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fered from a shortage of high-quality SSS training samples. This led to poor performance in classifying spe-
cific targets outside the training data. A high-quality pseudo side-scan sonar image generation method was
proposed based on feature weakening and image patches. Firstly, a feature weakening module was de-
signed to suppress irrelevant optical content features, such as color and texture. By weakening specific do-
main features in optical images, it helped adjust pseudo-image target features. This made them resemble
acoustic image features more closely. Secondly, an image patch-based style transfer pseudo-image genera-
tion method was proposed. This method achieved effective fusion of optical content and acoustic style fea-
tures. It generated original pseudo-SSS images with optical content features. Finally, a fast guided filter-
ing module was introduced. It enhanced and guided the original pseudo SSS images, which generated
high-quality pseudo-SSS images closer to the real underwater acoustic imaging environment. Then, a
large number of high-quality pseudo images were generated. These images expanded the training samples
of the classification network. This improved the accuracy of SSS image classification tasks in real underwa-
ter environments. The results of comparative experiments are presented. The proposed method achieves
the best average values across various stylization evaluation indicators. Compared with suboptimal meth-
ods, the proposed method achieved significant performance gains. The average values of style loss,
LPIPS, content loss, and SSIM improved by 31.60%, 3.52%, 15.18%, and 17.55% , respectively.
On the grayscale KI.SG dataset, the classification task achieved a global accuracy of 86.35%. The aver-
age accuracy reached 78. 54 %.
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Fig.1 Pseudo image generation results and comparison
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Fig.2 Network architecture diagram of this method
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et FH 901 B 0] 2 SR WK 2% 2 Rk B O 0..000 5,
FH Adam i A6 &5 10 6 2 80, 1 H 16 75 kAR ok
VI
3.1 HIE&KRER

X T h SSS B A i, AR5 IR T 639
& SSS EIMG, w1428 P ik #5418 1Y B 1%
VE R 22 BB SSS G 1 XA 15 B0 45 a2 L
SSS AU MG B4 R S, I 54T 55 i
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Tab.1 Information about each type of dataset

Datasets Classes Number Total
Plane 1313
O Ship 1019 4332
Others 2 000
Body 6
Mine 10
Sa Pipeline 4 43
Ship 12
Others 11
Plane 34
U, 274
Wreck 240
Plane 62
U, 447
Wreck 385

A A G, AE A B SSS G I, T RIS
FLLSSS KR WAL M AR . BRI, SRR A4 12
RGN o N2 R, DL S B XS T R DTG, 3%
FH 55 SCHR S AH AR AR £ 1 o 27 IR BN 4R
DA R I BB RS, 4 I 2 SOBTHOL 7 A B4R
BAREN Oqe WABMRERE CHL(L 3135K) 48
MECL 019 85k) AHA (2 000 5K ) =2 o SR Bl 2k
() ResNet-152" B B /E Sy SSS EIMR 4325 8% . A
PEA RS S 9 5 SR oR F S AR R ) i
F A0, SSS FEA B G B Ay M E 3 4 U, Hdi 4
U, A& 34 48 RHL 240 8 0TI . h T IHBR A
) T, AW TR R 1 592 SSS KR B 4
KLSG™ g Ry A 4 d 4R U, ok B kA SO ik 1
DLl KLSG Hdi 5 B AT LA i {5 625K |
DU 75 WA P 4R 385 5K o
3.2 FfhERR

ABIEFE 51 A VEA AR AR AR B AR R 5]
BT i B AR A KU LR 2 ) B R Rk
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Fig. 10 Results and comparison between this method and seven style transfer methods



2640 e KEE TR

33 %

2 WG AT A I8 KA A G R W AR R AE . 1
2T AR 4 JR A SRR AE A5 ) T AT A R AL,
FORE R XM — BOME A 4R o (i TEST 41 o
B (a) F1(d)) o &4 DL B LR 7 3 W 6T e 45 28 ]
LR SCHY 7 AR AN, SSS ES H AR 4 S8 40
FRAE 76 Ab B 75 2 PAGORN ' 2 G P A AN [] 4535
2 R] 08 A AR OC M T B A 3 R (i an
Ours R (d) Fl(e)) o
3.3.2 RARALIE R BT

