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DRHA-UIE: An Underwater Image Enhancement Method Based on
Dual Residual Hybrid Attention Block
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Abstract: In seawater, light suffers from scattering and wavelength-related attenuation, which makes underwater im-
ages exhibit color distortion and low contrast. In this paper, we propose a robust method called dual residual hybrid atten-
tion underwater image enhancement method (DRHA-UIE). The proposed method uses an improved dual residual block for
features learning. To capture the significant features, a hybrid attention mechanism is introduced in the dual residual block,
which infers the attention weights on the features along the channel and spatial dimensions. To train the proposed method
end-to-end, a joint feature loss function that consists of pixel-level loss, structural similarity loss, and content-aware loss is
designed, then enhanced images with finer textures are obtained. In addition, a revised underwater image formation model
(IFM) is applied to optimize the underwater image enhancement benchmark dataset (UIEB), and a dataset with higher visual
quality, new-underwater image enhancement benchmark dataset (N-UIEB), is obtained. Experiments show that the en-
hanced images trained by N-UIEB have more natural colors and sharper details than those trained by the UIEB dataset. The
proposed model is extensively evaluated on the above two datasets. Results show that the DRHA-UIE method effectively
enhances the image quality subjectively and outperforms the other 10 state-of-the-art methods in quantitative comparisons.
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nel Prior) ™ ¥ 0 452 3 J5 vk | AN 75 AR e % R 4
AT, % F UGAN"™ [ FURIE-GAN'"', Water-Net' "/,
Shallow-UWnet!'®’ s Ucolort"! , £ B 1k FFA-Net ( Fea-
ture Fusion Attention Network) "*2' Il J 7 3 DRHA-
UIE J7 5 , i Ji] N-UIEB 308 42 0E 4711 %

Qs 9 FraR , UDCP 3545 i 14 5 KR e AT 3L B
K BG4 B s US  BHR
58 1 B0 st histogram-prior , retinex-based LA )5
fusion-based K15 i 70 B ot G b & 5| AL fh 52,
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fusion
based

retinex
based

histogram
prior

JE UDCP

&9 Kt DRHA-UTE 5 HAb 7 340045 1k L%

B0 =47 78 5 Shallow-UWnet 3% 18 16 38 5 (& {2 H
AN BRI, BB 19 25 BR RO B 2%  UGAN
Water-Net UL M Ucolor 545 i85 434 5 [RG %F F- 8 oK
P B b AR R A 2, RIME LA R 0 A BSEM ; FURIE-
GAN J7 R4 R HE s E, AT R 1 RMR RS L
JE A4 B A PG MBS R B, B2 iR I R385
DA K U RS 20 04 [B)et , 40 8] 9 i J — A7 JR AR OR
F T . i AR SCH Y 9 DRHA-UIE Jr 25 F %5 55 30k
FFA-Net 7541 U TF 41159 52 FIXT L BE 4 w8 7 T 4 2%
WAL RAS T 5 2% BUG Lo b fe Ry 2 0 1 3 5

E1% .
3.3.2 EMEH

S 3K DRHA-UIE J7 i 0 M 8 , 4% SC R H PSNR
(Peak Signal-to-Noise Ratio) 1 SSIM W i % & T fit 45
FRXd 7 5 AT BT . A SO DRHA-UIE K% L
HEAE UIEB 5048 42 A N-ULEB B8 4 43 W4T 1 I 45
A, X3R5 1 BRI T35 PSNR & SSIM 1 31 4
BRfE, HTF R (1) S50 A FLOPs {H , e 2408 45 21
W 1R (I Ah 3 24 2 1 7 vk 2 PRGOS 34 &%
HE2Z 10 2 (B kL 2R )

*1 UIEBFIN-UIEB#iE&183B 2 BTt

‘ UIEB N-UIEB )
Ik FLOPs SR
PSNR SSIM PSNR SSIM
histogram-prior” 19.064 0 0.7875 18.890 0 0.787 0 — —
fusion-based! 222316 0.848 9 22.237 8 0.849 2 — —
retinex-based" 17.398 8 0.768 2 17.394 3 0.768 0 — —
uDpcp® 12.936 8 0.6199 12.9170 0.6195 —
UGAN!™ 227427 0.901 1 22762 8 0.900 1 18.0G 41.8 M
FUnIE-GAN" 22.768 0 0.853 5 22.1239 0.8318 102G 7.0 M
Water-Net' 20.2270 0.870 0 20.233 3 0.869 5 70.7 G I.IM
Shallow-UWnet"'®! 20.783 0 0.836 0 20.836 0 0.8340 216G 02M
Ucolor™"! 22.0517 0.879 0 22.048 1 0.879 2 2805.3 G 1574 M
FFA-Net* 34.859 7 09777 34.369 9 0.975 6 3027 G 47 M
ATy 30.054 9 0.966 7 30.083 9 0.967 0 120G 09M

P 1 AT, AR SCHE 9 ik A IR B e 4 UTEB il
MO BCHE 4E N-UIEB |, PSNR 1 SSIM W 15 5 A1 45 S 1
HEA S8, M BE LT X6 b B /K T R 35 Jr i, FLASE
RIBHEN, IEAE/NT 1/5 SH0R TS 5 R
P23 555 581 FFA-Net, B {1 T EERIGEAEZEK R HLAS A
BUK T AT a5 MR A FisdT.

