4E , 202 4F ik 48 . DMLP [ £% 4t
B MLP W %% 28 85 1 RBF W 4% 2 #8501 AH [7 09 %%
EiTE

A S HE A7 = AT MLP . RBF ¥ 44T 20000 %6 ¥k 2%
£, B 7 AT A Y, DMLP R 2% (451 2% i £8 72 1T 100 %8
W AR IS E 1X10 27k, F I 8.3 s, #F
20000 FE R LR ZJF BB IX10 "L WE#E T
i, HEE 27 min 53. 3 s &4 MLP W 4% (1) 4651 2k il 2k
TETIT 3000 %6 W Hh 22 3 F B , 78 6000 $& IR 2 47 B 21 IK
#1.6X10 "Z AN TR, B 3mind2. 4 s, BHR
WHIR 258 3.7 s RBF M 4% i 458 2k il £k 78 500 $8 1
B R B 2] 110 247 IR, 15 2] 15000 %8 1K 2 8] 2% T
R, BRI 1.8 X 10 °, B A B K T 3.9 s, RBF ¥
25 H HE MILP 2% 31 A 00 PR g e S50 B8, (H RS B S T
ANKo HIERT L, DMLP W45 A A I S8 B 2 L A% 40
MLP [ 2% DL & RBF W £ Ui S50 B B, i EL e S50KS i
WA T — R

1.0
0.0030
) 0.0025} ~ _
0BF  go0020f Tee=-o
30.0015
0.6 0.0010
Soaf 0
: ‘ 40 60 80 100120140160 180200
. Number of iteration /10?
02F ‘ — - — MLP optimization process
\. —— DMLP optimization process
\ — — RBF optimization process
ok .
1 1 1 1 1 1 1 1 1

0 20 40 60 80 100 120 140 160 180 200
Number of iteration /10?

7 DMLP % RBF [ % LA & MLP 94 {f f i 2
Fig. 7 Optimization process of DMLP network, RBF
network, and MLP network

i FH R 2k JE A B s 47 w0, Al DMLP . MLP
FIRBF SR H A K 2k 2800 0 19 S11 #1252 b
WAL E SFras . Al LS4, DMLP M 2% fr 45 1

i —6— HFSS simulation value
35 —+— DMLP predicted value
—&— MLP predicted value
—*— RBFpredicted value

1 1
0 2 4 6 8 10 12 14 16 18 20 22 2
Frequency /GHz

P8 7R JEUECHE rh =D 19 2 1 Tt i 2k S H HEF SS 47 B iih ¢
AT
Fig. 8 Prediction curves of three kinds of networks and their

HFSS simulation curves fitting in original data

19 S11 fh 2 % HESS 15 £ S11 i1 28 1% 804 F BE i i
S5 T MLP M4 RBF M4 i iy S11 k. AT
TRIUE R 2 B9z AL e ) FE iR v, A SOk T — S8 AR TE
Y24 b B 4 (6 P — R EEAT 300k . 45 R AN &1 9 B,
Al LA DMLP M4 %) H MLP M4 RBF W £ [] #
LA, JEB] T DMLP W25 PR GEDL T MLP [’ 2% |
RBF (% .

! —o— HFSS simulation value

-35F a —+— DMLP predicted value
I —4— MLP predicted value

—— RBF predicted value

0 2 4 6 8 10 12 14 16 18 20 22 24
Frequency /GHz

PO 70 4o B KR v = X 26 1 00 ity £ K HFSS 47 EL it £k
A1 B
Fig. 9 Prediction curves of three kinds of networks and their

HFSS simulation curves fitting in interpolation data
26 3 0 Rl R 2 1 LA i B, L R
Y 25 Ko BT 11, DMILP [ 2% 52 MILP ¥ 2% \RBF ¥ 2%
F 3 AP RE LR

Table 3 Performance comparison of three networks

Neural Maximum

MAE RMSE MRE

network model relative error

DMLP 0.2860  0.3948  1.6701 1.877
MLP 1.4692  2.8208  7.0359 13. 300
RBF 1.5236  2.9171  7.3067 13.780
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