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Abstract: Due to its great learning ability and fast processing speed, deep learning-based image compressive sensing
(ICS) methods attract a lot of attention in recent years. However,the design of most existing ICS neural networks architec-
ture ignore the mathematical theory in iterative optimization-based methods and cannot effectively use the prior structure
knowledge in the signal,leading to lack of the interpretability. In order to retain the core ideas of the optimization algorithm
and utilize the high performance of deep learning, this paper uses learnable convolutional layers to replace the predefined fil-
ters and artificial design parameters in the traditional smooth projected Landweber algorithm ( SPL) ,and proposes a ICS
neural network named SPLNet. In SPLNet,we design a unique network structure SPLBlock to implement three key steps in
SPL iteration: (1) Wiener filter for removal of blocking artifacts; (2) approximation with projection onto the convex set;
(3) bivariate shrinkage on transform domain for sparse representation and denoising. Experimental results indicate that,com-
pared with current state-of-the-art ICS optimization iterative algorithm GSR,the average reconstructed image PSNR of SPL-
Net are improved by 0. 78dB,and compared with state-of-the-art neural network framework SCSNet,the average reconstruc-
ted image PSNR of SPLNet are improved by 0. 92dB.
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Monarch 0.3 29.20/0.9004 | 34.24/0.9658 | 34.95/0.9649 | 35.06/0.9742 | 35.58/0.9762 | 36.49/0.9774
0.4 31.12/0.9237 | 36.86/0.9764 | 37.84/0.9772 | 37.06/0.9814 | 37.91/0.9841 | 38.88/0.9853
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0.1 26.06/0.7456 | 28.32/0.8512 | 27.44/0.7955 | 29.98/0.8699 | 30.11/0.8728 | 30.18/0.8703
0.2 29.91/0.8573 | 33.68/0.9383 | 31.84/0.9047 | 33.39/0.9351 33.57/0.9378 | 34.22/0.9411
Boat 0.3 32.24/0.9034 | 36.91/0.9638 | 35.10/0.9461 35.83/0.9586 | 36.30/0.9625 | 37.15/0.9656
0.4 34.20/0.9340 | 39.27/0.9758 | 37.80/0.9669 | 38.02/0.9707 | 38.61/0.9745 | 39.86/0.9787
0.5 35.84/0.9482 | 41.13/0.9827 | 40.07/0.9780 | 40.38/0.9801 | 40.96/0.9827 | 41.88/0.9847
0.1 33.09/0.8930 | 35.80/0.9279 | 33.51/0.9035 | 35.04/0.9292 | 35.17/0.9303 | 35.71/0.9332
0.2 35.87/0.9287 | 38.66/0.9527 | 37.56/0.9452 | 38.65/0.9625 | 38.45/0.9616 | 38.99/0.9626
Foreman 0.3 37.63/0.9439 | 40.84/0.9676 | 40.28/0.9648 | 40.59/0.9749 | 40.82/0.9758 | 41.63/0.9772
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0.2 25.87/0.8110 | 26.86/0.8595 | 27.34/0.8553 | 28.63/0.8963 | 28.53/0.8970 | 29.78/0.9054
Cameraman 0.3 28.08/0.8606 | 29.11/0.9003 | 30.04/0.8996 | 30.70/0.9253 | 30.64/0.9268 | 32.01/0.9333
0.4 29.87/0.8935 | 31.27/0.9280 | 32.32/0.9298 | 32.43/0.9433 | 32.37/0.9457 | 33.74/0.9511
0.5 31.69/0.9206 | 33.10/0.9475 | 34.41/0.9502 | 34.02/0.9571 34.33/0.9607 | 35.35/0.9642
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Fz2 SPLNet 5L#HARRELREEFHEN PSNR(dB)/SSIM &R 3Ttk

P MH-SPL!®! GSR!7 ISTA-Net * [13] CSNet * [17] SCSNet! 8] SPLNet
0.1 26.62/0.7932 | 28.72/0.8650 | 27.41/0.8141 29.18/0.8608 | 29.29/0.8629 | 29.65/0. 8665
0.2 30.30/0.8803 | 33.01/0.9278 | 31.43/0.9590 | 32.38/0.9199 | 32.42/0.9206 | 33.29/0.9270
A T
¥ 0.3 32.35/0.9131 | 35.66/0.9524 | 34.35/0.9381 34.99/0.9507 | 35.25/0.9527 | 36.30/0. 9582
PSNR/SSIM
0.4 34.14/0.9323 | 37.86/0.9666 | 36.83/0.9590 | 37.14/0.9667 | 37.57/0.9693 | 38.75/0.9734
0.5 35.91/0.9503 | 39.77/0.9760 | 38.97/0.9717 | 39.31/0.9782 | 39.82/0.9804 | 40.95/0.9827

