%50 K% 124 b Hg oL TR 2021 4% 12 A
Vol.50 No.12 Infrared and Laser Engineering Dec. 2021

RATFAFIHHBRGRERGHNERIRRENLE
BT T, BRARRT, ALE KR, KR, M4
(B XFRELEIEFR, % &3 330031)

B OE: BT RE AL T RS, i RIS A ARG T i R, 125 42 RAERT 1)
Fo B R) KOG, R TIRE S I 0 RS kA e TR, WKtk h B A0S R0y 2k B4R A
M F4EME, B ARIE P FF SN BTGB S EREREETROERTE S, ST 2 £
BREMBAG TR, B R AEEERITH SRR S HES B, TERG AT AR,
Atz P AR B T E &3 R AR M4 (Os_net), #2 2 K AF W % (Ns_net), B AR AE W %4 (Cs_net) 5 =#F
FIEABAR A E AR XA EEE WAL P, AR A K W A AR AT T, T R R AR
A Cs_net 89 KRR RIF. ¥ Cs net —MAWE LA TATHEERZTRIELZA, FRERE
B Cs_net FR3IRALAA 2L T4 H % TVAL3, B Cs_net £ & A% LRI ARRAF T BIF0IRR
FEEA: SRR, A, RTFHEHEAK; BATESAME; FAEFI

FESES: 0438 XEkFRERS: A DOI: 10.3788/IRLA20210724

Deblocking sampling network for photon counting

single-pixel imaging

Xiong Yining, Yan Qiurong’, Zhu Zhitai, Cai Yuanpeng, Yang Yaoming
(School of Information Engineering, Nanchang University, Nanchang 330031, China)

Abstract: Combining photon counting technology with single-pixel imaging can achieve highly sensitive and
low cost photon counting imaging, but there are problems of long sampling time and long reconstruction time.
The compressed sampling and reconstruction network, which is based on deep learning, uses the fully connected
layer without the offset and activation function as the measurement matrix, achieves faster and higher quality
image reconstruction by learning efficient measurement matrices from the data and avoids the huge amount of
calculation caused by traditional iterative algorithms. However, when the fully connected layer is used for block
compression sensing of high-resolution images, the reconstructed image will produce block artifact. In response to
this problem, overlapping block sampling network (Os_net), nested sampling network (Ns_net), and convolution
sampling network (Cs net) were proposed: to replace fully connected layer sampling. In the design of the
reconstructed network, the images were reconstructed by using a linear mapping network. The design experiment
shows that Cs_net has the best deblocking effect. After Cs_net binarization is applied to a photon counting single-
pixel imaging system, the experiment results show that Cs_net de-blocking effect is significantly better than the
traditional algorithm TVAL3, and Cs_net has also achieved good results on the reconstruction quality.
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Fig.1 Schematic diagram of photon counting single pixel imaging

system
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Fig.4 Process of sampling and initial reconstruction with Cs_net
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2% 2] B Fc_net, Ns_net fll Cs_net A It 7¢ & & i &=
23 5176 0.072 ~0.11 dB, 1.939 ~ 3.846 dBFi10.073 ~

20210724-5



ssb ok T A2

%124

www.irla.cn

% 50 %

0.466 dBIY 42 7t . X J& A o B Os_net 2D K i ¥ 0
31 LA3E I A EE S R R R, HERAE R SR T
FOAh BB, S BR SR BE XTI O 0,019, 0.05, 0.13 Al
0.25, XFCREER 92257 30T Os_net 7 5 4 i
ER T . R E 0.015 B, Ns_net /6 b
TVAL3 fi ™ A= 57 i a2 19 5 g ], (E 7 At R b
T Ns_net (YE BT TVAL3 IEEUR. 5

UEIRI, 7EFTA R BE 2R Ns_net (9 T £ 45 LY 55 T3
Al 22 190 245 55 05 ) TR A 2R, TR PRl Ns_met 1L T
b P s i R, T T R R 0 5 L S,
Bpe SR 9 R A AR TR ALY ZRAY L . Cs_net 5
Fe_net 16K R A PSNR SEAMI[F], 75 1o SR A 2 i
£0.2~0.4 dBRY 221, IX AT AEJE K Fe_net P 25 i A
TEUGRST SN, REXT /N PG T SRS o ) EE A

R 1 ARBFEFRDREXRTHERZLERILL (PSNR/AB)
Tab.1 Reconstruction results of different algorithms at different sampling rates (PSNR/dB)

