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Detection of underwater mine target in sidescan sonar image based on
sample simulation and transfer learning

SHENG Ziqi, HUO Guanying
(College of IOT Engineering, Hohai University, Changzhou 213022,China)

Abstract: Mine detection is of great significance to national defense and security. However, because of the high cost of
underwater target sonar imaging experiments, usually sufficient mine sonar image samples cannot be obtained. Thus, the
detection accuracy of mines and other targets is difficult to improve using deep neural networks. To solve this problem,
a mine target detection and recognition method based on image simulation and transfer learning is proposed in this pa-
per. The simulation model of a mine target is established in this proposed method according to the imaging mechanism
of sidescan sonar to obtain numerous mine target images. Further, the deep convolutional neural network (CNN) is pre-
trained by the ImagenetNet dataset and then the deep CNN is fine-tuned by real and simulated mine images to adapt to
mine targets detection. Finally, the fine-tuned CNN is used as the benchmark of the target detection network, and the tar-
get detection training is performed; real mine sonar images are used to verify the effectiveness of the proposed method.
Experimental results show that the proposed mine detection method based on sample simulation and transfer learning
can detect mine targets more accurately than some traditional feature extraction and detection, and deep learning-based
detection methods using only real samples for training, which is helpful for underwater target detection.

Keywords: mine target detection; sidescan sonar image; deep learning; sample simulation; transfer learning; convolu-

tional neural network; pretraining; fine tuning
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Fig. 2 Mine sample simulation results
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Table 1 Network training and detection parameters, time
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Table 2 Detection of mAP results from underwater mine
image test set by different methods

— m@ﬂ%ﬁu lﬂﬁﬂ‘@ﬁ%ﬁ%‘ﬂlfﬁ
GISEE S HH A RN 25
Faster R-CNN 0.864 0.908
SSD 0.671 0.725
YOLOV3 0.873 0914

LOv3 il

(a) (UHE BN 200 YO

& 8 FIE 9 43 %°h YOLOv3 ™ 4% Fil Faster R-
CNN PIZSFEA RIS T 1 e 2S5 58 5] 8(a)
FIEL 9(a) A2 A H L 52 5080 326 A 7 I 25 Rz 0 i) 335
R, El 8(b) FIE 9(b) WIZE5A 1 H S8 i 5
B AT YN 2R AR U A 28R o AT LA B[R] s
LS HCHE A R A T DI o0 R I SR 1) 42 T
Lbae Bl e, RO RAEME S TR, 5t 5 Bin
G AR I 25 F , YOLOV3 M 2% il Faster R-
CNN 138K BEf% Lb 3 e it ok DU i 7K B B b o 52
WA SRR, FEA BA5 G T/ S Wik Re s
A BB T T IR EE 2= > W K F H e D v 3
AH LA e 00 ez D i e D Ak SR B T BH i L
Wit 5 7K B B bR 9 07 FLECHE RN SR Y £ IR
JE 45 B b 22 O 4% EL A A S 1 v R DR R 1 A
XPoK i H AR EA E 2 = L

(b) A AR IIZRT YOLOV3 H il 25

B8 YOLOV3#HWZER
Fig. 8 Detection results of YOLOV3



ST, A REA ELAS BT 2 > 1Y 7 P8 OK R A T

*391-

mitvel)
mined Ao
mine0

el

mined mingl
minel X
mined)
mined

mirie]

(a) U EIEAEVIZRT Faster R-CNN il 45 R

minel

mine0

minel
el

(b) A EA R INZR) Faster R-CNN Kl 455

B 9 Faster R-CNN #& Ul 5 R
Fig. 9 Detection results of Faster R-CNN

4 4EiE

ARSI T KT AR RS L, PR T
Bd 5, oK B IR HOME BE R L BAR R Y )
P T — AV RAT 0 A P %5 TR, ST IR
JIE 2 BRI 2 I 4% O R AE SR B 3, 5 A AR B
FIER 22 S $TF T TR BE 2% > W MEwf M, ok T IR
JE 22 S XF ANFEAR 22 S AN SR IR R, S G 45 R R
], TEREAT LA RS 2% > B LAl |, YOLOV3 X
KB AR ARG IDRG B B, R R R, X — S
S5 K B AR r R PR A T B A, AL
15 B 7K BT R FLIN , I A 38 06 I ST 48, 7 T %
2 2= WY SRS AU RO H AR AT 55 B A — € 1 R
B T — 25 B T AR 4k S 45 e 1 BB Y A &2 T
[ e VA I R e 2 - N 1L e o s s e
BEF A OB ) 45 1 BoHE 2B BT 5K, DAtE— 25
PETHRC DR BE o BLAb, T iR R 24 2T AR Joit 2 )
FAR AT 55 22 18] 9 A S 1, 78 T U1 25455 20 1) ik i
R 43 45 6 S BOMORS An iR A, TR,
ey 25 46 5 Ak 2 20 R4 5 40 3500 S 801 2RI F XTI
LR IEAT MR AR 3K, TR B — IR A

