1831 5 K7 F

TP RS . 2023, 31(6)

Computer Measurement & Control

+ 191

XEHS:1671 - 4598(2023)06 - 0191 - 07

DOI:10. 16526/j. cnki. 11—4762/tp. 2023. 06. 029

hE 4% 2. TP391. 41; TP183 X HAARIEAD A

ETEEUSESRHEERKT
BliRESHRERE

3 R, 2aF, BEA, HEw

Q. LR RS 5 8 TR %R, R0 4300625 2. [ o o B9 3T AE IR A FRA ], B

450003)

FE iy TR b A7 18 S8 07 UL L B i A3 ATLIZ 20 A9 i O 5 1 2 D' B 1S 0 R AT S UK T RR A7 R SCBAET L A BER AR
R FLEE R I R R A AE B R B TRIE 2 o Ry B R B iR Ar e B T R e . BRI AR MAE S R SR
K5 BRFIX SO AL, B R 3R TR AT AT 0 B B R B GOK R BSORE o BE R ERE R4, BT ) D SRR AR PR . R EE R AE £
ZIBFHEM A DL R TR 4 A B IR R AE SR IR Bt 78 BSRN (9 B: At b 25 BR AR AL 2848 40 3 SR P 16 s i Bk A7 b 432

)it 0 3 A 1 1] o AR R R A7 B 2 Jay PR ARRAIE 27 > LA fRT AL R AE 2R &

LB R R AL SEIR AR R, PP i i Oy Ik e s AT

M. S8R, BREREFEYETEHACEE OB TR, R 2 M 4 b, VEE(EM L (PSNR) 45 4 B8
(SSIM) ¥J{E 435335 %] T 31. 556 0 dB. 0.862 0 fil 27.708 8 dB. 0.721 3, W FmiFA—L4T;.
KEEW: RIEEY; R AEER; BoirmEd; REAMY%; KTEK®R

Super-Resolution Reconstruction of Lightweight Underwater Images

Based on Blueprint Separable Convolution

LI Yan ', CHEN Yuzhang', GUO Yuwei’, HU Shie'

(1. School of Computer and Information Engineering. Hubei University, Wuhan

2. Guodian Henan New Energy Co. , Ltd. , Zhengzhou

430062, Chinas;
450003, China)

Abstract: Abstract: Due to the scattering and absorption of light caused by suspended particles in water and the turbulence of

high-frequency random motion, underwater image has a series of problems such as blurred texture, low resolution and distortion.

However, most existing deep learning image super-resolution reconstruction algorithms have the problems of complex computation,

large complexity of model and high memory occupation. To solve this problem, a lightweight underwater image super-resolution re-

construction network based on blueprint separable convolution is proposed. The model is divided into four stages: shallow feature ex-

traction, deep feature extraction, multi-layer feature fusion and image reconstruction, In the depth feature extraction stage, feature

distillation branches are removed on the basis of blueprint separable residual network (BSRN) and the number of channels is increased

for compensation. At the same time, the three blueprints convolution is used to carry out the residual local feature learning to simplify

the feature aggregation and realize the lightweight of the network. The experimental results show that the proposed method is superi-

or to the currently proposed hyperspectral algorithm in terms of running time, parameter quantity and complexity of the model. When

the amplification factor is 2 and 4. the peak signal-to-noise ratio (PSNR) and structure similarity (SSIM) average values reach

31.556 0 dB, 0.862 0 and 27.708 8 dB, 0. 721 3 respectively, and the reconstruction quality is further improved.

Keywords: deep learning; blueprint separable convolution; super resolution reconstruction; lightweight network; underwater image
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2017 4 Lim 25 A" 48 T 9% 5 20 R 5 5% 25 M 4% (enhanced
deep super-resolution network) . T4 YR AE E 14 & 45 P R & 3
Qb B RS B A e % 25 I 4% v i) BN J2 DL A6 R 2% 1k R 454
K WAET R 29 400, R B EPE AL FR
Zhang & N\IRJEFR 220 8 EE M 45 (RCAN, residual chan-
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F, = Hg (I}g) (2)

Hr: Concat () 7R 08 4 B 10 35 e 8 4E . n 2
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Z Bt 2 T I B S BURAE SR IO B 4 A, R
PR 22 1 B AT R ERAHIE 24 o, KRB HRAE F, A BIR 2
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I 2k 32 S 4 S CUDALO0. 2, cuDNNS. 0. 4, pytorchl. 8.1,
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YRR A PR W P OBCR A BO A N 2 AR 4 fE
PSNR. SSIM. UIQM Xt b 5% 1 iR, #8Z B /b,
W g A ], PR s AR (FLOPs) XfLbngk 2 frs.
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2.3.1 M4 EPEREXT L

MWERIER, EAEEM, S2HMAGT, Bk
280k 2 B, RCAN %% 1 PSNR Fil SSIM 4 S5 {, ED-
SR W4 PSNR #l SwinIR fi SSIM k=, BRIz 4h, A3
5 IMDN, RFDN, BSRN = Ff {54 g% 1 2 9 3 T 2 ) 45 4
L, ik dERes L, Horh UIQM EAR F A W% MK
FEECR 4 R, AR SO A PSNR B8 F H At T /5 M 45,
5 SwinIR, IMDN, RFDN., BSRN U %% & 2% ¥ 2% #1 Lt »
SSIM Fil UIQM {H ¥ B A% T 8 4F 1y 45 %, Hd 5w
2022NTIRE k% %5t 45 77 ¥4 1) BSRN M 45 AH Lk, PSNR fH
PR T 0.022 dB, TH LR FW, A SCH LR S BS
L BE . VRLRIEE D T AR R B A B AR .
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RS R &, Ml BSRN #ERF D> 7T 31%., M T
RFDN 280t idi /24 4500, #14F IMDN [ 4% 2 5 i 2>
21 67%, MET SwinlR MESHE W /DA 4%, HET
EDSR W% 250/ 29 83% . % T RCAN M4 5 i
BB TR E T 98 %6 LU