Images Methods MR=0.015 MR=0.04 MR=0.1 MR=0.2
Tval3 13.177 13.236 14.745 13.622

Fc_net 15.269 15.612 15.784 15.858

Bird Os_net 15.311 15.629 15.784 15.859
Ns_net 14.624 15.097 15.402 15.565

Cs_net 15.274 15.599 15.780 15.841

Tval3 17.437 21.698 24.492 25.927

Fc_net 20.468 22.222 24.330 26.544

Cameraman Os_net 20.686 22.386 24.471 26.650
Ns_net 18.363 19.781 21.114 21.899

Cs_net 20.486 22.243 24.184 26.102

Tval3 17.675 17.556 17.591 17.610

Fc_net 20.010 20.229 20.495 20.607

Head Os_net 20.010 20.239 20.491 20.606
Ns_net 19.525 19.878 20.120 20.240

Cs_net 20.037 20.267 20.398 20.562

Tval3 18.228 21.353 25.283 23.860

Fc_net 18.989 22.070 25.264 28.052

Monarch Os_net 19.186 22.282 25.414 28.24
Ns_net 15.996 17.907 19.867 21.162

Cs_net 19.048 22.010 24.907 27.218

Tval3 18.085 20.855 25.278 30.891

Fc_net 21.115 23.599 26.334 28.890

Peppers Os_net 21.207 23.672 26.404 28.965
Ns_net 18.197 20.066 21.412 22.224

Cs_net 21.189 23.56 25.955 28.269

Tval3 16.920 18.940 21.478 22.382

Fc_net 19.170 20.746 22.441 23.990

Mean Os_net 19.280 20.842 22.513 24.064
Ns_net 17.341 18.546 19.583 20.218

Cs_net 19.207 20.736 22.245 23.598

P 5 S o B AR A ], DAL S8R T
PSR B9 £ BORAEBE 0 o TR Fh ol LB U
Cs_net {4 0 (R 58 200 < B BGL A, TERR IR A
T B R e AL i b Al WL o T TVAL3 A 2 S 2 /Y

CS R, AEMCRFER T AEEM B T F IR
b, BB RAE 2RI BT, 76 UG E o7 it T i IRl B
TR AR 55, (AR IH TG TE bR . 7ERFE
N 0.015 F1 0.04 I, Fe_net T 3 (K45 B 5 B 22 6] 75
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Fig.5 Reconstruction results using different methods, the size of pictures is 64x64 pixel
TEAR B W IR KBS, 3XJ2 1 T Fe_net {8 FIAH [ 9 0L HA L0 L HORABOR o Cs_net 76 8 @ i & L]
0 e T R, 2> 7 PR G b i SRR, B IX R AL T TVAL3 5 Ns_net, 5 Fc_net () 8 2 7 it S AC

KMo Os_net 75 51 &2 RAE X BUAETEHUIRAE, Bl & R A
T, HURMLAE E HE Fe net 4%, Os_net fit) 5 2
JE & 2Z Br ML F Fe_net, J&F & Os_net SRR RAE 7
ook T HAERFERIHE LA RS, (R E g i
S, AR /N B Z (AR TH A7 AE A+ 53 B S 09 < i {52
F7. Ns_net X4 A K 5 B4R 2 SEA7T HHE, /A Z [H]
ML RERON I 2%, (HANAE R MR R Z ) B TR = Bk
ARG . WOHAT H Cs_net AH A8 T HoAth PO Ap H 8 5k

AR, {2 Cs_net HA 43 i 1 LHRABOR
2 BEZEUENEGRETMY

ZEWUER, HAE T Cs net XfEHURILE
WAL, Bt 7% SIS 2H LU IE Cs_net £ 32 PR &
Geogh AR, T SBR S ge T DMD HAE N E
{ERFEFE RS, MK Cs net 25— 2B AUZ AT —H1k .
R TSN, R TVAL3 A BE L e B 40 B 4
RN Gk i B R, B0 5 Cs_net WERAEHLFEAATR]
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2 TVAL3 fil Cs_net IYf ELZEHR . HF£ 1
fRI48 AT L T A, Cs net (B AL Y F A4 RCR 1
BT ARAEAERSCR . R
(ELARRE B 5 77 05 00 MR A B, ORI 19 2235 B8 o AL
BRE T HE S, BT LA B AR S I R R A B A T 0
BRI F RS . NF 2 R LIS Cs_net 7EFIT
HHRAER T T TVALS Bk BAEM AR AL R

T, Cs_net (PR FE MBI &, — & Z [0 (1) 218 = 5
2.07dB. [FI}, Cs net # HbF TVAL3 fig ¥ e Mo 8
A ER, B R AR 0.2 BT E 0.015, Cs_net
ok Y 1B 1R S $ PSNR 22 51 Y o4 2.102 dB, fii
TVAL3 “F-#J PSNR F#IK T 3.805 dB, ixX S (K 4y i i il
RT3 Cs_net A L FAESEH) TVAL3 Bk HAT B 4F
ME R, FEMCRAER T B i e B g RIE .

X2 FERERT TVAL3 5 Cs_net HER L EXILL (PSNR/AB)
Tab.2 Reconstruction result of TVAL3 and Cs_net at different sampling rates (PSNR/dB)

Images Methods MR=0.015 MR=0.04 MR=0.1 MR=0.2
TVAL3 13.173 13.515 13.561 13.644
Bird
lr Cs._net 15.239 15.466 15.648 15.668
TVAL3 17.062 21.876 24.072 21.924
Cameraman
Cs_net 20.111 21.113 22.447 22.575
TVAL3 17.745 17.716 18.064 19.414
Head
Cs_net 19.764 19.89 20.189 20.247
TVAL3 16.638 21.395 22.844 20.957
Monarch
Cs_net 18.753 20.539 22.799 23.174
TVAL3 19.695 19.908 21.930 27.399
Peppers
Cs_net 20.802 21.958 23.735 23.514
TVAL3 16.863 18.882 20.094 20.668
Mean
Cs_net 18.934 19.793 20.964 21.036
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Fig.6 Comparison of the results of the traditional algorithm and the proposed method in the photon counting imaging system
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