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Abstract: Underwater images are degraded by wavelength-dependent absorption and scattering, resulting
in color casts and reduced contrast. To address these degradations while balancing enhancement quality
and computational efficiency, a lightweight underwater image enhancement network based on the parallel
fusion of axial convolution and channel attention is proposed. An encoder - decoder architecture with resid-
ual compensation is adopted, with ShuffleNet V2 employed as the lightweight feature extraction back-
bone. At the bottleneck, axial depthwise convolution and channel attention are integrated in parallel to ex-
pand the spatial receptive field and adaptively recalibrate channel-wise feature weights, respectively. The
enhanced image is reconstructed through a global residual connection. The network is trained on the LSUI

dataset using a combined mean squared error (MSE) and structural similarity (SSIM) loss. Evaluations
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on multiple public datasets, including LSUI, UIEB, and EUVP, demonstrate superior performance over
mainstream comparison methods in key metrics, including PSNR, SSIM, and UCIQE. On the LSUT test
set, a PSNR of 25. 13 dB and an SSIM of 0. 849 1 are achieved. Without GPU acceleration, per-image in-

ference latency is substantially lower than that of comparable lightweight methods, while a processing

speed of 144. 61 frame/s is achieved on the Jetson Orin NX. With only 1. 60 M parameters, the proposed

network delivers improved enhancement quality and computational efficiency, supporting real-time, high-

quality underwater image enhancement on resource-constrained edge platforms.

Key words: underwater image enhancement; lightweight network; ShuffleNet V2; axial depthwise con-

volution; channel attention
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Fig. 1 Overall architecture of lightweight underwater image enhancement network
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Fig.2 Network structure of axial depthwise convolution
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Fig.3 Network structure of channel attention layer

2.4 BEREMWESR

e h 2 305 A0 T Bk 25 RN 4 Rk BR AN 1 TS
3, DARRARR B 1 580 a0 K 0 30045 iR K 5 Ry i 28 1 34
RS . WmE 4N R E e — A 1X
BB 1 024 4 38 5% Fr AF FE 48 & 64 4, I 4 Re-
LU ¥ 90 A dE & M, % 38 %% KR
F ER™ W Hh H'=H/32,W'=W/32, b
Ja N —A~ 3X 3 4 BB B2 A K 43 H 5 2 [ 1 )
—miE R R

X= Convg’i}g(ReLU(Conv}&zﬁ '64(F’)>>, (5)
Ho X E R SR WU M 37 RKE % 22 T X
FRFEEREWMARSTHX W, 83 X, &
8 R R b A S 46 IO 8% 25 AR, OF
3 1o 7 1A 1 361 24 SR A A K

I,=clamp(I+0.5-X,,0,1).  (6)

B Ak Gk B A R S B AU R 1L g R
ZEA A FBEE N 0. 50 BT 4 )R ik 22 8
iff P o0 AR o0 B R B8 AR S s M 45 0 5 s B
PR 26 AN T 27 > 3R Ak B oy B A

F' 1x1 Conv 3x3 Conv Bilinear upsample
. | ReLU [—| 6453 |
1 024 x<H/32 xW/32 1 024—64 Residual map oXe to HxW
x0.5
I Ie
E) Clamp |— "
IxHXW 3xHxW

P4 T e BB ) 26 45 4

Fig.4 Network structure of decoder module



5519 1

BBV A o) 5 AR T T D OR AT R A RO B KT TR 5R 4% 3095

2.5 MKEH

T AEAR FR N AR S ) 45 Al b AT 3 5 )
2% 1 Y R RE B8 TN 2 25 IR IR 45 e — B, AR
P 266 SR T Losse 3982 BRBCRN Lssnd ™ 0% s, JE
H, MSE ZY AR R AE B, SSIM 2 s 45 4 — E ik
SRR RO R RN

Lo = Luse + ALssius (7)
/ﬂ\:l‘l‘l/lj'goga [4MSP?E%@§&m%E—\‘j‘]
1Y, .
LMSE=NZ|\H;;—I;:)H5, (8)

Horb N HERBEAEL, B4R ()RR i DA
L 55K PR 7R A -

1Y ,
Lesu=1——> SSIM(I}}, I."). (9)
SSIM NZ; hy dg )

