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Abstract: In this paper, we introduce the methodology that utilizes deep learning-based front-end to
enhance underwater feature matching. Both optical camera and sonar are widely applicable sensors in
underwater research, however, each sensor has its own weaknesses, such as light condition and
turbidity for the optic camera, and noise for sonar. To overcome the problems, we proposed the
opti-acoustic transformation method. Since feature detection in sonar image is challenging, we
converted the sonar image to an optic style image. Maintaining the main contents in the sonar image,
CNN-based style transfer method changed the style of the image that facilitates feature detection.
Finally, we verified our result using cosine similarity comparison and feature matching against the

original optic image.
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[Fig. 1] Optical image, sonar image, and style-transferred sonar
image
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[Fig. 2] Style transfer algorithm for optic image and sonar image. Pre-processed sonar images are utilized as input sonar images.
Pre-trained CNN VGG-19 extracts the feature information for each input images. Finally calculate the loss with style and content

feature to generate a minimum loss image
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[Fig. 3] Original sonar images and pre-processed sonar image

Aol ARG 2 1e0) 27k BA Q1= B
EA% 35
91 7Fs ol Qlome, ¥ A

Sgick. vhey

]’ §X4]7]'

o ool sher e AT,

3.2 CNN= o] &3} o]n|z] 54

P 2oL, ofnl 4] 2

‘:']0]

2w
EEEEE
2 A o g

& AbA 8H5E CNNIF GAN©] 9l 0w, Z1zhe] Hiwl 50 et

o] FA5t= Hol|A] & o) 717} o)

A, CNN= 2-8-5F 2B} #gho] 4-9- ~epd & 7448 o] v
A&} ARz E 742 o|w)A| F27¢2] o]m|A| Wk §lof i W 8k
o] 7FsshH, BtEAlgto] HlaA] Frrh= o] otk et
ek sl 28417171 Sl = vhdd 28 FE50]
g garh= whdo] k. ofel Rksl GANS &85 H ol A
5 Sh5E 918l vig- B vlolE S ARME AR Bk
WA, thekek el At AdaS EEsUE S T
A3 e Z7d2] 79- ImageNet 7} CIFAR-102 22 &g
37N dlelgAle] EReHAIRE, 5 2= v o= & 3l
2} HlolH A of A7 EAEHA] et Begh GANS: ©
B8k o]m| ] A2 AW A Q) g te] Stishr) Ao 171 ofj
o 5% F= H i S R of= 2 o] aghol

MAE E=EUA] S5 7ol Atk webA ?ﬂxﬂi*ﬁ%

GAN=S 0] &3l vl o] v] &) A} &% CNNS o] 83+ ~E}
21 w8k whlo] o] glra wetaled, ol )< S 4 )
o AT



4 zysks) =22 4158 A1 E (2020, 3)

AP S5 NN [13]0l)4] 27H 23} 20] VGG-19
2 AH83IGI ) o] | Ao A FEFoksh= AL ~Et 7 7
W=, 7hzbe] S48 vhaat o] Alte = itk A 2wl

%‘789] 45 73'*7-} A AR Wk Ag ARyt 27}
E) ZHRE 71451 91 ONNe| 7HE 2

glo 1E1 Eﬂz% 4 O'= AR 2Ed 54 5
S [8]°ll ANA1E B 3} o] st (1) S AHgske] 5
H A% L ke gk R g ofsielch

Glu = ZkEZkF}'lk M

a9 G 2 1 layerd] 5
2= Aoy, 7L7L_/] A= EA
ZAREH AT

—Y~ o,
[>
ku)
°,
A
)
flo
b
>,
o

33 &4 H sk E3olnA] A4

ShA 27l 2EH B ARl = 5S o] Bate] -2l [13]
I3k F B T Lo O Loy IS, L, &
AAF ol A8} Wlo] 2 AAE o]m)X) he] e B
Aol Vrebdl 4 @eolml, 1 ghol Hol A5 R glsh
A AR oK o] ZEfelo] AAIE ofm Ao} Al T A
S ou)sit), A (2) 9 3)S B3 ~EY &4 F4o] Aol
3ol & <= 9l om WA F on| x|} A A|H o)n]#| o] 12k 3
9 @', 5'0] Anlel Qo) B4 @47 AEUTE NS 5 4
H A% $5 ou|slH, M2 1 layerol| A9 574 1 A=

