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Abstract: While deep learning methods show promising visual results, current end-to-end networks often
lack tailored architectures to address common issues like color distortion and texture blurriness. To im-
prove their effectiveness, we propose an underwater image enhancement network that utilizes joint texture
perception and color histogram features. The network comprises a texture-aware module, a color histo-
gram extraction module, and a color-texture fusion enhancement module. The texture-aware network in-
corporates a deformable transformer module, leveraging spatially aware deformable convolution to en-
hance multi-head attention and extract texture features. The color histogram extraction module harnesses
histograms from real underwater images to compute the loss function. Subsequently, the color-texture fu-
sion module merges the color and texture features, which are then processed by the enhancement network

to produce the final results. This approach effectively preserves texture structures, corrects color distor-
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tions, and maintains information consistency. Extensive experiments demonstrate that our method surpass-

es existing underwater image enhancement algorithms, achieving a 10% increase in the UIQM metric and

reducing processing time to just 0.051 s per image. Our model successfully meets the demands of underwa-

ter visual enhancement tasks.

Key words: image enhancement; multi-head attention mechanism; texture perception; convolutional

neural network(CNN); deep learning
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Fig.1 Architecture of underwater image enhancement using joint texture perception and color histogram features
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Fig.9 Visualized results of color features with different dimensions
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Fig. 12  Architecture of color texture fusion module
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Fig. 13 Architecture of color-texture fusion-based under-

water image enhancement network
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Tab.1 Values of N, under different water types and light wavelengths
Type R G B Type R G B
I 0.982 0.961 0. 805 1 0.875 0. 885 0.750
1A 0.975 0. 955 0. 804 3 0. 800 0.820 0.710
1B 0.968 0. 950 0. 830 5 0.670 0.730 0.670
11 0.940 0.925 0. 800 7 0.500 0.610 0.620
111 0. 890 0. 885 0. 750 8 0.290 0. 460 0. 550
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Tab.2 Results of ablation studies on synthetic images

Model PSNR SSIM
w/o G 22.15 0.853 5
w/o C 22.23 0.862 2
Depth-MSA 24.11 0.899 1
Texture-RB 23.74 0.8829
w/oF 23.65 0.8807
Ours 25.35 0.903 4
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Fig. 14 Visualized results of different variant models
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i . HUIE BEAT 202 B Jat A5 A o 2% € fih L H 3k
JEE 1 i A R L R 52, A 15(h) o
78 o ALAN HI Swin-conv 5. 3 i & 32 K & 1 5
25 MR A5 R I T A R R R A AR RS,
Wi 15(d) #1 15Ce) firn . WDN 1y 3 5i 45 5 2
o i, AR 15Cc) FIrm o A SO 1 34 o 245

BREARYT MR, SELESERBQEEL.
15 0 A% R J5 AR T B9 PSNR/SSIM i £ B, A&
SCHEVE B B i PSNR J SSIMAEH ., R T #F—
A B UE A SCH VA A Bk, SR JH PSNR, SSIM,

EI, PCQI, UIQM #l Entropy £ & 5% & 4 I i 45
HEAT T ARVEAL S e AR T S A A R gk 2
Fi7R o BT UL AR SRR A B B i Ak g
N (R
3.5 EXRATEEBELERITLL

76 352 RS R0 08 48 UTEB 1 5 44 34076 1l 7k
T B HRACR . W UIEB Bk % 7 3 i Pk skt
MK T MR (OB 16(a) ) o 4553035 X 3 I 1% 1
g 25 WA R 16 (b) ~16(g) ron o Al I,
HUIE 5 Swin-conv 55 ¥ A H 3% A 1 Bk 6 0w , 18
M TE AR E, KR RO LER
JA A 16 (b) A1 16 (e) B 2 =47 PrR o WDN
VAR W SROK T R b a i B om0 45 R R B
JER AT, JRy B Ak 5 A B4, A&l 16 () 58 = ATy
. U-THEBMH R BN E RS, KRG
4 BORE L W 16 (0 rs o ALAN B39 19 3
SR LB R, AR R B an ] 16 (d) 5 AT



2124 P

K TR

o532 %

; e

12.98/0.664 7

14.62/0.701 3 13.89/0.658 5

12.58/0.664 7

11.09/0.506 0

(a) MIHEEIE  (b) HUIEH S
(a) Original image 4R sER gEE
(b) Results of  (c) Results of  (d) Results of
HUIE WDN ALAN

