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Abstract In order to realize the automatic identification of typical species of marine ranching ( sea cucumber) the
multi-scale retinex algorithm is used to process this problem. Based on this algorithm an improved multi-scale retinex
calculation method is proposed for the imaging characteristics of underwater images. The luminance component was
enhanced by multi-scale processing and the ratio of each color channel of the luminance component of the original image
was calculated. The gray value of each color channel was recalculated according to the ratio. In order to improve the
contrast divided linear strength was performed for each channel. The image was subjected to contrastdimited adaptive
histogram equalization. Underwater images were processed with new algorithms. The results show that this algorithm can
remove the blue-green bias more effectively and improve the contrast of the image which can provide a new calculation

method for the development of underwater sea cucumber automatic fishing equipment.

Keywords Scattering  Underwater image enhancement Multiscale retinex algorithm Luminance components

12019 - 10 -23. (2016 YFC1400601) ; ( 2016 65
)5 (2016ZH071) ; STS |-, ( KFJ-STS-ZDTP-055) . :

o o o o o o



240 2021
S(x y) L(x )
R(x y) -
\ \ o S(xy) =L(x y) - R(x y) (1)
’ log R(x y) =log S(x y) —log L(x y) (2)
R(x y)
3-4 5-6
Gray-World . retinex (SSR) * &
. k
logR(x y) =Y q{logS(x y) —log G(x y)* S(xy) } (3)
o =1
2442
; CGi(x o y) = /\exp( ) A ﬂGi(x
. y)daedy =1 o vk k
‘ ko 34,
Gray-World |
LI
- SSR 3
1.2 MSR
MSR SSR R.G.B
12-13
retinex
RGB
. 2 MSR
( CLAHE)
1 retinex
1.1 retinex
retinex Land °
retinex o retinex (MSR) "
Jobson o
o 1
1 retinex 2 MSR



9 : retinex 241

1)
[(xy) =5 (R(x y) +6(xy) +B(x y)) (4)
1, s R(x y) G(x y) B(x y)
2) I, MSR
r(x y) =logR(x y) = > gq{logl(xy) -
=
log Gi(x y)* I(xy) } (5)
MSR m 3 3
. | (ac) (b d)
sigma 30\90\250 ) q; ?, GL( X Ll‘Lz‘L3 k[‘kz‘k3° 85%
y) . Xy Xy Yi Y2
/) 20 k, xXx 0<x<al
sigmal =30: flx) =(k, x(x—2x) +7v, % <x<x, (7)
F1 =fspecial( “gaussian” N1 Ml  sigmal); ky x(x=x,) +y, x, <x <255
Efft] = fft2( double( F1) ) ; PRI £ b (R _255 -y, (8)
/7 ', *x, —x,  ° 255 -x,
DRO = Rffi2. * Effil;
3) '
/IN M
° /I'X, X, = 0.350.75 Y, ¥, = 0.10.9
RGB 0 /1l AN AN
X, =0.35,Y, =0.1;
X, =0.75;Y, =0.9;
(e R ) 2 <0751, 20.9;
Eh(x Y) _rt(x 9’) ]l(x y) fori=1:M;
B for j=1:N
G
Tulx 3) =n(x ) 422 (6) i) <X,
I(x y)
U (i) =Y, * 10i ) /X5
@b(xy) =r1(xy)IB§xy§ elselfl(lj) >X2
t x .. .o
. (D) = (10 J) =Xa) * (1=Y,) /(1-X,) + Y,
ir(w y) (2 y) (v y) else
R.G.B ° (i) =(10i j) =X)* (Y, =Y,)) /(X, =X) +Y;
/I R G B end
Ir = imdivide( RO Tt) ; end
/IR0 R Rr end
1516
Rr = immultiply( Ra Tr) ; 5) CLAHE
4)
’ 4 .
14
a
b () e d MATLAB CLAHE ada-
1 pthisteq( ) o adapthisteq( )
1



242 2021
CLAHE
adapthisteq( T “NumTiles” 16 12 “ClipLimit” 0.02)
“NumTiles”: m Xn 352 x 336
16 12
“ClipLimit”: 01
2 2
MSR o 4- 6 °
12018 9
21.9 C o Windows 10
MATLAB 7.0, GoPro4
1920 x1 080 Ado-
be Premiere
352 x 336,
3
. CLAHE °
“NumTiles” 88 6 4 5
“ClipLimit” 0.01
MSR 6
o 6
o 3
1.
1
4 1
4 5 6 4 5 6
27.182 30.314 18.961 7.145 365 7.255 051 6.750 159
32.658 41.085 27.725 7.347 238 7.502 153 7.307 073
MSR  35.627 39.875 42.674 7.237 721 7.392 078 7.289 862
40.262~ 53.011 59.305 7.334°971 7.556 7195 7.887 941




9 : retinex 243

. 4 MSR
MSR o
o 6( a)
6. 750 159 7. 887 941 8 5
18.961 59.305. 4
3 o
. 7- 9
. 9 6
3
MSR o
o CLAHE
( )
7 4 °

1 LiCY GuoJC Cong RM etal Underwater image en—
hancement by dehazing with minimum information loss and
histogram distribution prior J . IEEE Transactions on Image
Processing. 2016 25( 12) 5664 —5677.