S 3k

[1] KUMAR N, MITRA U, NARAYANAN S. Robust object
classification in underwater sidescan sonar images by us-
ing reliability-aware fusion of shadow features[J]. IEEE
journal of oceanic engineering, 2015, 40(3): 592-606.

[2] BARNGROVER C, ALTHOFF A, DEGUZMAN P, et al.
A brain-computer interface (BCI) for the detection of
mine-like objects in sidescan sonar imagery[J]. IEEE
journal of oceanic engineering, 2016, 41(1): 123-138.

[3] ACOSTA G G, VILLAR S A. Accumulated CA-CFAR
process in 2-D for online object detection from sidescan

sonar data[J]. IEEE journal of oceanic engineering, 2015,

40(3): 558-569.

[4] BARNGROVER C, KASTNER R, BELONGIE S. Semi-
synthetic versus real-world sonar training data for the clas-
sification of mine-like objects[J]. IEEE journal of oceanic
engineering, 2015, 40(1): 48-56.

[5] DANIEL S, Le LEANNEC F, ROUX C, et al. Side-scan
sonar image matching[J]. IEEE journal of oceanic engin-
eering, 1998, 23(3): 254-259.

[6] BRYNER D, SRIVASTAVA A, HUYNH Q. Elastic
shapes models for improving segmentation of object
boundaries in synthetic aperture sonar images[J]. Com-
puter vision and image understanding, 2013, 117(12):
1695-1710.

[7] FANDOS R, ZOUBIR A M. Optimal feature set for auto-
matic detection and classification of underwater objects in
SAS images[J]. IEEE journal of selected topics in signal
processing, 2011, 5(3): 454—468.

[8] CHO H, GU J, YU S C. Robust sonar-based underwater
object recognition against angle-of-view variation[J]. IEEE
sensors journal, 2016, 16(4): 1013-1025.

[9] SAWAS J, PETILLOT Y, PAILHAS Y. Cascade of boos-
ted classifiers for rapid detection of underwater
objects[C]//Proceedings of the European Conference on
Underwater Acoustics. [S.1.]2010, 10: 1-8.

[10] FEI Tai, KRAUS D, ZOUBIR A M. Contributions to
automatic target recognition systems for underwater mine
classification[J]. IEEE transactions on geoscience and re-
mote sensing, 2015, 53(1): 505-518.

[11] SUN Yi, WANG Xiaogang, TANG Xiaoou. Deep learn-
ing face representation from predicting 10, 000
classes[C]//Proceedings of 2014 IEEE Conference on
Computer Vision and Pattern Recognition. Columbus,
USA, 2014: 1891-1898.

[12] REN Shaoqing, HE Kaiming, GIRSHICK R, et al. Faster
R-CNN: towards real-time object detection with region

proposal networks[J]. IEEE transactions on pattern ana-


http://dx.doi.org/10.1109/JOE.2014.2344971
http://dx.doi.org/10.1109/JOE.2014.2344971
http://dx.doi.org/10.1109/JOE.2015.2408471
http://dx.doi.org/10.1109/JOE.2015.2408471
http://dx.doi.org/10.1109/JOE.2014.2356951
http://dx.doi.org/10.1109/JOE.2013.2291634
http://dx.doi.org/10.1109/JOE.2013.2291634
http://dx.doi.org/10.1016/j.cviu.2013.07.001
http://dx.doi.org/10.1016/j.cviu.2013.07.001
http://dx.doi.org/10.1109/JSTSP.2010.2093868
http://dx.doi.org/10.1109/JSTSP.2010.2093868
http://dx.doi.org/10.1109/JSEN.2015.2496945
http://dx.doi.org/10.1109/JSEN.2015.2496945
http://dx.doi.org/10.1109/TGRS.2014.2324971
http://dx.doi.org/10.1109/TGRS.2014.2324971
http://dx.doi.org/10.1109/TGRS.2014.2324971
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/JOE.2014.2344971
http://dx.doi.org/10.1109/JOE.2014.2344971
http://dx.doi.org/10.1109/JOE.2015.2408471
http://dx.doi.org/10.1109/JOE.2015.2408471
http://dx.doi.org/10.1109/JOE.2014.2356951
http://dx.doi.org/10.1109/JOE.2013.2291634
http://dx.doi.org/10.1109/JOE.2013.2291634
http://dx.doi.org/10.1016/j.cviu.2013.07.001
http://dx.doi.org/10.1016/j.cviu.2013.07.001
http://dx.doi.org/10.1109/JSTSP.2010.2093868
http://dx.doi.org/10.1109/JSTSP.2010.2093868
http://dx.doi.org/10.1109/JSEN.2015.2496945
http://dx.doi.org/10.1109/JSEN.2015.2496945
http://dx.doi.org/10.1109/TGRS.2014.2324971
http://dx.doi.org/10.1109/TGRS.2014.2324971
http://dx.doi.org/10.1109/TGRS.2014.2324971
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031

