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Convolutional-Neural-Network-Based EBG Structural Design
for High-Speed PCB Noise Suppression

ARCICRER-

Seongbo Sim - Myunghoi Kim

2 o

71€o] WEA Aty g A|A"He] & Fu4E 4 GHz HY7HA] 71 ©]2 9138+ Simultaneous Switching
Noise A7} S7H 3, ©]& £°]7] 913 Electromagnetic Band Gap(EBG) 727} %o] d+H . EBG +X AAA F23
#4 F stube ol2E AEHE Stopband Y& dFate Zlolth 71 33 A AlEH M ZEIH S o] &t
WS} Floquet ©]& 7WHe] 418 o] &3el= Wio] o dAdFel &Adt. £ =% A= Convolutional Neural
Network(CNN)= ©]-&3}o] EBG +%9] Stopband TS o &3l= M2 WHS Aoket), 3 7]H CNN %, GoogLeNet,
ResNet, DenseNet¥} 7+ CNN Architecture =9 -& %3@4 oJ® CNN FZ7} Stopband T o Zol] £ A5E Hol=x] &4
stk 9007 9] EBG 7% Edol thaf A s<5A171 & CNN +% 9 mean absolute errorS B3+ 23}, DenseNeto] 713 $-=3t
Aes BYE st

Abstract

With rapid advances in technology, the operating frequencies of digital systems have increased to several GHz bands. This has led
to an increase in simultaneous switching noise(SSN). To reduce SSN, electromagnetic bandgap(EBG) structures have been intensively
studied. One of the critical steps in the design of an EBG structure is to predict the stopband that reduces SSN. Existing methods
include using a 3D electromagnetic field simulation program or equations based on the Floquet theory. However, these have limitations.
In this study, we verified a new method for predicting the stopband using a convolutional neural network(CNN). Specifically, a CNN
architectural model was used to compare structures that perform well in predicting the stopband. It was also used to confirm that the
DenseNet showed high performance.
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. Artificial neural network structure.
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Fig. 8. EBG patch structure mainly used for training.
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Table 1. Hyper parameters in layer by CNN model.
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64, 128, 32, 32 16, 33
13x13 [ 96, 16 ] [12873><3}><4 [4,3x3}xm
Convolution, 256, 7x7+1(S) 128, 33
[128’ 1% 64] Convolution, 136, 1x1+1(S)
Max pooling, 3x3+2(S)
[192, 208, 48, 64} Avg pooling, 2x2+2(S)
Max pooling, 3x3+2(S) 96, 16
[160, 224, 64, 64]
112, 24
/ 16,3% 3
256, 3 X3 [ ’ } x 24
7T 128, 256. 64.64) [2567 3 3} <6 4 3%3
128, 24
. 112, 288, 64, 64
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Convolution, 232, 1x1+1(S)
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H 2. CNN 29 MAE 2t¢] i, 2584, 24, A
Table 2. Mean, standard deviation, minimum, maximum of MAE by CNN model.
Training set Test set
Avg Std Min Max Avg Std Min Max
Basic CNN structure 0.1574 0.0494 0.0738 0.3219 0.3342 0.0836 0.1508 0.5897
GoogLeNet 0.0823 0.0367 0.0412 0.2313 0.4168 0.0737 0.2610 0.6556
ResNet 0.2590 0.1487 0.0499 0.9518 0.3582 0.1374 0.1501 0.8076
DenseNet 0.0747 0.0270 0.0379 0.1798 0.1858 0.0323 0.1534 0.2962
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