T AL T RS A RS TE UL S A A R s S
FH T RS 3 B B A 1 P9 25 BELGORT AR [R5 22 )
[ 22 5 BEAT PP AN KUK T2 8% 5 Ik Y e R . AR
FF (1) T & L BRI 1 25 5, 951
A 2 > B IR AR B LB A S 5 Ah — Bl T
m?'éﬁo R T S T AR SO T A S(13)

SEABAHALEE THIA R B N AR B 25 X &
ﬁ(ﬁfl’\]ﬁ@%‘b‘ﬁ’? A 4 B R B R AT PEA
W 1L Fr7R , KUk A0 TE G2 5T i PP P8 AR 25 2R ((a)
~ ()X 1 & 10 i) 6 4L SR CAGV X R 4% E A

5 5 ma
$45 =b
2 4 -(c1
235

5 3

523 BAGV
205

>

Z 0

AdaIN
Photo WCT
AAMS
Art Flow
Ours

(a) W‘%?ﬁé‘%fﬁﬂ’\m‘ TP

(a) Comparison bar graphs of style loss values

ma mbucnud me uf mAGV

ﬂﬂﬂﬂ"ﬂﬂn

(0) NABFAERIXT ELAETZ IR

(c) Comparison bar graphs of content loss values

© : L =
S L= W

Content loss(lower is better)

AdaIN
Photo WCT
AAM
Art Flow

Ours

FEAR T X(E) o

FEE 1T R T A SO 5 L b SE ik Ty ik
) JRA fb 46 br b g LR AT L, LPIPS, L,
SSIM P44~ A 48 b, % B 10(a) ~ () i 6 2000
SSS EMG #E47 RA AL BOR AL o B 11(a) FiR
B L, , IPSTPG J5 ¥ 78 (a) ~ (D) 1% 53 N
0.587 1, 1.9239, 0.6744, 0.3597, 0.8726,
0.962 1,7E L, 1Y~V 315534 0. 896 6, AHE AL
Jrk T T 0.413 0, 48 45 LPIPS J7 i, W &l
11 (b) , IPSTPG J5 ¥ 78 (a) ~ (D) 4H 13 70 N
0.4589, 0.6483, 0.464 1, 0.5720, 0.5285,
0.593 1, ¢ 7E (b) 4 Al (e) 41 43 51 9% )5 AAMS
Bk PhotoWCT & k. IPSTPG 7 i ) LPIPS
X5 0,544 1 MBI AT 10,019 9,
AR L7, 11 (e) , IPSTPG %16 (a)
~ (f) 5 4 N 1.6404, 1.7182, 1.759 6,
1.9051,1.8710,1. 838 4 AU (a) 4l . (c) 4l L4y
W% J5 AAMS 535  PhotoWCT 59k, £ L, I
) S35 43 o 1.788 8, M WML I ik 2 T+ T

mamb wc nd me mfWAGV

.7
0.6
0.5
0.4
0.3
0.2
0.1

U

<
<
<

(=]

LPIPS(lower is better)

(=]