£392 - m o R % % %16 %
lysis and machine intelligence, 2017, 39(6): 1137-1149. access, 2020, 8: 47407-47418.
[13] REDMON J, FARHADI A. YOLOV3: an incremental im- [19] OQUAB M, BOTTOU L, LAPTEV L, et al. Learning and
provement [J]. arXiv e-prints arXiv: 1804.02767, 2018. transferring mid-Level image representations using con-
[14] LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: single volutional neural networks[C]//Proceedings of 2014 IEEE
shot multibox detector[J]. arXiv preprint arXiv: Conference on Computer Vision and Pattern Recognition.
1512.02325, 2016. Columbus, USA, 2014: 1717-1724.

[15] YOSINSKI J, CLUNE J, BENGIO Y, et al. How transfer- AR
able are features in deep neural networks?[C]//Proceed- LI
BFHE, WL BFIUE, B

[ A 7K P AR AR B

ings of the 27th International Conference on Neural In-
formation Processing Systems. Montreal, Canada, 2014:
3320-3328.

[16] PAN S J, YANG Qiang. A survey on transfer learning[J].
IEEE transactions on knowledge and data engineering,
2010, 22(10): 1345-1359.

[17] WANG Yuanyuan, WANG Chao, ZHANG Hong, et al. A

fE 'A?% ) % ) -‘ J ) i
SAR dataset of ship detection for deep learning under m, Y, ML, T2

WFFE I K Rl G A HE . R
ER ARBERETH 2 3 TR
A ARHRITE 130, 3R SR A
TR RERHE IR SR, RRER
W30 455

complex backgrounds[J]. Remote sensing, 2019, 11(7):
765.
[18] HUO Guanying, WU Ziyin, LI Jiabiao. Underwater ob-

ject classification in sidescan sonar images using deep

transfer learning and semisynthetic training data[J]. IEEE

2021 AL R A
2021 BAAI CONFERENCE

B =mAb B R S, MK F 2021 4F 6 H 1 H—3 HAEJL AU VE X, H ok B K A EAHTRE X &1
s, & L+ T IA T 2H I .

AT IR AR PR B S 2,07 RBERL B F 6 H 1 HE TR KRS 50 R Am ) A AN K
REABE Y 4 [ FH G0, Kl R T8 2 5 | SR R S8k 5 <<t B — 4 SRR | A st R TR A 5 e B A 5K VAR
N T g i AR I A T AE 2R | 8 RS+ 5 7+ RS, g e vl o> — e, i Ay A8 M 7l 5 it 7
Wi, 53K 35 B 7w & R 3 g .

JE Y, 145 Yoshua Bengio ., David Patterson 4 [&] 7 22 4R 15 35 76 N () 6 B 4% 62 [ N A L T8 BE AT TH 2 27
AT A, B 5T R — Ak, JE R WLUE AT KRB B A 5 i, RN TRV RE & SR 1 4 K o

AR R IR R S LE T — B IR B AT I AT i BT A, SR UK R 7™ 4 B AT R &S i T, B AE 4
SEEAE AT AT A KR 5 B AN I .

PN Ty N o ol K =R 0 LR A R O/ A I =18 e ke 2 N g e S N Al S I W U e W B i
o BBRIF E T R IR I B e Bk AL, BRI R B AR BB K A .

5 EE M. https://2021.baai.org.cn/


http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TKDE.2009.191
http://dx.doi.org/10.3390/rs11070765
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880
http://dx.doi.org/10.1109/ACCESS.2020.2978880