PN 24 1 T N 07 N T NG 1 T O
) 4 48 . BSRN fil REDN R 2. RS ECH 2 i
A WAL T 144 ms, BRAEEN 4 BB EAR —KAF
277 ms, FrAEEAR & EDSR W48 1/3, # L SwinlR 45
BT 63% . AHEL IMDN %54 7 20% . #H Lk RCAN %% 14
7 A%, BTk E AR R R GPU B A #B4r 5 H
BT, SRS T g AN

MR RGB R, FERCRAEECR 2 5 4 f5 A8 30y
DM E S B R RN 92.2 G, 99.29 G, #H Lk EDSR.
SwinIR M4k /> T 25 4/5, A0 IMDN RI% 84> T 45 3/5,
I AIM2020 % % 75 % REDN fil NTIRE2022 5 % 75 1
BSRN Jg/> 7 27 1/3, Atk RCAN W%, AW 7 SisH &
FIW R T 97 %,

2.3.3 AN [ 3E I8 TR AL X 5 £ A5 A 114 5 )

30 VR DAL B A R 4 A A A RS [ A R
RS IEE R A AR IEE R, AR T 5A Bk
PEATXF . X T CCAL SE™Y | ECA™Y3 i i 1 2 1
BLAI XS R 28 B ) 52, 25 3k 3 iR, 3= PO Ak
R EAUEYE . SR AR, 3 Rl BRI s
B, ERERISHOT, AR CCA B S ¥
BR., 5ECABHAMZEL 5 K, 5 SE A2 A 0.5 K,
RIS RN TR s B8 R A 22 5L /NI DL T 48 ST 42

1 AT R4 A TR L

Scale EDSR RCAN SwinIR IMDN RFDN BSRN A

PSNR/dB X2 31.610 1 31.644 1 31.552 6 31.478 9 31.525 2 31.548 4 31.556 0
SSIM X2 0.831 9 0.865 5 0.863 5 0.860 1 0.861 5 0.861 7 0.862 0
UlIQM X2 2.838 5 2.824 9 2.8535 2.851 3 2.856 3 2.856 4 2.858 0
PSNR/dB X4 27.690 2 27.686 4 27.683 2 27.683 4 27.604 4 27.686 8 27.708 8
SSIM X4 0.723 8 0.7215 0.721 0 0.719 6 0.715 3 0.7227 0.721 3
UliQM X4 2.823 3 2.814 2 2.813 1 2.814 3 2.817 7 2.811 4 2.816 3

F 2 AR SRR I/ ) L S S e X
Scale EDSR RCAN SwinlR IMDN RFDN BSRN AR

Params/K X2 1 369. 86 12 467. 20 877.75 694. 40 417. 21 331.63 230. 00
Run-times/ms X2 476 981 386 178 155 167 144
FLOPs/G X2 468. 91 4 224.59 479. 64 248. 89 149. 27 148. 35 92.20

Params/K X4 1517.57 12 614.92 897.23 715.18 433. 45 352. 40 250. 77
Run-times/ms X4 591 652 395 355 304 327 277
FLOPs/G X4 677.63 4 433.31 486. 29 255.98 154. 81 155. 44 99. 29
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Jri PSNR. SSIM., UIQM {H#RA B T i, HP ek
5%k 2 Bf, PSNR {H LA ECA & & T ik
0.9 dB, R A SO IR A5 B A o AR 0 & 4 R 2 ] B AS

TGP A
F2 3 ORI B T AL R 1 46 LR Y 52
Scale | Params/K | FLOPs/G | PSNR/dB | SSIM | UIQM
CCA X2 230. 00 92.20 31.556 0 |0.862 0|2.858 0
X4 250. 77 99. 29 27.708 8 |0.721 3|2.816 3
SENet X2 229.45 92.20 31.502 7 |0.861 0|2.852 4
X4 250. 22 99. 29 27.688 1 |0.720 5|2.812 9
X2 225.38 92.20 30.645 9 |0.840 3|2.830 2
ECA X4 246. 15 99. 29 27.130 2 |0.6951|2.802 9
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USR-248:im_xb_22(x2) (e) IMDN (f)RFDN  (g) BSRN (h) A 3043

B8 RIE %) USR-248 B i 4k
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TP RLIB SRS LU LA K 0 2% 3 A 45 R 0 LT LLAS . 7R
PERE M AL E ROR Ty T . i 4 U5 ik 9% )5 T RCANL EDSR., {2
W Z A ZHE A K, PSNR ¥ {E A2 E AF 0.1
dB. 755 B g 5T i A R Y [ IR AR B At 3 9 B e 41
G PERE ARG, A SRR EAR L, A0S
SRR D R T W2 HLAE L TG R0 R A 5

R M www.
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(a) H *
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(b) EDSR
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(a)HR

(e) IMDN

(b) EDSR

(c)RCAN (d)SwinIR

(g) BSRN (h) A 305k

(c)RCAN (d)SwinIR
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