AdaIN
Photo WCT
Art Flow

(b) LPIPS{EAIX LA
(b) Comparison bar graphs of LPIPS values

ma mbucrdmenfmAGV
0.8

g 07

< 06

05

<= 04

Z 03

S 02 d
7% 0.1

wn

0

IEST
Ours

<L‘
<

AdaIN
Photo WCT
Art Flow

(d) SSIM{E fA) %t EE A
(d) Comparison bar graphs of SSIM values

FLT1 A AR R Az g TER B DU R PEAR 48 5 1 X LA &

Fig. 11 Comparative bar graphs of four evaluation indicators of images generated by each model
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0.320 6, FE45 45 SSIM J7 i , 40 & 11(d) , IPST-
PG ik 7E (a) ~ (DA 13535 0.5180,0.694 7,
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A3 50 WAL F AAMS. B4 J5 2k 1 SSIM F 2
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k3R, 2k K BEEIR 4 UL 43 5% 7 % SO-
TAJEHAT B WUE . /R L RE R R, K
ST VR AR K B4R UL 1) RALER #% 62 D HFEA
rhORT T TR 3 28 42 A4 TE DT 385 A FEAS ok
MER G 28 344 4> 0 AU TS T
86. 3500 By 4z Jey B R, A8 V- 24 0 o R 7 o
B RIBE T 78,5400, AR DL b SCE A5 SRR,
R fiff 7F 4b P RGB F 8 R B R O T, A8 S0y
J7 V5 AR T A T ik Al s S E A M g
Xk — 20 B IR T AR SOy R AR S B 2 R R
J7 1A R

N T B AR A Ty v A il ER AR & o
AU b 38 3 35 A A S £ SSS EIHE SR I
Gr Moy BB R RUE S U MU, ikt 5
WE, AR RMF AR, S LB LR
BCE WK R 9 4 KRR VGG-19T
ResNet-152"*, vision transformer-B/32 (ViT-B/
32)H ViT-1./32" | EffcientNet-B6™! , Effcient-
Net-B7"", MobileNetV 2" F1 MobileNetV 3"** 1
0 H 5L SSS BB BR 4 U, By I, ResNet-
152 K AL LA 85. 03 %6 Y 4 Jai THE Wy 3 3% B A

R2 GEHEEU LHNERBEMTHBE

Tab.2 Global accuracy and average accuracy on dataset U,

Methods Plane total 34 samples Wreck total 240 samples Global accuracy Average accuracy
WCT 22 125 53.65% 58.39%
AdaIN 25 133 57.67% 64.47%

PhotoWCT 17 203 80.29% 67.29%

AAMS 15 139 56.20% 51.01%
MCC 21 148 61.68% 61.71%

ArtFlow 4 158 59.12% 25. 86 %
IEST 19 104 44.89% 49.61%

Ours 23 210 85.03% 77.57%

Horfr, VIT-L/32 BE R AE AL 19 43 2537
) ) 280 B A AELAE DL A 200 1 3 28 TR ) 7k g
A%, 4R, VIT-L/3278 U, Bl 4 I
157 B AR Y 4 e ME R 2R 80. 66 %6 Fll 5 iy Y - X o

B2 77.60% , 1 VGG-19 M 4 1 - 15 i 1 % 3=
AR 25 . AE K BLS2 SSS FMG B £ U, | Eff-
cientNet-B6 il EffcientNet-B7 43 5 76 3 #41 4 & Fil
4 R NG B dE AR b U R O g R, 4 i R 81. 64 %



2642 e R TR %33 %
R3I EHEEU. LHNERBEMESEE
Tab.3 Global accuracy and average accuracy on dataset U,

Methods Plane total 62 samples Wreck total 385 samples Global accuracy Average accuracy
WCT 37 278 70.47% 65.95%
AdaIN 42 211 56.60% 61.27%

PhotoWCT 38 296 74.72% 69.09%

AAMS 23 238 58.39% 49.45%
MCC 30 180 46.98% 47.57%

ArtFlow 5 337 76.51% 47.79%
IEST 26 245 60.63% 52.79%
Ours 42 344 86.35% 78.54%

x4 EWMHRBREUNMU, LNEBMEHEHR
Tab.4 Global and average accuracy of various classification models on U, and U,

Methods Global accuracy on U,  Average accuracy on U, Global accuracy on U, Average accuracy on U,
VGG-19 83.21% 72.75% 80.76% 74.63%
ResNet-152 85.03% 77.57% 86.35% 78.54%
ViT-B/32 81.02% 76.55% 79.42% 75.20%
ViT-L/32 80.66% 77.60% 78.97% 74.94%
EffcientNet-B6 82.12% 73.38% 87.02% 81.64%
EffcientNet-B7 82.17% 75.91% 87.25% 81.10%
MobileNetV2 81.39% 74.23% 85.46% 76.00%
MobileNetV3 83.58% 75.48% 85.68% 76.81%