2718 el Rk VA w S AESt] 245 s
< Atk
1

EFWZM-(%*%)

2

Lst'yle =2 w k), 3

=
D
<

T Lpgensi= AR oJ0A| 2} A o] )
% Aol o] gsto] AtHT: A= E4
s} = 73 A olm| Ao} AA g o)A 7} 2

oh A e 5 glek 02 AN o
Eo]n:] Jle /@Hﬂ o]u];(]g] el =
VGG-19 HIE$] A9 [ layeroll A1 9] A4
P kS 71 B 29152 Ae)j0] 2
sl

N
A o ey
a )

=

[N B pmt
e B
By

fo

N
x

1A

%
12}

2158

=

|
rlo o ¥ —[o

mlo ol I-E)E r—\‘u-l
A
-]O _1\4

22

i

=

[N
Jm fo oy Lo

U

A

~

content Zi,j([ilj - Cilj>2 (4)

SENECEEECER RSP P
|k, SR 343 EAlh 8 /b &4 gt A E A
FEL 71703 2% POk S A (5)5h 2ol T £ F
ol ghe 2] AT £2 5T WET

L +6Lwntent (5)

total — style

4. 917 Az}

AT WU ES Bl flal F-3 2~HE L o] Pﬂ
A7 E T H 53 oW A E o] g-sto] T A

9 A7 P8 ARSI, A B 2ol

[e)
=

V‘l
J

o A 25 E4 WE 7] cosine FAFE S S A ul A of] o)
S ASS WY om, A o 2= YA H oA 7} At
2 ZGH EAE 7 AL oA Fst hvEle] ~EldS
7HA AL 18-S BRIkt

4.1 57z A3 37

282 [Fig. 4190 Wbl = AUV - o 8hae] 420 4]
A= e} 2} )91 DIDSON©] AUV S| QFol] A1
A3, F3 Thelebs 2 v 29 5 =S AUVeH
of] A= %1t} DIDSONL 96x512 7] 9] Eull o]u] xS A}
s, gAl ol ek Fh| el 10241024 =171 €] RGB ©] 1| #]
2 AAFI) el AFE BEE-S [Fig 510 LER)o]A]
glom sxje} etupuo] z3he ;\]_%g}oir/} AUVE 18
ute} o] 55, DIDSONZ} 38} 7hv|e} ot H3E-S E9

[Fig. 5] Target object for the experiment. Alphabets and numbers
are printed on the board



. &
(a) (b)
[Fig. 6] Input images for neural network. (a): original optic
image, (b): noise data for image generation

(b)
[Fig. 7] Generated images from the neural network. Sonar
images are converted as optic style image
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[Fig. 8] All SIFT-based feature detection and matches between
the optic image and (a) Generated sonar, (b) Original sonar
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[Fig. 9] Feature matching results with various methods (SURF,
BRISK, ORB, A-KAZE). The generated image depicts more
precise matching than the original sonar in all matching methods

Generated Sonar

[Table 1] Feature matching result (Average) Inlier is excluded for
SUREF since the provided function in Matlab does not support inliers

Image | Methods Matches Inliers | Inliers Ratio
SURF 3.05 - -
BRISK 1.95 0 0
Raw
ORB 4.6 1.25 0.272
A-KAZE 4 0.65 0.163
SURF 14.6 - -
BRISK 19.95 15.5 0.777
Generated
ORB 43.3 327 0.755
A-KAZE 255 20.6 0.808
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[Fig. 10] Cosine similarity comparison between styled sonar

and original sonar. Similarities are calculated with optic images

[Table 2] Average cosine similarity

Image Raw Sonar Styled Sonar

Cosine Similarity 0.277 0.517
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