(a) MH-SPL*l (b) GSRI (¢) ISTA-Net 1131
PSNR=22.12/SSIM=0.6790 PSNR=22.89/SSIM=0.7668 PSNR=23.66/SSIM=0.7671

(d) CSNet *11 (e) SCSNet *118] (f) SPLNet
PSNR=25.56/SSIM=0.8250 PSNR=25.71/SSIM=0.8270 PSNR=26.35/SSIM=0.8394

K3 0.1KFEHR T E{R Cameraman AL 581K 5 45 T XT L

(a) MH-SPL! (b) GSR! (¢) ISTA-Net 113]
PSNR=34.20/SSIM=0.9340 PSNR=39.27/SSIM=0.9758 PSNR=37.80/SSIM=0.9669

(d) CSNet “117 (¢) SCSNet “I18] (f) SPLNet
PSNR=38.02/SSIM=0.9703 PSNR=38.61/SSIM=0.9745 PSNR=39.86/SSIM=0.9787

K4 0.4FPEZR T K1 Boat SR 52 45 FL %] L

h ¥ e L X A4 SPLNet I HEAGROR K 3 5 RS A EIHIARTE. TE 2 2% )5 75 T ISTA-Net *
Bl 4 rhg il 1A TR B8 1 30 4 G OR 52 90 e ORI F14) T A P15 B Ak 1 A oy B I ) N JK: 55 AR HIL I 3 S 6
GnlE 3 TR, 7E 0.1 REEFR T ) Cameraman EZ I, §i TRAR 5 =My ik Wk & EAG B S W, 06 i R
PR AL ST A 25 SR h AE e W 0 i IR B 8800, W BT 4, {H SPLNet 754077 BRI %F b E 24K 52 09 ST fInAS 3
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TEE 4 BE R FER T IR E 45 8, SPLNet 1K IH7ESL
BUIRSBUEZ JINEV =R € S n =8 |1 N7 SR S Ol
TP TTHE S5 45 1 400 A8, 3K 28 S0 00 45 21 R 3 A
SPLNet 7€ A4 PE AR L A D081, Uk B T & Se il fb ik
X i 28 X 45 T L B 1 S 25 [
3.2.2 AEEZEEZEXLL

IRl 2 AR R T Bk L bras 1T B, 2 — 14

FEEMPEREIEM AR, 3 ey T AR RS L6
o vk 7 F B SR [RS 1 E 34 CPU/GPU 38 47 B i), e
G ALE S R 1T CPU BRAS T 25 5. B I B
25 S F AR TS, 2 2% B st ) A2 2% B L AR gE i Ak
VLK%, Hob SPLNet 76 GPU s 17}, F44 &
P T RE SRS T F B A R, TR B T M 45 i 1
A 5 R AL

#R3 SPLNet SILMARE XK FEL CPU/GPU IBETRFBEIFTEL (5)

ISTA-Net * 113

CSNet * [17]

SCSNet!!8]

SPLNet

1. 0488/0. 0150

0.7847/0. 0142

0. 5821/0. 0326

0.7516/0. 0115

1. 0535/0. 0154

0.7972/0. 0140

0.5761/0. 0404

0.7585/0. 0113

1. 0884/0. 0153

0.7912/0. 0142

0. 5940/0. 0490

0.7630/0. 0114

1. 0482/0. 0156

0.7941/0. 0143

0. 6132/0. 0572

0.7602/0. 0118

KA MH-SPL®! GSR!7
0.1 15. 0760/ — 349.2018/ -
Tt 0.2 11. 8490/ — 345. 9944/ -
CPU/GPU 0.3 9.7846/ - 344.2104/ -
AT 0.4 9.7642/ - 344.7779/ -
0.5 9.2386/ - 347.8691/ -

1.0913/0. 0153

0.7970/0. 0138

0. 6065/0. 0647

0.7637/0. 0118

3.2.3 AEMEIZEREMMHEREITEE
TEIX— 0 W38 1 B 28 SPLNet HR A [] f 9 £ 5%
B ORAFRR AR S, AR W4 45 H % SPLNet 14 B 1)
SO, ST E BN =AM KL (1) WA R
SER BST (- ) X451 BE T SR (U520 5 (2) SPLBlock 4~
BN AT X i 24 T AR S50 SR 52 0 5 (3) BRI 4B 2 5 A
AR & XM GRORI . 24 5 TH0.5 %
FERT , REIS5H 5 2505 2 1Y SPLNet 7 Set8 43+
KK 1% b ) B K PSNR/SSIM 45 %, Hidh s — 17
3.2, 1 1 R LS TR ) DG S B 14 B T AR S