3 FEmb5iH®

3.1 HiE&E

A% S5 A LSUT 8 48 3547 A AL I 25, O
it 1 22 A 28 S B0HE AR AT R R

(D LSUI™™ ;% 54 8 40 F 4 279 X B 5 it
FOKF B B 3w it 2% RUR B8 w5 6 oK
PR SR SRR AR ZEON) S H TR iR
Yl A pg K T ER R BIE R — o SR
TEHUCH T 7000 B9 R AE R I 2R 4R L 2006 1R S 50
WEAE, 1096 FE b 4 o 3k 46 40 5 429 5k &
1%, fix 44 N Test LSUI,

(2)EUVP™ . Bk B EUVP K4 19 515 Xt
HZH KT BG4 40 Test EUVP, 254
SN LI

(3 UIEB™ : Z B 540 & 890 X 5 & % (1)
KT EHEF 60 5K To 25 K T BIME . 8 890 X
K& 2 54 2% X S5, fr 4 0 Test_UIEB,
P A 19 60 5K T 2 % K8 4w 45 4 Test_C60,% 5
TS HI L

(4H)RUOD™ : Bfi WL 1 Bk A B £ £ 1
S Y 285 5K K T MR 4 44 4 Test RUOD, & 5
TS HI L

(5)RUIE™ . 3 £ 5k { RUIE #y UCCS %¥5
LEVPAL K BIG 3G 58 J 9 A E 000 4 22 1Y) g
2B 4R A1 100 5K 1A 2 L 100 5K i 2% (38 Al
100 5§ 2 (0 1) 7K T B, 43 3] 45 44 4 blue \blue-

green.green,

3.2 ZXWERE

BEALI 25 7F Windows11, RTX 3060 Ti HL ik
EFEAT . AR R /NGE — PR O 256 X 256, fff
FH Adam AR AL %% L 90 1R 2 1 FH 1X10°, ik
RN 8, N 2R 300 %8 o MEAk, KAXT LTI 1
MK #E Ultra 5 125H CPU R85 F 47 .
3.3 EMIER

K 22 T I8 48 5T S DF- A 48 A X 4 5 45 2R it
1€ ®VAl . A S % 18 5 A 45 8 77 1R 25 (Mean
Squared Error, MSE) | I§ {H {5 M [t (Peak Signal
to Noise Ratio, PSNR)"™ F1 45 ¥4 41 o1 14 5 %4
(Structural Similarity Index Measure, SSIM)"™"
I+ 51 A K14 4% (Image Entropy, IE)™' /K F K%
J5 f J¥ i (Underwater Image Quality Measure,
UIQM)“ FIZK T % €4 EZ 5 5 W (Underwa-
ter Colour Image Quality Evaluation, UCI-
QE)™3FM IS H s, UIQM Rl & 18 br
(Underwater Image Colourfulness Measure,
UICM) | % W B2 il & 45§ #5 (Underwater Image
Sharpness Measure, UISM) Fl % bb BE il 5 35 45
(Underwater Image Measure, UI-
CONM) Jin KR 45 2, AUE R %9 o4 0. 15,
0.25F10.6. UCIQE i (4 AR 22 (0.) (52 JEE X
L B2 (cony) 46 1 EE S 208 (e ) £8P 45 T G
KU ZE5r 314 0. 468 0,0. 274 5H10. 257 6.
3.4 XfEERI

Sh 56 IE FIT £ 07 vk 0 KT AR B4 S PR Y SR 5K
BB A SR 5 A KR BIRE 5i E  E AT X
I, £ 45 MSRCP™ , UDCP"™ , FUnIE-GAN'™/,
WaterNet™ |, Shallow-UWnet™® , LiteEnhan-
ceNet™, LU2Net""/ 1 Phaseformer™ .
3.4.1 EMEFHM

TEH 2 % B4 4k Test_LSUI, Test_UIEB il
Test_ EUVP _E¥f Bt £ Hy 809 07 2 A A Oy vk o 47
TR, AR E 5 E 6 RN 7 iR o BT I,
MSRCP #l UDCP 4R fiE 2 %% , {5 23 in T 5 (0 fig
2%, B I A AR IOES ; FUNIE-GAN # 1k
R B B ROCR B4 B A7 A8 B8 53 A5 A 21 3 Ab
B2 1] 8, 7€ Test UIEB (1 3 43 & 4% 4b #8 | 5]
AT 5 5 WaterNet #1 Shallow-UWnet 1) % {4
i 25 2R A BR B € fi DG 3 A ROKE IE 5 Shallow-
UWnet 77 75 35 952 18] Fr B 0 f 15 (0 A [R) 2, Li-

Contrast



3096 e KEE TR

MSRCP UDCP FUnIE

Original WaterNet

Shallow

'1’;J'§?

