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Feature-Space Optimization-Inspired and Self-Attention Enhanced Neu-
ral Network Reconstruction Algorithm for Image Compressive Sensing

CHEN Wen-jun, YANG Chun-ling
(School of Electronic and Information Engineering , South China University of Technology , Guangzhou, Guangdong 510640, China)

Abstract: The existing optimization-inspired networks for image compressive sensing(ICS) implement information
optimization and flow in the pixel domain following the traditional algorithms, which does not make full use of the informa-
tion in the image feature maps extracted by the convolutional neural network. This paper proposes the idea of constructing
information flow in the feature domain. A feature-space optimization-inspired network(FSOINet) is designed to implement
this idea. Considering the small receptive field of the convolution operation, this paper introduces the self-attention module
into FSOINet to efficiently utilize the non-local self-similarity of images to further improve the reconstruction quality,
which is named FSOINet". In addition, this paper proposes a training strategy that applies transfer learning to the ICS recon-
struction network training for different sampling rates to improve the network learning efficiency and reconstruction quality.
Experimental results show that the proposed method is superior to the existing state-of-the-art ICS methods in peak signal to
noise ratio(PSNR), structural similarity index measure(SSIM) and the visual effect. Compared with OPINENet" on the
Setl1 dataset, FSOINet and FSOINet" have an average PSNR improvement of 1.04 dB/1.27 dB respectively.
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Net" 5 TR 7 15 oo P 5 55 4 1) SPLNet 43 31 °F- 24 42 7
0.46 dB 5 0.54 dB, 7E Urban100 ¢ #& % I 3 A 119 FSOI-
Net % 1. Fh J5 v v P B8 i 4 119 OPINENet” - 34 #2 Tt
1.04 dB, Fi T Urban 100 5045 4 A5 00 R8I0 14 50 3 45
%, AR E P RE R A RE R T T 8, FSOTNet”
5 FSOINet FE— 427 7 0.30 dB. F 4 FSAH TAFE

SRR N [R) F AL 7 ik 0 A MR A AL SE SR X L
WE 4 77~ , 0T 0.1 R+ 1% Barbara EH% CS-
Net" 55 SCSNet ¥ IC 34 it [l 11 () 288, 40745 1 B
ST 5 11 SPLNet 5 AMPNet 5| A T #4016 1Y EE'*E ,E
AT ER o S HE H A HL AN 2 I 0 AR AL R
OPINENet 5 73 Hi 455 A S0 1] FSOINet T H T 4K
—HBA SO H A BN G R IE M 1 FSOINet 5 44 (5]
QS RN e R T . AR S B R R R T A 4
o AT LB Y RO O Ik A A AR N
[i) 4 B8 PR ASOR A TR0, i FSOINet 55 FSOINet” 5
A i 55 0 P LA T /D (M P 5 T SR A () S

CSNet SCSNet SPLNet

(PSNR(dB)/SSIM) (24.40/0.7249)  (24.43/0.7264)  (24.93/0.7641)

(24.76/0.7622)  (24.73/0.7674)

AMPNet FSOINet FSOINet’

(25.15/0.7806)  (25.78/0.7981)

OPINENet

4 0.1 AR F B Barbara(Set1 1)1 T4 A 5 8CR T H

RIE

JEi [ (PSNR(dB)/SSIM)

fLIIR,

Urban100: image 054

CSNet( 24.80/0.8757)

AMPNet(26.28/0.9092) OPINENet+(26414/0.9025) FSOINet( 27.37/0. 9229)

BUE RUE BIR

SCSNet (25.01/0.8810)  SPLNet (26.24/0.9068)

Ll

FSOINet( 27.52/0.9242)