S o) 2 (DX XA 5 0T 40 45 W) ) A 3k Pk R A 3t
W, XA S0 25 1 A 45 2047 T . (1) #
KU B WA 5 F B RS BR 5 (2) o XU Sk WAL A4 4 g 2 4
7 ISTA-Net "1 () 1] 2 ) #4540, NG5 R ho] DL
WY FEPIR SR 3 B b, 4% B LR PSNR 20 3 N T
1 ~2dB 52 ~4dB,SSIM &5 Rt T I By . %
LEIR LI AE SPLNet H1, XUAR BE W 45 4544 BS' (- ) X
IR P BB SR T 8K B IE U 2%, 1T ISTA-Net H i1
R Ak 8 0 s A O A 3 R 3 4 %ok v R i RS T

.

Wbl I 7 [ B4Ry T =A% IR AL
F4 AEMLEIZET SPLNet EH PSNR(dB)/SSIM &R xfLE
] (L Ak B N, s Parrot Barbara House Lena
Ji WU e W 4 3 0.01 40. 27/0. 9830 39. 85/0. 9865 42.68/0.9763 40. 83/0. 9867
& 3 0.01 38.79/0. 9784 37.46/0.9774 41.77/0.9716 39. 26/0. 9807
v R A 3 0.01 36. 65/0. 9709 36. 62/0.9714 40.16/0. 9677 36. 63/0. 9684
preslie 4 0.01 37.05/0. 9741 36.79/0. 9736 40.50/0. 9704 36.89/0.9718
2 WU e I 4 2 0. 01 38.79/0. 9795 37.81/0. 9796 41.78/0.9723 39.23/0. 9819
XU s LA 3 0 37.24/0. 9757 37.37/0. 9772 40.79/0. 9737 37.09/0. 9740
v e e 3 0.1 40. 13/0. 9830 39.51/0. 9858 42.84/0.9773 40. 86/0. 9868

AL R EARR T M R E AT
5 (1) 35 A T ALY YR BRORT ) 4 IR A2 35K AL ) S . A G A ST
B S5 AR 4 — B, SPLBlock /N%A 4 1 0 2% ke
REAT B R BT b, FE A PSNR X R T 3dB 2 4. 24
D 285 S5 ¥4 52 i, A A 2o 2 B T4 B ol 482 2 | U1 e
FEINK, W46 3 L 52 4 0B 78 25 — IR SEIR A 45 SR v
SPLBlock a8 /b b 25 5 BOUR B 54 oo FRS BEAS v
PR ERZ R K &2 BRI &, 7 PSNR 255 1R 29 R [
T 1.5dB.

FEIR e — 20 S5 b 38 2 45 95 2R R P A

&, % BRI 451 2 8 0 2% I 25k b B4R FE AT T IR
Mr. FER IR BR 58 2 (0 15 50 T, 65— U ST 56 v 11 T 246 T
PRSI H BT A Shy B 38 %) AT, 78 AN [R) 3 (BT 4% L
BITFRET 2 ~3dB. 3XF S 78 I ik B2 v, B a4 2 X
SPLNet FWSCELAT 551 B 4l BIAE . 58 IR SEE B AUE &
MRS RE A 0.01 3K E 0. 1, ik — 2 WA R ALE
(A5 B A5 R X SPLNet AYRIR . 75 JA S8 ALE I, 4%
R PR A P BE I T AT B ) K i 8 Ak, 0 B A A
[ LA A BCT , SPLNet IV 25t Fe X AL TE 54K &
R /INFEAS S o 1 R
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ARTCAR T — ol 2 A 1 5 s 24 TR R 4 222 A 2%
SPLNet, JR I 7E 1 22 [ 28 R S B T 42 48 SPL 353k i
AGE R R AT 2 o i BUR AR T IR SRE R YA
TBH R R o 2] 5k AU R A U Ak B A
454, SPLNet BELR B 1 R AF (9 KA e 1k 5 ml i B, 3L
PE— AR T T IRUA T vk i A PR RE. [ ELSC R SR 7R
5 At 4 1 450 A4 TR A 10 0 LIS SPLNet 784 52 ]
B ERGS T WEAR T IR TR AT
WA ARSI T A Rl S 56, X SPLNet A 322454 5
SHRGHAT T PRI 07 5 0, B0 T R0 2% rp 45
Ir AN, AEARR A AR FRAT PR 22 1 AR SCHY
AR R RIRBE 7 2] BRI A8 2T AL HT.
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