Reference

BI5 78 Test LSUDEURAE b9 HL45 R
Fig.5 Comparison results on Test LSUI dataset

MSRCP UDCP FUnlE ~ WaterNet

Original  MSRCP ~ UDCP  FUnIE  WaterNet

Shallow LiteEn

Shallow

LU2Net Phase Ours

K6 1E Test UIEB i 4E [ 10X L2
Fig. 6 Comparison results on Test_UIEB dataset

Reference

>
-

LiteEn LU2Net 7 Phase Ours Reference

Bl 7 1E Test EUVPEUEE LIRS L4
Fig. 7 Comparison results on Test_ EUVP dataset

teEnhanceNet , LU2Net fil Phaseformer % [ 4 [
b BRCR BT, 5 2 2% A A e L HL L
teEnhanceNet 76 %F U1 & 6 fF 7 & 4% B9 4b B b i
RO, 52 e [ b A T fE R 1Y 2 B 5 & Phase-
former Ab B /) G i 3%, 4R FNBE CER . AH L Z
T, 38 A AR S R R A B 0 B AR B Ay,
I3 =%

T VAL & Tz ARk L E 5 AT

SR E LTI BT, WE 8 TR, MS-
RCP #il UDCP 1y &b 2 2 AR 1H % 2% . FUnIE-
GAN Fll Shallow-UWnet A4 kb B R A # , H. FU-
nlE-GAN X i # 07K T KR A AL BRRE T AR oK
W A IE (i o 454 FUNIE-GANfE A 2 % 8
Pt 4 b 0 A R AACR A3 BT, % B 1 € i ) Ak B B
TIAFERE 25 Ty i WM SRS A 2 H Ak B Y
&A% B0 L s ff 45 . WaterNet £l Phaseformer %%



5519 49 BBV A o) 5 AR T T D OR AT R A RO B KT TR 5R 4% 3097

Test_C60

Green Blue-green Blue

Test RUOD

Shallow LiteEn LU2Net Phase Ours

K8 fEFZ % R4 b xT H4s

Fig.8 Comparison results on unseen reference dataset

Original MSRCP UDCP FUnIE WaterNet

A b8 PGB 1 i SORAT B  PRAG 68 30 i 15 37T MR I E3NASHRIE LAy
ML 2Z T, A& X H %5 LiteEnhanceNet, LU2Net LEAEZ T fE b B R . fF Test_UIEB
VL AETC 2 75 B0 A W AL BRSOR 2 A P T A AR b AR A 2 R bR R A0 Li-
3. 4.2 RBEN teEnhanceNet 1 Phaseformer, {H UIEDB %% #% £

by 4 VAL A5 7 1k Y 1 3R P BB L 7E Test. 2B PR AR 1 T T 3 P R 1 RS R 2 i AR
LSUI, Test_UIEB il Test EUVP 3/ £ % # U7 ¥E I IE A UCIQE 468 #5 ¥ 35 3 & f , PSNR
4 FiHE T PSNR,SSIM, MSE, IE, UIQM A R AT =, X AR TR SOy B A
UCIQE f8 b5 , 5 R W 2 1 i /R o 7 Test_C60, Test_UIEB 4 4 19 A % P . £ Test LSUI Al
blue, blue-green, green Ll & Test RUOD J&t & % Test EUVPEi#lE 4 A X H WA S H 1
B i T UIQM, UCIQE #il IE #8475 , 45 PSNR, SSIM 1 MSE ¥ Ry el , H IS % fabr
MR 2R . R TR AL B AF . R 20 W, AR ST kA Test_C60,

x1 BESEHEETNIERITLL

Tab.1 Comparison of evaluation metrics on full-reference datasets

Dataset Methods PSNR/dB SSIM MSE IE UulQM UCIQE
Test UIEB Ours 19.09 0.7378 1041.844 4 7.1927 3.3951 0.577 4
WaterNet 17.79 0.786 7 1544.817 3 6.8811 3.467 3 0.5230