( 255 )



255

10

11

12

13

Zhang K Zuo W M Zhang L. FFDNet: Toward a fast and
flexible solution for CNN-based image denoising J . IEEE
Transactions on Image Processing 2018 27(9) : 4608 —4622.
NSCT-DCT-DWT-SVD
J. 2018 35(3):309 -315.
Chakraborty D Chakraborty A Banerjee A et al. Automa-
ted spectral domain approach of quasi-periodic denoising in
natural images using notch filtration with exact noise profile
J . IET Image Processing 2018 12(7) : 1150 — 1163.
Panigrahi S K Gupta S Sahu P K. Curvelet-based multi—
scale denoising using non-docal means and guided image filter
J . IET Image Processing 2018 12(6) :909 -918.
Remez T Litany O Giryes R et al. Deep class-aware im—
age denoising C //2017 11th International Conference on
Sampling Theory and Applications( SampTA) . TEEE 2017:
138 - 142.
Zhang K Zuo W M Chen Y J et al. Beyond a gaussian
denoiser: Residual learning of deep cnn for image denoising
J . IEEE Transactions on Image Processing 2017 26(7) :
3142 -3155.
Tai Y Yang] Liu XM etal. Memnet: A persistent mem—
ory network for image restoration C //2017 International
Conference on Computer Vision( ICCV) . IEEE 2017: 4539
—4547.
Wang Y] Wang GD Chen CLZ etal. Multi-scale dilat—
ed convolution of convolutional neural network for image de—
noising J . Multimedia Tools and Applications 2019 78
(1) : 19945 - 19960.
Tian CW XuY Fei LK etal. Enhanced CNN for image
denoising J . CAAI Transactions on Intelligence Technolo—
gy 2019 4(1):17 -23.
NiuY LuZ Wen]JR etal. Multi-modal multiscale deep
learning for large—scale image annotation J . IEEE Transac—
tions on Image Processing 2019 28(4) : 1720 — 1731.
. J.
2019 39(6): 1 -10.
Liu X Suganuma M Sun Z et al. Dual residual networks
leveraging the potential of paired operations for image resto—
ration C //2019 International Conference on Computer
Vision and Pattern Recognition( CVPR) . IEEE 2019: 7007
7016,

SuY Lian Q Zhang X et al. Multi-scale cross-path con—

14

(

10

11

12
13

14

15

16

catenation residual network for Poisson denoising J . IET

Image Processing 2019 13( 8) : 1295 - 1303.

LiuPY Lam E Y. Image reconstruction using deep learning
C //2018 International Conference on Computer Vision

and Pattern Recognition( CVPR) . IEEE 2018: 1089 - 1098.

243 )
Schechner Y Y Karpel N. Recovery of underwater visibility

and structure by polarization analysis J . IEEE Journal of
Oceanic Engineering 2005 30( 3) : 570 —587.

He K Sun]J Tang X. Single image haze removal using dark
channel prior J . IEEE Transactions on Pattern Analysis&

MachineIntelligence 2011 33( 12) : 2341 —2353.

J . 2014 31(11):225 -

228 232.
J . 2016 33(3):193

-196.

J . 2016 33(5): 196 -

199 251.

J . 2011 34(2):226 —231.

Retinex LBP
J . 2018 54(23):

144 - 149.

Land E H. An alternative technique for the computation of
the designator in the retinex theory of color vision J . Pro—
ceedings of the National Academy of Sciences of the United
States of America 1986 83( 10) : 3078 —3080.

Rahman Z Jobson D J WoodellG A. Multi-scale retinex for
color image enhancement C //Proceedings of 3rd IEEE In—
ternational Conference on Image Processing 1996: 1003 —
1006.

LiuY SuY ZhuY etal. A multi-scale retinex algorithm
for image enhancement C //IEEE International Conference

on Vehicular Electronics and Safety 2005: 131 —133.

J . 2010 25(2) :273 -2717.
HSI RGB
J. 2016 36(5):1378 —1382.
Vidovié D Dotlié M Pugi¢ M et al. Piecewise linear trans—
formation in diffusive flux discretization J . Journal of Com—
putational Physics 2015 282:227 -237.
CLAHE

J . 2018 28(10) : 111 - 114.
Sonali Sahu S Singh A K et al. An approach for de-noi—
sing and contrast_enhancement, of retinal fundus image using

CLAHE ] . Optics and Laser Technology 2019 110: 87 —98.



