Modeling and Simulation B 545K, 2024, 13(3), 3851-3860 Hans i
Published Online May 2024 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.133351

—MEFIELMSRRFERHE

TR, R OB, F A
EEE TR S B L T, i

p:
3

ks HiH: 20244F4H26H; FHAHEM: 202445 H23H; kA HM: 20244F5431H

=

B L WA TE AL H 5 T B IR AL Sy . Bl B — U 048 B S R B AR A 28 X 48 S S B B A R
BERARDFENERLEE RS . BRI TIERE T —HEBIIMEERELE MR ER LML, %
YHERBAENEIERE, WEB TIRENZEBTMEME, %ML MNISTAIFashion-MNISTE#EEE K
RAERR S B Bl s R BEER K. Bk B 5B A0 ERg R ratt, RIE
B2 E— EERA RGNS RIREAREIT 2%, B4 RRAT T RITEEEER M M %X BB
BRI R REFDEE ST M ERE TIITHR.

XA
HEERMEME, BIERE, D - BERTHX

Optical Convolutional Neural Network for
Image Recognition without Nonlinear
Structures

Ben Jiang, Wei Zhang, Tao Xu
School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai

Received: Apr. 26", 2024; accepted: May. 23", 2024; published: May. 31%, 2024

Abstract

Convolutional neural networks (CNNs) have unique advantages in visual processing. Some recent
studies have used optical CNNs to realize faster and low-power image processing systems. This
study proposes an optical CNN without the need for additional nonlinear structures, using the ab-
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solute value function as the activation function. A specific three-layer CNN developed in this study
provided recognition accuracies for the MNIST and Fashion-MNIST datasets similar to those of the
commonly used activation functions currently in use. By comparing the results of the software si-
mulation with the hardware simulation, it is found that the error of its results after the first layer
of convolution and nonlinearity was not more than 2%, and the output results verify the effec-
tiveness of our optical CNN for image processing. This provides a viable solution for realizing effi-
cient and programmable optical CNNs.
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1. 518

BEEHL B A SRR KRR, BAMZ M 4 (Convolutional Neural Network, CNN) .4 RN H &) 72
IS ST BEOR 2 — o JEHAERL 0 S FH 40020, CNINHAT URE (R RFAE B BRI R il 6 77, ZEXT MR T Aar U,
Gy AN BN R I R PR AR B[] SR Bl 5 X 28 PR RASE 15 2 2% BE (R 389, 28 I R IR Rt B 2
B, gt B RaER Mt mE RN 2 5 FHRE R SR, XA A0 B % 20 5 B AR 3
POGEERR R 45 B [2]. ST A MR s &t FH AR S N TR AR E IS, g m s
FERIRTIFER I 28 S50, R ARG oh 2 2 IR, AEEAT MG AR AT B bRl 7 T BA U= 1
AT 5

2018 4F, Bagherian % A$&H T Bt CNN [3], RIS 43 5 F 77 QS8BT —Fh ok T AR B3R 1R 1
MBI, 2021 4, Xu S ARG G B E T LI ER 4], H MZIs BEFIH RS 0L T
LS AT YL A R TRV (MAC) M, 25T 85 B (OIU) 58 Jl-5 B AUAR G (R R P R v/, RIS FPGA it
OIU BEAT 4 A1 . 53 AN B EE 241 HDG A A P 28 AE 78 e AN AT 2, (B SEIL RS )05 Tl e
WISRIE G T FAEAF R R B Pk 2 —[5] . IR F DG S AR MEAT RN RIS A& [6] [7] A SR I[85 4F
BIALRRE, AT A7 B R A W 2% rh ) SR 0TS ek 2. Williamson 55 AB&H T —Fl MZI A% e 25
fAEZEME O/E/O (Opto-Electro-Optical) 75 ¥ it, EM] T 28 ReLU BRI SR TA Fos m A by AR 2%
P $2[9] J. Feldmann %84 PCM (Phase-Change Material) # y64E 5% MRR (Micro-Ring Resonator) [ — 6
g5, BTN TR PCM @ ARAS = A AR MR F[10] o HIXSE 7724 B TAE R, A R 5
B A S 3 i HoR e 2% (Analog-to-Aigital Converter, ADC), {8 £ BERISATiE S .