FUnIE-GAN 17.62 0.7138 1489.798 5 7.150 4 3.9759 0.569 0

MSRCP 10. 49 0.552 3 6 208.304 0 6.002 4 2.2452 0.4555

UDCP 14.19 0.676 8 3094.6051 6.826 9 3.5254 0.561 6

Shallow-UWnet 17.09 0.680 0 1624.576 9 6.884 5 3.0529 0.5252

LiteEnhanceNet 21.48 0.8561 615.659 5 7.1385 3.966 7 0.567 9

LUZNet 19.01 0.828 3 1097.4380 7.0854 3.654 5 0.556 0

Phaseformer 23.01 0.897 4 436.2737 7.099 9 4.1315 0.546 8




3098 e K TR 55 34 %

ZR1 ASEHREETFNERETLL

Tab.1 Comparison of evaluation metrics on full-reference datasets

Dataset Methods PSNR/dB SSIM MSE IE UulQM UCIQE
Test_ LSUI Ours 25.13 0.849 1 265.733 3 7.1501 3.3229 0.5734
WaterNet 21.22 0.8191 592.5457 7.028 0 3.3602 0.526 9

FUnIE-GAN 21.65 0.7918 773.8797 7.1309 3.9101 0.5709

MSRCP 12. 36 0.570 3 4446.882 5 6.1047 1.963 6 0.456 5

uDbCP 15.61 0.6850 2427.4845 6.8126 3.036 2 0.542 8

Shallow-UWnet 20.45 0.7687 949.169 0 6.8524 3.0209 0.522 3

LiteEnhanceNet 20.52 0.8267 801.719 2 7.1322 3.3417 0.5947

LUZNet 25.06 0.8458 339.697 8 7.1256 3.7526 0.563 8

Phaseformer 20. 34 0.788 4 768.156 0 7.0757 4.5153 0.569 7

Test EUVP Ours 25.69 0.8217 226.7317 7.129 1 3.4705 0.5756
WaterNet 20.79 0.7877 669.092 0 7.1205 3.5236 0.544 0

FUnIE-GAN 23.53 0.806 1 399.244 0 7.299 5 4.179 4 0.594 2

MSRCP 12.95 0.542 9 3998.5935 6.088 4 1.8791 0.460 6

UDCP 17.58 0.6951 1411.794 4 7.0146 3.3911 0.580 5

Shallow-UWnet 22.65 0.801 6 458.027 1 7.1572 3.5675 0.5652

LiteEnhanceNet 18.72 0.768 9 1119.859 2 7.546 4 3.616 0 0.614 1

LUZ2Net 24.80 0.8158 291. 836 0 7.100 1 3.8077 0.5651

Phaseformer 19.14 0.7558 956. 856 7 7.3656 4.5611 0.584 6

R2 TSEHREKITMIERITLL

Tab.2 Comparison of evaluation metrics on no-reference datasets

Dataset Indicator  Ours MSRCP UDCP FUnlE WaterNet Shallow LiteEn LU2Net Phaseformer

Test_C60 UIQM 2.6310 2.0530 2.3653 3.0450 2.6220 2.2698 2.4551 2.2672 3.3576
UCIQE 0.5398 0.4532 0.5126 0.5350 0.4888 0.4793 0.5340 0.5132 0.5279

IE 6.9224 5.9600 6.2722 6.7986 6.5744 6.4790 6.1498 6.6512 6.766 7

blue UIQM 3.5163 1.9071 2.9504 3.9535 3.2139 2.9110 3.6902 3.8273 4.1119
UCIQE 0.5383 0.4320 0.4805 0.5110 0.4654 0.4622 0.5502 0.5278 0.5453

IE 7.3614 6.0274 6.8203 7.1551 6.9635 6.8625 7.2676 7.2616 7.3332

blue-green UIQM  2.5562 1.7296 1.7406 3.0384 2.6757 1.8238 2.8567 3.2361 2.6334
UCIQE 0.5695 0.4408 0.4484 0.5331 0.4804 0.4068 0.5365 0.5616 0.4952

IE 7.2341 6.2183 6.4115 6.9932 7.0221 6.2978 7.1770 7.1523 6.948 4

green UIQM 2.3433 1.7864 1.2732 2.6920 2.4794 1.3368 2.5041 2.6748 2.274 2
UCIQE 0.5279 0.4367 0.4063 0.4931 0.4476 0.3818 0.4875 0.5115 0.437 3

IE 7.1359 6.3081 5.1863 6.8769 6.9969 6.0002 7.0564 7.3006 6.812 3

Test RUOD UIQM 3.5518 2.4021 3.6447 4.0753 3.6986 3.1799 4.3527 3.6729 4.2920
UCIQE 0.5903 0.4633 0.5672 0.5778 0.5395 0.5390 0.5890 0.5468 0.568 9