M 87.250 M4 325 45 A v A1, MobileNetV3
R U, B T AR 42 R R
83.58% . fEH#k4E U, I, MobileNetV2 fil Mo-
bileNetV3 7£ ~F ¥ #fE #fy 22 ¥ L T ViT-B/32 fil
ViT-L/32, MobileNetV2 1 MobileNetV3 & 7
W 4 AR R S50 5 4 B T TGk 5 Ll S U A L
1B LA DR IE R BT /IS 1 (] B A AR B A A v 1 7
B 2R, 3 Ry i 28 I 2 S AU A e A QiR A s 17 42
BET HIS HF, WG R R, I o A
U MU, B4 ¥R L 5 0 40 5Pk, X
ANALIG R T A8 3CH7 36 AR B £ SSS KR 5 £ Fil
SRR HA R B AT A RO UE W] T AR S
B de Oy ik B Tz i aE Ik

AT G R 55 X A< SCECHE E 1T 5 E  iE
WA SC T % B 35 0 T LA X b vk o AR SR AE
B U, B TR, IF 5 0 X A SO R 7 4
XFH 5 R AT 10 W 5 43 2R L 06 10 s AU s 4 R
O % R A SO 5 0 0 % ey
o ROP A~GRAKAT S HAb I k7
ASHEFT IR ST REAS R B o AR R K 56 45 R AT A A

SRR I S B p /N T 0. 05, HACK Y ¢ {H
TP P Z (8] (9 22 5% R T 5 IR AR e 22
F W5 X H A 2 1) A 22 S 2, U B BT
AR SCT7 e X He T i, Uk W i 2 07 95 A 1R T e
1 23 5 T B AT AT SR

x5 EHEEU, LKRBM(EMpE

Tab.5 T-values and p-values of z-test on U,
Global accuracy Average accuracy
Methods
t P t )
A 46.42  4.998E-12  69.08 1.411E-13
B 392.39 2.308E-20 91.01 1.183E-14
C 171.16 4.035E-17 102.26 4.148E-15
D 226.28 3.272E-19 84.36  2.342E-14
E 368.38 4.074E-20 114.67 1.481E-15
F 53.71 1.352E-12 160.52 7.186E-17
G 143.59 1.958E-16  59.88  5.094E-13
3.3.4 A FEi

AW 5 B P BE Tk SR T BE L% B 100 X 4
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il 2 AR S RS 1 N FH A oK
3.4 HELZI

FEAR T T R HEAT T LA T Rl S 56k 56 E fip
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Tab.6 Average processing time and parameters of each meth-

od at two resolutions

Methods Time /s Time /s Parameter/
(256x256) ¥ (512X512)y M vy

WCT 1.947 2.513 34.24
AdalN 0.038 0.079 7.11
PhotoWCT 0.133 0.249 8. 35
AAMS 2.082 2.204 49. 46
MCC 0. 069 0.153 17.26
ArtFlow 0.172 0.762 26. 46
IEST 0.037 0.068 21.12
Ours 0.032 0.063 14.73

iRE SV NIEE TR IR LN N

58 SSS KA REAE 5 0 2 28 ERRRE 1 Rl
J T K E SDFWMCT 7 #2 i KU 1k 5t 52y 1 1Y
B R, A SR R AE 1 55 455 e DI 2% RS Bk O
W HB 4 i InfoG AN, p-V AE"™ 25 i it 48 75 v
I Hfw 4 0 w/o SDEWMCI, &l 12 i %5 =731
FoR I SDEWMCTH, 55 DU 5] Al 26 11 51 36 7R

SDFWMCI  Ours w/o FGFE Ours w/o Both  Ours w/o Lid

3
A

Ad

y achlgfaacly 85.03% 53.28% 60.58% 71.04% 53.57% S
a’é‘cvlfrragfy 77.57% 53.14% 61.09% 59.23% 56.29% 64.83%
. %{{’ag"‘{y 86.35% 50.34% 59.73% 75.94% 58.51% 78.97%
ek 78.54% 45.46% 51.59% 68.65% 49.60% 69.53%

K12 SDFWMCI# FGFE L i 1 il 55 5
Fig. 12 Ablation experiments of SDEWMCI and FGFE modules
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