12.27/0.5215  13.52/0.741 5

14.98/0.709 0

) ¥
(5]
By

12.71/0.639 1
(c) WDNE L (d) ALANE I (o) Swin-convE (f) U-THIELER (2) AXEZELE  (h) BRGER

12.64/0.649 8

12.65/0.522 3

| §

¥

1121/0.5747 :

23.73/0.900 2

heER (f) Results of U-T 5 (h) Ground truths
(e) Results of (g) Results of our
Swin-conv method

F15 & BK T FBIE SR 25 5 1L

Fig. 15 Comparison of enhanced results on synthetic underwater images

{2 », N

12.98/0.664 7

14.62/0.701 3

14.71/0.746 9

22.12/0.9055  17.61/0.819 0

19.75/0.614 9

///

T i g

18.23/0.827 8

12.58/0.664 7 23.73/0.930 2 +oo/1
(2) WiREE () HUIERR: (o) WDNEE  (d) ALANEEE () Swin-convE () U-TEIELER (o) AE L  (h) 3EBLEER
(a) Original image R R R ek (f) Results of U-T 5 (h) Reference
(b) Results of  (c¢) Results of  (d) Results of  (e) Results of (g) Results of our
HUIE WDN ALAN Swin-conv method

F16  EIKT EIRIESREE RN 1L

Fig. 16 Comparison of enhanced results on real underwater images
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Tab.3 Comparison of enhanced results by different algorithms on synthetic and real image datasets

Synthetic images Real images
PSNR SSIM El PCQI UIQM Entropy PSNR SSIM El PCQI UIQM Entropy
HUIE™ 11.48 0.635 66.52 0.968 2.395 7.029 18.51 0.8030 74.89 0.986 2.827 7.338

Model

WDN"! 15.88 0.725 71.97 0.971 2.556 7.123 15.23 0.6763 68.45 0.963 2.454 7.022
ALAN" 15.52 0.7311 72.19 0.970 2.591 7.194 19.25 0.8718 73.89 0.977 2.840 7.417
Swin-conv''!  15.48 0.7377 74.55 0.973 2.751 7.241 23.37 0.8907 82.58 0.994 2.992 7.553
U-T 14.78 0.5753 81.52 1.054 3.111 7.824 20.67 0.8806 81.45 1.037 2.986 7.527
Ours 25.28 0.9034 83.67 1.105 3.276 7.952 24.63 0.9006 83.55 1.096 3.105 7.658

conv, U-T Je s % 1 8 90 Bk 5206 90 9030 00 9 X0 BL FE L O A 2 90 2015 3 00 96 25 SR L
3 R B, P 17(0) 17()RIT(DS 17(g)) BATRAE MBS AOR . 22 43— L4 il 45
AP M E R AN . HUIE (GRSRA R SEUEE 60 S Mk AR HEK T F (34 1 10T 349 UTQM
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B 7 A SCRE A L A R R ST B SRR A
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(e) Results of Swin- method
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Fig. 17 Comparison of enhanced results on challenging underwater images dataset
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WDN 0.032

ALAN 0.056
Swin-conv 0.173

U-T 0.183

Ours 0.051

4 % B

ASCLAK T BRI S D BE RN R 32 1 T4
BRI UG 7 R AR A KT TR 50 55 1)
2%, B R SUHUROR R0 2% 6 T PR R AR 4 B
W 28 L K B0t 50 B R 5 1) K PR AR i R 2%
BT, AR SCOR T BB A  45 R S S B B

S E WK

(1] ZR2 X, 2KR4, B%, F. BHM CycleGAN

KT KT BHMEGBORIENT]. L5 HE L
#, 2022, 30(12): 1499-1508.
WANG H T, LIU Q SH, CHEN L, et al. Im-
proved CycleGAN network for underwater micro-
scopic image color correction [J]. Opt.  Precision
Eng. , 2022, 30(12): 1499-1508. (in Chinese)

[2] DREWSPL]JJr, NASCIMENTO E R, BOTEL-
HO S S C, et al. Underwater depth estimation and
image restoration based on single images[J]. IEEE
Computer Graphics and Applications, 2016, 36
(2): 24-35.