IE 7.1904 5.9232 6.7316 7.1059 6.8751 6.8931 7.0852 6.9457 7.1561

blue, blue-green, green £ Test_ RUOD J& £ % % KB5S ZKENGERMEEH B — Bk,
P 2 L 3R U B 4 L TE 45 A5 M UCIQE 45 i PSNR 5547 2 % $8 bR R UL F5 5 0 4 R 405 5
BEA R e A0 SR AR fief 55 SRR BR AT RE S BOHE UIQM 55 B2

A STy AR O eR BB T B i 1] DR R 4 O Ziabr LR — . MSE #1004
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RSN, DT B B EMR AR 58 T AR ER
A% B IR . L Z T, Phaseformer 55 J5 32 i FH
BEXF KT R B 48 2% oR R, 78 UG T B 48 b 1 e
B2 VR 1 I S 3 71 e AR o= W N S T 7

REEIKT LRANR , #—5 VP 5 2% FHUR AU
JIE RN MR 0 7 i
3.5 HmXw

R AR 1T NI B VIR < - N I S O R €
Test LSUI L%t TiHA LS . &4 5] A ADC
M CAL, S5 45 R AN 3w

®3 TEEMEENERELLR

Tab.3 Performance comparison of different model configurations

Baseline ADC CAL PSNR/dB SSIM UlQM UCIQE Params/M
N/ 23. 99 0.8415 3.3057 0.5723 0.41
N NG 24.76 0.848 0 3.307 7 0.5735 0.54
N, N, 24. 41 0.845 6 3.309 6 0.5724 1.47
N N, N, 25.13 0.8491 3.3229 0.573 4 1.60

SL Al 7Y (Baseline ) X (3 FH B ) 4% 1547 4y
fE42 HL, PSNR Y & 23. 99 dB, % #5 #4) B H A7 —
SE I FRAE 2 AR 7, (R B = X KR BHR  f 5 A
B 0] A o PR B R ACRATBR o ImA CAL
Ji ., PSNR #£ J} & 24.76 dB, SSIM #& 7 &
0. 848 0, UIQM F1 UCIQE A8 X 4 7t , 15 U A7 %4
TR % T T I e N e R 2% S B ok [ 3 N R R
HIEAE, E T AR IERLE . 1F Baseline I
A ADC J& , PSNR $# F+ % 24. 41 dB, SSIM #
T2 0.845 6, B itk 1 J7 In) M 45 FUAE Y™ KR 3Z B |
8O 20 Y SCHE T A R . RIS CAL A
ADC J& , PSNR # — # £ 7} & 25. 13 dB, SSIM
KE0.849 1, PHASBIH Y ip [F] 4 F 2 >k 1
P — L 1 35, UIQM FI UCIQE 48 A1 1 8] 4
P& TE AR B T B T A 1 ] GORRH T TH
A R

Ry T E A G B S, AR SCHE AT T
BEME ML . e TR R R AL E 2
B T HAEL0.1, 1. 0T N A [RI B (s .
4PN, 2 2=0. 30}, B 7E PSNR F1 SSIM 4§ 45
KM, 40 25.13 dB A1 0.849 1. TG
SRR . L B AR E R 0.3, LU
FEAR IR I 0G5 A A L PE 2 ] IR A A
VA

XFF 4 1) 26 AU AZ KN £, LR IFAR T £=5,
T,9F 11 XA PERE A A . SE U 45 SR an gk 5
TN k=T RV T R B 25 A AR B/

F% A% 5 32 ST A IR T A R ) A A 1 B 6 4 Y
[l f I R A R PERESE T o I, AR SO &R L 4%
=Tt 1) 2 BU) % R/

R4 BARAYPBSYFRAERE

Tab.4 Loss function hyper-parameter sensitivity experi-

ment

A PSNR/dB  SSIM UuliQM UCIQE
0.1 24.88 0.848 2 3.3157 0.5716
0.2 24.83 0.847 8 3.3128 0.5728
0.3 25.13 0.849 1 3.3229 0.573 4
0.5 24.45 0.8408 3.3234 0.5706
0.7 24.70 0.8453 3.3203 0.5720
1.0 24.75 0.846 8 3.3146 0.5722

