% 50 % % 22 H1/2022 F 11 B/BES A FERE

It Bl St FFIHE

TR o 2 1 A BLph 2 R 5 iRy K PR B i

R, BTW

PRSP R 2F 2= B, BEPY Y% 710055

WE TPk T B A EE B0 R 22 5 A0, 2 —Fh 3 T B S B e M B K T BRI sk Bk . i
SR AL B K T BRI AR SR 21 2% 35 (RGB) (8, 225 [] % 460 3] €8 98] A0 RN B 5 B2 (HS'V) 08 25 ], P = €5 0] 50 £ 15
JE 53 AN ) A B i 8 190 0% o AR R B A3 S d i L SRS R SRR I A I 4 A A i sk R e B 1N TR R B s e L B
ks 5% 22 35 1 BREREE 1 R 2 N B R AE Gl ok, A IE BB R T . SO AL I 2% = R T 6 - SO 2 Ak B T ) T A 2 Y
Ak G U — 25 S ORRAE (5 B o 5 5 i o G 63 AR 28 ) 4% E AT R Y Sl HE B 5 HLL Vil B 2R AT A O 19 210 3 i
HIK N RIS . SC0 25 5 F W 32 0 0 B 0 A /KT IEHR AG ZK T 2 €6 RS TT 1 1 A~ 3 RT3k 210 0. 616875, /K [BIG it £ )
HE BRI H] 5.197000, % HCEE 3 I 48 H 9 KT TR R i B S ARG i AR R A, LB R 0 A5 R AR A NS
I

KR LA, K FEME; BRI, momMmIELR,; TFEILIL; e

FESEXS TP391 XERFRERD A DOI: 10.3788/LOP202259.2215004

Underwater Image Enhancement Based on Dense Cascaded
Convolutional Neural Network

Chen Qingjiang, Xie Yali

School of Science, Xi’an University of Architecture and Technology, Xi’an 710055, Shaanxi, China

Abstract To solve the low contrast problem of underwater degraded images, an underwater image enhancement
algorithm based on a deep cascaded convolutional neural network is proposed. First, the degraded underwater image is
converted from traditional red, green, and blue to hue, saturation, and value color space, which retains the hue and
lightness component without changes, and the cascaded convolutional neural network is employed to examine the
saturation component improvement. New dense blocks are introduced in the process of feature extraction network encoding
and decoding. The dense block combines residual connection, skip connection, and multiscale convolution to correct color
distortion. The texture refinement network employs six texture refinement units to extract feature information from the
refined image. Finally, the S-channel image is extracted using the cascaded convolutional neural network, which is
combined with the H- and V-channel images to achieve an improved underwater image. The experimental findings reveal
that the average underwater color image quality estimation of underwater images improved using the proposed algorithm
can reach 0.616875, and the average underwater image quality measurement can reach 5.197000. The comparison
algorithm findings reveal that the proposed underwater image enhancement algorithm not only has a good improvement
effect but also ensures the improved images are in line with human vision.

Key words maching vision; underwater image; convolutional neural network; coding and decoding framework; computer

vision; dense block
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Fig. 5 Degraded underwater image, clear underwater image corresponding to degraded underwater image, HSV color space image

corresponding to degraded underwater image and its component images. (a) Degraded images, (b) corresponding clear

underwater images, (c) corresponding HSV color space images, (d) corresponding H component images, (e) corresponding S

component images, and (f) corresponding V component images of coral and whale skeleton
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Fig. 7 Experimental results of different algorithms. (a) Original images; (b) CLAHE; (c) UDCP; (d) FE; (e) CycleGAN; (f) WSCT;
(g) prposed algorithm
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Tablel UICQE comparison of results of proposed method and several other algorithms

UCIQE CLAHE UDCP FE CycleGAN WSCT Proposed
Imagel 0.438 0.480 0.59%4 0. 620 0.602 0. 597
Image?2 0.413 0.453 0.616 0.617 0.603 0. 664
Image3 0.521 0.553 0. 586 0.610 0.612 0.613
Image4 0.475 0.616 0.614 0. 658 0.556 0.603
Image5 0.563 0. 641 0.603 0.601 0.618 0.638
Image6 0.491 0.417 0.597 0.593 0.519 0. 603
Image? 0.549 0.608 0. 647 0.584 0. 596 0.624
Image8 0.489 0.564 0.579 0.548 0. 557 0.593
Average 0.492375 0. 541500 0. 604500 0.603875 0. 582875 0. 616875
# 2 ARMITIEANHAR LA ST P AR AR ) UTQM X L
Table 2 UIQM comparison of results of proposed method and several other algorithms
ulQM CLAHE UDCP FE CycleGAN WSCT Proposed
Imagel 1.423 1.248 4.315 4.306 3.237 4.953
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Image3 5. 560 5.574 5.490 5.555 5.658 5.960
Image4 4.809 4.139 5.250 4.166 4.902 4.921
Image5 4.914 4.554 4.496 4.210 4.708 5.297
Image6 4.959 4.973 4.393 4.366 4.421 5.015
Image? 4.783 4.982 4.962 4.925 4.858 5.307
Image8 5.131 4.903 5.399 5.209 5.153 5.738
Average 4.007500 3.903500 4.811000 4.566375 4.479625 5.197000
o, SHME, AT B E NS UIQM 8K F F 3 PRI BY R Al JL AT T 45 245 2R 14 2 UL PP A 48 B B
b UCIQE Bt T e 2 8 i Table 3 Subjective evaluation index comparison of results of
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S T U b S A S 4R e e b A s e DL R AE U Evaluation index UCIQE UlQM Time /s
T S5 AG HR S TN B 2 T 4 I 2 I, R FE A SCER HY 9 2 Modell 0. 5861 0. 2145 0.53
EC 4% 25 U 28 R0 2 (B modell) 8 T AR JLA 527 . 0.4927 48713 0.49
SiF LSz i Model3 0. 5146 4.9857 0.51
1) A8 2 B 9 25 FEUR 22 0 4 (model2) s Modeld 0.6027 53064 0.60
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(e) proposed model’s result
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