[3] SONG W, WANG Y, HUANG D M, e/ al. En-
hancement of underwater images with statistical
model of background light and optimization of trans-
mission map[J]. IEEE Transactions on Broadcast-
ing, 2020, 66(1): 153-169.

[4] LIXJ, HOU GJ, TANL, ez al. A hybrid frame-

TR BE Ve v R B BARRAE o 3 LR P RIT 42 9 A8
Transformer F He > 44 2 50 2B X 25, i 48 3
IR 23 ] J R A A2 JE 45 K 1193 Transformer £
Berh Z 3k @ A HLH R KL, Q. VAE, Wi A AL s
W78 T8 A5 B JL AT BT RE J1 55 Transformer B8k
1) 42 Jry i AR AR BB T A 45 A, 32 TS B 11 S0 3 45
PR o BEJG L ) 2 A 28 St o 22 6 O
FRAE 4R BN 5 12 I 4 Sk 48 BOAS A B S0 B B
BRI K 2 BRSO 8 K R R AE S I T 2% 11
A IR B IR BHR T 7 Bk W i N 2%
EERRAE AR B . 5, R T 4 1 0 0 2
B BB R R A P 26 4 I B € R B B R IE
1 5 Z 50 B, DU R0 & 2060 SO R AE T
B0, 20 Bl A 10 KT PRAG 0 5 IX) 28% S it 34 5, %
BAEAH A RO R B T OS5, I T R B
B, A5 SR B fE B — B SRR
R AR SO B A A T 1 B T A i A e v
SRACHE B ALFE R UIQM /AR T 10% , 3817
] 46 %8 T 9% .42 0. 051 s, AE W /2 /K T HL 2%
Y ER o TEJR S TAE T, 1R IT R ] H S
S TG W B K T R B SR M 4, IR 51 A 3 SR )
T 2%, LA S U0 K T BRI BR85S AL, DL 4
m A ARRE T .

work for underwater image enhancement|[J]. IEEE
Access, 2020, 8: 197448-197462.

[5] #AkTF, Bar, RXF. BT HET60 R 2 R

A KT ER T, b3 #h % 42, 2022, 30
(17): 2133-2146.
HU ZH Y, CHEN Q, ZHU D Q. Underwater im-
age enhancement based on color balance and multi-
scale fusion [J]. Opt. Precision Eng. , 2022, 30
(17): 2133-2146. (in Chinese)

[6] ANWAR S, LI C, PORKLI F. Deep underwater
image enhancement [J]. arXiv preprint arXiv:
1807.03528, 2018.

[7] LICY,GUOCL, RENW Q, etal. Anunderwa-
ter image enhancement benchmark dataset and be-
yond [J]. IEEE Transactions on Image Processing,
2019. DOI: 10. 1109/TIP. 2019. 2955241.

[8] WANG N, ZHOU Y B, HAN F, et al. UW-
GAN: underwater GAN for real-world underwater

color restoration and dehazing [J]. arXiv preprint



%13 1]

B, A5 SOMUBCRIR A B LT BURRAE A KT PRI 45034 5

2127

[9]

[10]

arXiv:1912.10269, 2019
MA Z Y, OH C. A wavelet-based dual-stream net-
work for underwater image enhancement [C].
ICASSP 2022-2022 IEEE International Conference
on Acoustics, Speech
(ICASSP). May 23-27, 2022. Singapore, Singa-
pore. IEEE, 2022: 2769-2773.

LIUS B, FANHIJ, LINS, eral. Adaptive learn-

ing attention network for underwater image en-

and  Signal Processing

hancement [J]. IEEE Robotics and Automation

EE R

RES(1978— ), 55, Ik M, 1
L PRIW, 2012 45 T i [ A R 2R
[ R VAN SR AN S & SN
R I =N @2 RS AR
E-mail: scdyuan@126.com

[11]

[12]

Letters, 2022, 7(2): 5326-5333.

REN T D, XU H Y, JIANG G Y, e al. Rein-
forced swin-convs transformer for simultaneous un-
derwater sensing scene image enhancement and su-
per-resolution [J]. IEEE Transactions on Geosci-
ence and Remote Sensing, 2022, 60: 3205061.
PENG L T, ZHU C L, BIAN L H. U-shape
transformer for underwater image enhancement
[J]. IEEE Transactions on Image Processing,
2023, 32: 3066-3079.



