Modeling and Simulation E#515H, 2024, 13(3), 3842-3850 Hans X
Published Online May 2024 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.133350

4
d
w

ETRFHEMERIEN S F

EEFY, Rk

LM TR TR AR SR, i
2 B HE TR N TR BeAoR e T3 0 e S B ST RN LR B, bl

Weks . 20244F4 250 A BER: 2024454230 KA HI: 20244F5H31H

=

18 A BIRTHENM S REkRZ —. HEl, 38X o8 FEEETEHRME ML (Convolutional
neural network, CNN) & FiR B HESRLH. R, R TEEREHEKRSLEN, BEEREFEY
HEERERARN, TR AFENPHENEmEER ), FIEFHENEEFENESHRE, BT
ITTZEe&88E T /RN ARKEIR, #— PRAERTE/IETEAE. F2CRH T —FETREME
& (Optical neural network, ONN) ) ERIE X FI75k. JREEARRAEEIHEARERER. S5
WE IR, PITIMMEF SRS, ERMENE S, MR OGERTITIHE, FANTRIKMEEE
HFE, ARMBRATHEMEHHEIENERERERERNE, b, BTAE RN, IR
WH R DA EI NS, XS5 TH%ETHE, NmEa T BV EERBIEREOES. BRIk
TSR Z R 45 7EPortrait 2000 83E4E AT IS AMR, F:7EPerson Correlation Coefficient (PCC)
fabriE2)0.8, AF RIFHIE NS EIRIRR.

KiEin
HEMEMG, 8, HEEAR

Semantic Segmentation Based on Optical
Neural Networkn

Zeyu Gel2,Yuchao Zhang!2*

'Institute of Photonic Chips, University of Shanghai for Science and Technology, Shanghai
’Center of Artificial Intelligence Nanophotonics, School of Optical-Electrical and Computer Engineering,
University of Shanghai for Science and Technology, Shanghai

Received: Apr. 25", 2024; accepted: May. 23", 2024; published: May. 31%, 2024

AR

WEFIH: BET, KWE. TS HE ], #5153, 2024, 13(3): 3842-3850.
DOI: 10.12677/mo0s.2024.133350


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.133350
https://doi.org/10.12677/mos.2024.133350
https://www.hanspub.org/

BT, kB

W
4

Abstract

Semantic segmentation is one of the key challenges in the field of computer vision. At present,
various deep learning algorithms based on convolutional neural network (CNN) are employed in
this task. However, owing to the serial nature of von Neumann architectures, the electronic hard-
ware platforms now confront significant challenges of computing speed, data throughput, and
energy consumption, and the performance growth has become unsustainable due to the manufac-
turing process of electronic transistors approaches its physical limit. In this paper, an image se-
mantic segmentation method based on optical neural network (ONN) is proposed. ONN has the
characteristics of fast computing speed, low computing latency, and strong information carrying
capacity. For the optical neural networks, matrix multiplication can be parallelly calculated at the
speed of light with more energy-efficient, which effectively solves the complex matrix multiplica-
tion problem in artificial neural networks. Furthermore, as a computing in memory architecture,
the modulation layers of ONN not only store the learned parameters but also participate in the
optical calculation. The network is trained and tested on the Portrait 2000 dataset and achieved
0.8 in the Person Correlation Coefficient (PCC) index, showing good segmentation effect.

Keywords

Optical Neural Network, Semantic Segmentation, Optical Technology

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

B, N TAHEE M 45 (Artificial neural networks, ANN) IR FEAE 5 FlbL A% 2% 1 N H R BUS 174 N HE H (1)
FRIN[L], MnEEFEURIZWI2]. A E[3]. HLas N[A1R A i gh(5]. 4R, BEE N T8 GESE LR
R, R FEEREEIGE T HENUA R, INT T2, ThFe. BT pRE], H5iH 5K
O IR BE SR T AR A5 B R R S, B IR 5 A8 1) TRl 198 45 B B Pk

NT TR TP A B, 5IAJE A2 N 4% (ONN) K HEAT 3 T8 71 A2 fL 7 I 2 A5
135 TOLRI AR, ONN B AT M2 4L 15 ae 7y, [FIR BA KERE &k S AR )
REFEPEOE, E AN A4 H T 25 ONN B2, fil e T Sk - S /RIS TR E M2 [6],
BT IR ARG LR [7], LA SATHHR BE w2 M 44 [8] (Diffraction Deep Neural Network, D*NN).
Forb D®NN FIR T AT A TR B EAT P2 00 2 1A A LB S50, AT DUSE KB ) AT A s, 7531 T
I RS . DPNN FIATS I 2 2B 2k, — BMINZRoe s, 8 a] DLLUDE SR 45 3.
ST, H AT D°NN 5 2 138 & N T B 5 81015, 3T B s i ST S R B a2 1
WEFT, fEME, FRATHEET DPNN HVEZEM S T AT L BTSN -

i X5 #](Image Segmentation) & —FME R BN 73 KAE55, €0 AR B s i —ME R I
BN RN, SRR AR BN S B R A R AMER R ORI — FRIR BE S ST S, B A RAIR AR R AT X 4y
KRG RES. BB HTEEY ., BN TIANEZ MY E. BEI0E 807
A BMEEE9]. T BT EIAREE[10]. XIEP FE[11]. k-means ¥25[12]. 73 /KI&A[13]%, X e85 %)
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Figure 1. Propagation process of optical neural network
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YR 1 SCIIHT AR o SR R AR T 3R VE R R RATHAR > A AT TH B, @B k-1
BRI k BTN . CER k-1 EMERES AU (X Vi) FEF k BRIEIRIES AN
U, (%Y ) s TS K EAERRE] k -1 AT 5 A s (1) 7 -

j2r/A 2 2
U, (Xk' yk)= expgidf/ )'LIUk (Xk—l’ yk1)exp{j—j;i [(Xk _Xk—l) +(Yk - yk—l) J}kaldykl (1)
3 exp(j27z/i) .2z 3 2 3 2
W, —TEXP{JT%[()& Xk—l) +(yk yk—l) J} (2

W 4t AU, U, R, W, RIS CHTRT AR IERE R, 5 k-1 2222 55
k EHE Mt p% ZAR: U, = MWU, . B3RP M RZREE K JZ 40150 00 I (10 HR 7 i ) 18 il A
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(Negative Pearson Correlation Coefficient, NPCC) s 3/E N1k i, & IFEIER WA (5):
1Y 0(i,§)-6)(T (i, 1) -T)

L =NPCC = L (5)
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IRA . SR VU JEATIZ BT OGS Rh A 28 BT AL FE R K RO B I, DRI AN (| i Sk
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i [E) o 1A il 5% (Spatial Light Modulator, SLM)>RSEHE, &2 5 = AECH 256 x 256, HAZZE 1N 8 um x
8 um, ATHZZIAIHIEEES A D, FAMRIEAEAL Gi s R HERTS A BB [18] R 2 A T A 2((10):

D>JN d, - f4d? /27 -1 (10)

Hrp N A RSE, dy 8 SLM BT RSE, 2 K, AR D BUE N 6.5 em, Dyt E 4
JEEERE, DR RN I R R BB | = 32.5em, e B — IRATAE I A t=1/e = 1.1 ns.
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Figure 2. Portrait dataset
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Figure 3. Training results of semantic segmentation of portrait dataset
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Figure 4. Display of the semantic segmentation effect of portrait dataset
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Figure 5. Comparison of network performance at different layers
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Figure 6. A comparison of the effects of different filling sizes on network performance
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Figure 7. Comparison of network performance with different sample sizes
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