Modeling and Simulation ZE#£ 515K, 2024, 13(4), 4249-4257 Hans i
Published Online July 2024 in Hans. https://www.hanspub.org/journal/mos

https://doi.org/10.12677/mos.2024.134385

ETERWE
MERATE

FRMERY, Ak’

LR T REOR A R S AN TR, L
2 B TR TR I SR, i

4% MR AV SR R IR

«
b

Weks H . 20244F6 H11H; FHER: 20244F7H4H; KAAHM: 2024477 12H

R

SRR R P RO ) 22 TR SR HEREAT BB B — T RSB T K B RBITARE, HIE ZHIRN
FMH . EAEPREESS, RGBSR AR AL BOE R A B A, RIS EEEEAAN
FRWRE R BT R B SREESRTT EIR S BR, WA S RERANL, R, StEnE UK
SRNETARFEEEEH, R EREEHENGERRESERBATTR. R, N7 RREBRE
RE, IHAERBCEERBER, XHERT EERERGNEGLEETHANMA, FHit, RERRY
A5 BB ERRB IR0 T, AT —MEAESEREN N EERMEMLE (CNN) AT
THE R BE BB EPRIEIRB], 7T DR — 2R ) U BB S B 8 R T (W0 = BRI ) 3R
BN ES RRBBEG RS RS, B T FiRH RE R M 4T RS E A AN T2
WEL/208EH T, LIRS HRYEBSE 1R AMERE . SR CGIME RSB REEL A
0.05, XAKERE T HHERBRGT I BIRBEE . XMETRESERNERMENSET ) ZNATS
SHRMBETRRG R HRETRUOBERRE, B RBRMLESREE.

K
HEARG, BRHEMLE, WG

Simulation of Computational Ghost Image
Object Recognition Accelerated by
Convolutional Neural Networks

Yaodong Chen??, Yilin Hua?

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

SCEGIF: BRRAR, AR, BT B R I BT SR AR AR D). RS, 2024, 13(4): 4249-4257.
DOI: 10.12677/mos.2024.134385


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.134385
https://doi.org/10.12677/mos.2024.134385
https://www.hanspub.org/

MREEZS, fEaHk

Received: Jun. llth, 2024; accepted: Jul. 4"’, 2024; published: Jul. 12th, 2024

Abstract

Ghost imaging is a new paradigm of imaging that harness the spatial correlation of the two sepa-
rated light fields for reconstruction of an unknown image. It has the advantages of flexible imaging
strategies and easily accessible imaging equipment. As an important branch, computational ghost
imaging (CGI) directly uses time-varying speckles to illuminate anobject, utilizing the correlation
between multiple speckle patterns and the total photon counts after passing through the object to
calculate the restored the image. It can be combined with a single pixel camera to play an impor-
tant role in various areas such as remote sensing, optical encryption, and edge detection, mean-
while providing the possibility to simulate the ghost imaging process through computer calcula-
tion. However, in order to achieve a high image contrast, it is necessary to switch a large number
of speckle patterns, which hinders its application in fast imaging and image processing. Therefore,
quickly obtaining object information has become the core of computational ghost imaging. There-
fore, quickly obtaining object information has become the core of computing ghost imaging. Here,
we designed a four-layer convolutional neural network (CNN) with fully connected layers for fast
recognition of ghost imaging images, which can be effective in the scenarios (medical image diag-
nosis for instance) that recognition of objects is more important than imaging. Through the analy-
sis of numerical simulation results of differential ghost imaging under different speckle numbers,
we proved that the proposed convolutional neural network can achieve near-unity recognition
accuracy of the low-resolution objects restored with a 1/20th of the number of speckles relative to
the complete measurement. This leads to an equivalent sampling ratio of approximately 0.05 for
the CGI object recognition, which greatly improves the speed of information acquisition in compu-
ting ghost imaging. This recognition method prior to the imaging process can be widely used in
classical and quantum ghost imaging as well as other computation imaging schemes like sin-
gle-pixel imaging, scattering imaging and lensless imaging.
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Figure 1. The schematic of the CNN
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Figure 2. Schematic diagram of CNN structure
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Table 1. Model parameters for neural network training
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Epoch 100
input_size 256
batch_size 50
loss function CrossEntropyLoss()
optimizer Adam()
learning rate 0.01
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Figure 3. Imaging results with different numbers of speckle patterns
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