A SR AEAE EUVP U4 % X DRHA-UIE % L
ITEIEAT T YR AT , 2 B0 45 38 1 45 A AH LA Go-
Pros X% USB % , 76 2 Fi 56 UL B 14V 1 A 05 rh i 4R R

14, 3508 ] CycleGAN A& B AH R A9 B X EHE , EUVP 4
LRSS R NR 2 FR . R 2 BT AR SO R
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3.3.3 AREHIEEIGEE R
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F2 EUVPHEUIREIEEERITLL

WIRES PSNR SSIM
UGAN™ 18.759 6 0.785 5
FUnIE-GAN"! 17.686 7 0.662 2
Water-Net'™! 155829 0.741 4
Shallow-UWnet!"® 19.439 1 0.803 6
Ucolor™ 19.501 9 0.8470
AT 19.598 3 0.848 0
%3 UIEBEN-UIEB ##E &858 E & UIQM 35HR{E
Btk uIQM
UIEB 4.9479
N-UIEB 5.054 1

110 'R 1 P A RRcH 4R 2 AR A i g R .
i, AT 2R DL UTEB S 8088 4215 2 () 3 0 25 21 |
TATFEIR LA N-UIEB Ry B4 4 15 1] ity 38 5 25 51, W8 mf
Y, W A RO T KR MG R A AE R EL R AR RN
i €5, [0 {31, (B A% T UTEB, 3£ T N-UTEB VIl 2545 2] 1 1%
558 235 SR ASORYT 1) 2 B AR B n B S, A5 3 ) RS LA
T SR 1 o R Y A T 4 Y

N-UIEEB%(#%
SRR

K10 PLUIEB. N-UTEB Al 2B 45 3545 Ay o (<144
4 itig
4.1 WKEHHRLEIE

R PRSI pR BT 1 BRI SRR AR
ST PN 25 B4 2 T 3] %o S 56 2 S X R, K 45
IR AT W Rl 925 . 7E N-UTEB 5038 5 123 3l F R
(7] P 90 2 RS A TN R A ik, e 2 S 25 SR N 5% 4
7 (UL AL SR R I 45 5 ) | HEA T = ny 45 SRk 2
AN, BRSO B IR R IR A R pR BT AR
155 iy PSNR 1 SSIM 8 FRAH .

L1 JER Tt AN [R5 2% R B 53 i N 2R 3845 1 38
SR ZE AL b i R — AT R RS = AT RGN i xR

F4 RETUHRER

EnPNYl
PSNR SSIM
Loss,, Lossggy Lossper
N N 28.3022 0.966 5
N v 30.059 7 0.953 2
N N 30.060 1 0.966 7
N N N 30.083 9 0.967 0

OSSR, NP 11T 7R AR T HA A 2% pR 2, AR SCfE
FY 15 % PR RCRE 5 15 B BT 0 3 SR AT R R 9
G5

J & wloh w/o PER  w/o SSIM AfEH 2% E %

BT oy S AN TR O R AT ) S i 4

4.2 FENVHE IS

KR FEAR SCBETT BITR A T TR I B AR 7K R iR AT:
55 W ROAE R B AR SCHR M A TR A TR TR R LA B Woo
A4 1 B9 CBAM (Convolutional Block Attention Mod-
ule) 735 A DRHA-UIE 7, Ff XA SCIR A 1 B ) Bk
P 168 B R 2 2R BORN 5 3 BN J2 W IR 4 AT T A F
5, LR UEAS AR & 1 B 1 1T 7 276 DRHA-UIE
BPERE. B e A4 BIAE N-UIEB %4 £ 11 25 1 500 %2,
FEN LSRR S s . SRR ARG TR A
TR IR BE S TG R MU TR AR B R T R A A
W, 7E A B 2071 R A A% TR S 4 A S8 1 T R B iR T
Y, 3545 (4 3% 58 [ 1% 76 PSNR I SSIM W 39 48 47 24 T
CBAM.

®5 EEANGERER

E=waALiIN PSNR SSIM
CBAM 24.044 8 0.928 1
CBAM + 4 %5 BN )2 26.7372 0.949 0
CBAM + 1B %4 5 4 24.505 5 0.9255
A SCR A T TR 28.557 6 0.961 5

4.3 ETEREEEHITER

SUE A SCRETE AL 7 AR, BRI T B SOK T
i 4 UTEB F1 N-UIEB (%) SZ 36 b, A SCik 3 T 6 i
AT TUNZRANIR . Li%e A7 H K R 35 i 4
BRI FG 2 1, DL RGB-D NYU-v2 %8 P4 3 48 48 y 5t
filt, A T RS A UK R BE, Forh A R
T 1) FF [ ¥ 385 (B Type-L., Type-IA | Type-1B . Type-11 F
Type-I11) F1 Fi. F 245 7Y (% W5 165 ¥ 3 ( B Type-1. Type-3.
Type-5.Type-7 Fl Type-9) . A SCIEHF T = Fh gL RIS A
HEAT 92 06 45 R B X Fe, 4 B ¥ 8 UWCNNDT
UWCNN-SD'"*' Shallow-UWnet''® L } Ucolor", %% H i1
Fo i, HohHE# e 45 L s, 25 SRR A
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SCOTIEAE = PR KR B 4 R B3RS T B
SSIM 1 Fl 5 =1 B PSNR {H .
£6 ARNEEBERTE

. Type-1 Type-5 Type-1II
ik PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
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