Bie &

5 0.3 %R T EME image_054(Urban100)i4 244 B8 RCR R L
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%2 &RBEREE KT FLIESE EEHER PSNRBYSSIM Xt
0.01 0.05 0.1 0.3 0.5
CSNet* 2171/05249 | 25.04/0.6845 | 26.89/0.7756 | 31.66/0.9152 | 354209614 | 28.14/0.7723
SCSNet 21.88/0.5250 | 24.98/0.6843 | 27.13/0.7785 | 31.76/0.9173 | 35.67/0.9640 | 28.28/0.7738
SPLNet 2233/05242 | 25.87/0.7198 | 27.85/0.8094 | 32.77/0.9303 | 36.86/0.9708 | 29.13/0.7907
BSDS68 AMP-Net 2228/05315 | 25.77/0.7204 | 27.85/0.8113 | 32.84/0.9321 | 36.82/0.9715 | 29.11/0.7934
OPINENet” | 21.88/0.5162 | 25.66/0.7136 | 27.81/0.8040 | 32.50/0.9236 | 36.32/0.9658 | 28.83/0.7846
FSOINet 22.80/0.5435 | 2624/0.7328 | 28.8/0.8185 | 33.28/0.9345 | 37.36/0.9728 | 29.59/0.8004
FSOINet* 228305441 | 2627/0.7340 | 2839/0.8210 | 3337/09352 | 37.47/09732 | 29.67/0.8015
CSNet” 19.27/0.4812 | 22.63/0.6792 | 24.64/0.7741 209009162 | 33.55/0.9572 | 26.00/0.7616
SCSNet 19.28/0.4798 | 22.63/0.6774 | 24.93/0.7827 | 30.12/0.9193 | 33.92/0.9601 26.18/0.7639
SPLNet 19.55/0.4873 | 23.55/0.7301 26.19/0.8290 | 32.11/0.9405 | 36.41/0.9737 | 27.56/0.7921
Urban100 AMP-Net 19.62/0.4969 | 23.45/0.7290 | 26.04/0.8283 | 32.19/0.9418 | 36.33/0.9737 | 27.53/0.7939
OPINENet' | 1938/0.4872 | 23.70/0.7363 | 26.61/0.8362 | 32.58/0.9414 | 36.62/0.9727 | 27.78/0.7948
FSOINet 20.05/0.5257 | 24.66/0.7761 27.62/0.8623 | 33.88/0.9541 37.91/0.9788 | 28.82/0.8194
FSOINet* 20.14/0.5331 24.80/0.7805 | 28.05/0.8718 | 34.20/0.9569 | 38.31/0.9800 | 29.12/0.8245
KT HCERAN R i (R 0] 528 (R B 24 B, AR S04y T ' ' ' ' ' ' '
T 0.5 101 RAERT AR K 28 1) 25t 5 s | |
SEAAAE AT R EE . X H S 34 4 1 o B A A R
FERATRI FREE AT Set11 15 BSD68 K4 4 47345 5] . 306 ]
N 3 FrR , i 0 R 0% F A I 2% S5 ke R /N AR TRD ] — -
DA RGBSR AL . A28 20 1
D F HAh = RO AR ik TR AR R [ 4 03 £ sl |
& A AR B T ]
R3 FERHERAEEETESSetl 1 5BSDS68 EHE ZEXTLL 301 1
0.5 RFf 3 0.1 RFFEH
Jrik | BME | setl | BSDSES | seill | BSDS6S sl | | | | | | ]
E'Zigjé‘ﬁjiu;“lﬂ/q 8 10 12 14 16 18 20 22
SPLNet | 1.388M | 0.0061 | 0.0076 | 0.0090 | 0.0089 PLrER AL
E6 0.1 RFERAFLAH BATE Set11 L1 V- H Y45
AMPNet | 1.520M | 0.0562 | 0.0671 | 0.0564 | 0.0649
OPINENet” | 1.095M | 0.0087 | 0.0126 | 0.0134 | 0.0132 WK 4 R 78RR i TOULIME T & 15 B s
FSOINet | 1.061M | 0.0198 | 0.0184 | 0.0215 | 0.0190 2 FSIM % DDM 4 T FSOINet T £ [ VERE4R T} . 76
FSOINet | 1.086 M | 0.0204 | 0.0264 | 00283 | 0.0258 BT S T R [ 4 B T 1.45 dB. 1.00 dB
3.3 HBRSSIR S F11.60 dB fJ PSNR 42T} . WSEM fF Ay 4% 3 15 2% 4 482 4F

