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FEX, T #, mak"
(LEEFEAY FE¥K, EE 201306)

i

FEE A DG KT A 4 o R b plg WS B 2800 5 B KT G X b AR B £, G L I A B2 — AR T In-
ception-Residual FIA4: XS T 46 1K T BGIG SR . B %6 B K T R4 2 256 X256 X 3 K/, LLkAE T
SRR B AL . B B Inception B | 5% 25 JEAEL | gt 7 Ak 1% &5 A4 A0 25 J 6T BT B0 45 AH 45 A, #4  IRGAN (Generative
Adversarial Network with Inception-Residual) 5 %1 S 358 /K T E% . SR S5, A 4 J5 A AL ME: | P9 28 8% 20 0 60 72 J8 R A o
22 T 5% BRI R, 249 TR AR R 00 2% R Sl D0 2% R X BN 5 . B 5 I R A S R X SR Ak K T AR R AT A B L AR A5 BT Y
KTFEMG, SCRas SRR . 5 30A BRIy v AH L, BT 32 vk 3 58 19 K R S #E PSNR.LUIQM 1 IE #6545 b (19 - Y18 43 31
L3 A4 3R F 13.6 00 .41 0 H1 0.9 %0 o 7E 32 WU A 20 WAl o, 1958 U 09 7K T PGP 185 AT 2 L XoF L 2 8 5 R 231 €5 4% I
5 T Y575 3 B0

x # OB KT BHEER; Inception-Residual 43k 5 45 A R AL 25 My 5 & & 3 40 A 45

HESES TP391.41  XEKARIRA:A  doi:10.37188/CJLCD.2021-0058

Underwater image enhancement based on Inception-Residual and
generative adversarial network

WANG De-xing, WANG Yue, YUAN Hong-chun”
(College of Information Technology . Shanghai Ocean University , Shanghai 201306, China)

Abstract; To solve the blurring, low contrast and color distortion problem of underwater image caused
by light absorption and scattering effects in the underwater environment, an underwater image en-
hancement algorithm based on the Inception-Residual and generative adversarial network is proposed.
Firstly, the degraded underwater image is scaled to a size of 256 X256 X3 to obtain a data set for the
training model. The Inception module, residual idea, encoding and decoding structure and generative
adversarial network are combined to build an IRGAN(Generative Adversarial Network with Inception-
Residual) model to enhance underwater images. Then, a multi-loss function including global similari-
ty, content perception and color perception is constructed to constrain the antagonistic training of gen-
erative network and discriminant network. Finally, the degraded underwater image is processed by the

trained model to obtain a clear underwater image. The experimental results show that, compared with

Y #R B #8:2021-03-013 83T B #1:2021-03-29.
EETHE:HEK AR FHESE No. 41776142)
Supported by National Natural Science Foundation of China(No. 41776142)
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the existing enhancement methods, the average values of the PSNR, UIQM and IE indicators of the

underwater images enhanced by the proposed algorithm are improved by 13.6%, 4.1% and 0.9%, re-

spectively, compared with the second place. In subjective perception and objective evaluation, the

sharpness, contrast enhancement and color correction of the enhanced underwater image are improved.

Key words: image processing; underwater image enhancement; Inception-Residual module; encoding

and decoding structure; generative adversarial network
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Fig.5 Examples of training set samples
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Fig.6 Examples of test set samples
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Fig.7 Results of comparative experiments without
IR module and with IR module. (a) Under-

water images; (b) GAN; (¢) IRGAN.
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Tab.3 Experimental results by GAN and IRGAN on test
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Method PSNR SSIM
GAN 21.215 7 0.730 0
IRGAN 22.704 0 0.741 5
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Tab.4 Experimental results by GAN and IRGAN on test

set B
Method UulQM 1E OG-IQA
GAN 2.632 5 4.685 9 —0.747 1
IRGAN 2.863 4 4.794 0 —0.779 6
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Fig.8 Qualitative comparison of different methods on test set A. (a) Underwater images; (b) CLAHE; (¢) Meth-
od of Ref. [7]; (d) UDCP; (e) Water-Net; (f) FUnIE-GAN; (g) Our method; (h) Reference image.
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Tab.5 Quantitative comparison of different methods on
test set A
Metrics PSNR SSIM
CLAHE 16.692 9 0.659 7
Ref. [7] 18.355 6 0.684 4

g x
Metrics PSNR SSIM
UDCP 13.223 1 0.535 4
Water-Net 19.990 6 0.724 8
FUnIE-GAN 19.357 4 0.692 3
Our method 22.704 0 0.741 5
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Fig.9 Qualitative comparison of different methods on test set B. (a) Underwater images; (b) CLAHE; (c¢)
Method of Ref. [7]; (d) UDCP; (e) Water-Net; (f) FUnIE-GAN; (g) Our method.
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Tab.6 Quantitative comparison of different methods on

test set B
Metrics uliQM 1E NIQE  OG-IQA
CLAHE 2.6749 4.664 8 32.9972 —0.6852
Ref. [7] 2.170 2 4.7196 26.9941 —0.622 2
UDCP 1.676 6 4.467 8 31.021 0 —0.676 0
Water-Net  2.749 7 4.747 9 46.644 6 —0.617 6

FUnlE-GAN 2.341 8 4.650 4 41.1683 —0.747 5

Our method 2.8634 4.7940 47.8873 —0.779 6
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