FEARSCH, FAVEHEET MZI ] gt 9K 18 R R BT R M RIEIZ 5, EG AR 25 ik
FH 45 {8 R BV NG BRI A3 1O 22 B R 22 I 4 0 4 T i P BRI AR R Mg S gy, X B ik
IR, R AT R4 R0 507 HAR BB R G AR B ] UHER AT 6245
PR 22 [ 245 B 0 EUBR EAT A R0 )

2. ERHEMBNER
CNN & —FRIRFES I J7ik, S3AT AL, CNN FBEUb RO TALEE, 2 BAR P b PRHE A 2800
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EOJEE[11]. 4550 CNN SR IETHENL e, HEEAFER, Wik, JELEmeEsZz. 176
CNN 1, HFUZH) EZ/EH R FEIERARE, SBRZ N L& 2 BRI .

wiE 1 iR, BEEZW, FH CxNxN Mok, Hi C RARBRZINEEL, N RRERZIN &S
AR . B TR B —MUE RN — MR, NG RLEE SR ERTERERE, RILR
HRE, RIEES AL ERATRHIE LR, FRICRHESCE . BRI AN LR, £ GHERSN
AL B AL 2 BT RESR AL MR R E[12], H A e B AL 2 AT I AR 2R, Rt mT BUB I B Ky 2
(B FURARE AR A o BT R B0 1 B PT LATE B ARG ] DALZEIB AL S, EL A BCZE I B AR 48 S B 175 100 ik
B REAE—RINER. EFEGERMIRIES, @ EReh 2 W40 45 AT IR A2 CNN 5
N T2 2% (Artificial Neural Network, ANN)—#FF, @R I e 3 Sk i 22 2 2 A%, R BRE
T LR — E BUE[13].

WS R BRI AR o A G 4y, BT AR B T 8RB 1 s R 3 [14]. f£% 1
H, FRATTB T LR AN IR 2 380ty o 2507 A T3] £ T 28 A 28 ot R U I PR HE A 26

MNIST %45 F1 Fashion-MNIST £ 42 48 & EHG U Sek - i 22 BL 8 HR £, ok MINIST Sl 48 2
0~9 MK F 547 fr, 11 Fashion-MNIST Hd A£G NE 2, A& T 10 MEAIIEIE. e8Il
SRR IFEA SN AN —FE, 43 %124 60,000 A1 10,000, FEFKEIF 22— 28 * 28 1425, K&
FIH N 0~255.

Table 1. Image recognition accuracy with different activation functions

F* 1 FRIMERHHEGIRAERER

Accuracy (%) Sigmoid ReLU Leaky ReLU Absolute value
MNIST 97.02 97.6 97.73 97.58
Fashion-MNIST 84.72 87.25 86.92 86.24

3. XFERMWE ML HYSCI

e BRI L BRI RE, 241555 7 Bagherian B9 TAE, JUHRATT49H0k T e
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P 1R, T ERAIER, & e BT BUALSE, C IRy B F s B AR 0 P A 1
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iy R e B I SL AT, B RO L LR ) 0 7 S A S
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SR RHAT GRS A B T — SIS 5, AT (55 250 % J2 4 R T S B 245
S ATV A, B H s1 T DU RS A BB, Hrp R W, 6 1 {8 T
A o BRI KRR LF B, FIRTHRAE BRI h N M2 AR 2% E 4B R F R iR
SERIEN F—BEERIRN, G R IEE S S I T — B SR BT EE R A .

o TAE R Mx N BISEHFEW AT 75 RAEAMRW =USVT, B U R—A mxm (AFE, 3 2
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B A T LSS (n—1),/2 A HE R AT SR

1 40 Bagherian Xt R T HOHI AR, R T £ 40N CN2 <L HIFIAENE, I 685 4
HUE 2R . DA B 85 1 PR R 0 05 B U 0 705 Pt TR B 5 — AT
O P AT — AR 1O St TR AT SRR Bt 45 3B, R LA/ T O T85  HLeE
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Figure 1. Structure of optical convolutional neural network
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Figure 2. Network structure of CNN
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Figure 3. Curve of CNN image recognition accuracy versus its number of training epochs
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Figure 4. Output results of software simulation
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Figure 7. Output results of hardware simulation
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Figure 8. Error results
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