3.3.1 MEHETHE

H1 T R 28 4 — A B B TR SE AR % o
g —URAR, T ATUNI B & 9 24 0 AL B BOsr 1 22,
Y PERE R B2 4 L B 6 25 T 7E 0.1 R T,
AR B N, VI 2575 3 1Y FSOINet 76 Set11 45
PR EM SR, W LUR I BEE AL B BEEL N, 1938
o0 2% F) A P R B 2 8, LB ) 23 ) A2 20 2
BEZ 3. L35 5 BRI TERE 5 A0 BN, = 16
AT ER AL BT B
3.3.2 tEBRHAL

AATLE 0.5 F AR X = AT T I Ml

Jey B A AR RLYE RE 1 B, 3 — 25 ok T 0.19 dB,
0.11 dB #10.40 dB Y PSNR L RE#E . 25 I fprids , A 3¢
PR =D BEARE He I 45 15 4 R B A G R T —

FE M PERERE T
F4 0SREXRTARERMHERLE
FEAL A4 PSNR/AB
FSIM | DDM | WSEM | Setll | BSDS68 | Urhan100
N x x 40.22 36.82 36.31
x N x 39.65 36.36 35.38
N N x 41.10 37.36 37.91
N N 41.29 37.47 38.31
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3.3.3 EBEIIRME

K745 1 T BENLR A S 5T I 26 54 0.5
R A R AR T B AR 1 W) 1R S B AT IR 19 0.1 R
FE 2 FSOINet 119 loss £k ] . 32 B2 Y11 25 i 10 FH BB A
75 B W) IR AL 280, loss T Rie 103 BE B AE I 25 rp 1
loss B WAL T BEML W) i S BB AL S T ik — 2 45
WARIN ik i g i R iz ek, S A T
R 22k 15 3] 59 = A A [\ SR RE 2R 0 R R A
Setl1 % 4ls % L iy 7 H 45 R . >4 Hll 2% 40 1 epoch
B, BE AL 1R A I 25 0 I 28 45 Y 3 R W 8%, B4 o
B, WA T 3B 8% 2% 2 SR B 1 N 48 B B P A7 5 o
Ry A B ) bR A2 B, U G TN 2 S B Ry S B
PR, BB A8 78 8 0 Y1 2 R vp 52 BB, A 29K
St A8 I 25 B[] 5 T B DA S Bl ATL ) 46 Ak DI 2 1) )
KB YI 25 100 1 epoch J&7 , S48 G AR Y 11 loss £ 1%
FAEB YR T 5 B (0l F = R R SRR 2% ) 15
FI] 118 60 IR A R LRI 25 r R i 48 SR L il
1305 2% 2 15 2 Y I 25 5 AU B AT O 4 vz Ak M RE

B B ML AT U5 A U 2R G R B R A 2 T 1 0.04 ~
0.07 dB B9 M PEREFE T .
8.5 T T T T T T T T T
— TN
BEHLIER LI ZR
8 -
75 F
g 11
6.5
6 -
55 : : : : : : . : :

0 10 20 30 40 50 60 70 80 90 100
Wl Zrepoch%i

7 01 RAEAT AR RIS ET IR AL SRS 1Rl 25k Loss 1t £ 4]

x5 AFEIIZERE FSOINet 7£ Set1 1 _E B EHIE 1§ PSNR(dB)/SSIM

PlER S 0.0 RFEFR | 0.1 RFER | 0.3 REER
ML i A1 25 40 epoch | 21.77/0.5920 | 30.31/0.8995 | 36.74/0.9651

FtiMLA 16 161125 100 epoch| 21.81/0.5940 | 30.51/0.9021 | 36.96/0.9660
iE# 5 >] 40 epoch

21.88/0.5958 | 30.57/0.9020 | 37.00/0.9664

4 it

AR SR T R AE SR AL T & 4 FSOINet 5 [ 7
R AE AL R 4% FSOTNet , i 3 78 A5 Ak
PGSR EAS 3 T 5 i O AL 45 51 . RIS, AR SO AT

o 22 > M IO H TS [ SRA R (AT 45T 20 SRR E A 1 4%
YNk S T R ) ReR G HA iR . ARk TARR
% JER R IR SR G A REAR S Ao 2 WU T A 55
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