£S5 HEARESRERBSHFRMEIE
Tab.5 Experiment on hyperparameter sensitivity of axial

depthwise convolution module

k PSNR/dB SSIM ulQM UCIQE
5 25.01 0.8497 3.2734 0.5707
7 25.13 0.8491 3.3229 0.5734
9 24.80 0.846 2 3.2669 0.5710
11 24.97 0.8411 3.2752 0.5724

T SR UE A SCHR 7 5 AT RACR 5
P RE 2 18] B P i DI 3, 23 0DRE A SO A7 Rl A B Rk
AT ADC 6 B 53 531 5 46 59 5y BE AR AL A9 B A A
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MK 67T LUF i, AR ] CBAM 19 24U
5 = AR, H R R e 55 . AL
T LA SCRY B AL G i T 0.07 G IS 6
PSNR #14 1. 67 dB iy #& F+ . 5 f# H] Strip Pool-

ing B RIAR Eb , AR SCOT ki 5 2 LF
ARl {5 PSNR Al SSIM 48 b |43 B BUE T 0. 75
dB 0. 045 8 R . M LT F , 4 SC 7 L AR 18
A S 1 IO R A R T ) 0 % 0 A
1) B B 1R
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Tab.6 Efficiency and performance evaluation of different lightweight modules

Method Params/M FLOPs/G PSNR / dB SSIM UulQM UCIQE
Ours 1.60 0.13 25.13 0.849 1 3.3229 0.573 4
CBAM 0.54 0.06 23.46 0.8231 3.284 6 0.572 2
Strip pooling 1.59 0.13 24. 38 0.803 3 3.3252 0.5729

3.6 REHEE

£ CPU L, X% 100 3k AN [\ 43 B %K T B{R
FF R TE GPU it i) 4 B1RE B0 3t | 5 90 4 4% o
25 K N K A% B 5R 5407k 1L U2Net, LiteEnhanceNet
F Shallow-UWnet i XF b g5 SR a2 7 fros . A
ST EETE 256X 256 2 3 840X 2 160 By 4 2 K
X T) PN, B K S 342 47 i a) 34 8 3 KT X A
BLHAAMREE S REMRABREL . 4K
(3 840X 2 160) 73 HE T , A SCJr 1k FLEK FE I AL
0.5350 s,

ARSI ERHERE SR bR K R %7 B
TREMET K. KT HEMAT & FKTHLEEA
R iR AR RO & A S AR R IR A
BR A OB 2 B 1,60 M, FLOPs fUH
0.13 Go FESEHIE 7 1H , K T B brAs il |k B 25
U AT: 55 R R R A B RO AR T 10~15
FPS, 4~ 3CAE Jetson Orin NX _E R FFJiH TensorRT
JE, XF 256X 256 [ 1R (4 4b B JE K 14461
frame/s, 1080P 5 Hf M4 i £ % 7F 20 frame/s, 1§
JESCRTPEZY R,

RT FEASPETREMA LR EHIEITHRE

Tab.7 Average running time of various methods at different resolutions (s)
Method 256X 256 1280X720 1920X1 440 3840X2 160
Ours 0.017 2 0.076 3 0.1975 0.5350
LU2Net 0.047 6 0.534 6 1.4500 5.2818
LiteEnhanceNet 0.046 5 0.688 1 1.638 8 7.8175
Shallow-UWnet 0.1129 1.6129 4.0980 12.648 2

AR SCHE T — Rl e R Ol A T O
7RG KN BUR B9 W 4% . &1 XK R
806 K FL 405 BRI A5 [a) 3, DL ShuffleNet V2
Shy Y ik G B 2 S I B R AR B I, A R UL O AT
VTl 1 R S B H S T R 2 B
25 (6] 5 30 38 2 FE RS R R R, O ot 4 R ik 22
T 2 o6 AN 0 ok T BT RG9S A

&, 1E LSUI, UIEB, EUVP % 2 4> /8 JF 54 4
L R W], AR Sl i 7E PSNR, SSIM, UCT-
QE %5 CHE 5 b 0 T 32 0 b Bk, 1 R 1%
G AR U0 I, UL R G A 2 2
18 oS 5 B4 LI TEAR 25 Rk — 2L 50 T 3L
s TR ZARET . TH A S5 K T
Al ) VR B B 3 T T R B e ) P [ 4 2 sk
N, 3 A T AR A R — AR ) 1 i
Fho M g B 0 YRR SR B B T B A D 2 4
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