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Abstract In recent years, convolutional neural networks (CNN) have been widely used in large-scale natural image datasets
(such as ImageNet,COCO). However, there is a lack of applied research in the field of sonar image detection and recognition,
which suffers from a lack of sonar image target detection and classification datasets and often faces sparse and unbalanced samples
of underwater targets. In response to this problem,based on the extensive collection of sonar images, this paper constructs a com-
pletely open sonar common target detection dataset SCTDI1. 0 that can be used for sonar image detection and classification re-
search. The dataset currently contains three types of typical targets:underwater shipwreck,wreckage of crashed aircraft,and vic-
tims, with a total of 596 samples. On the basis of SCTDI. 0.this paper uses transfer learning to test the benchmarks of detection
and classification. Specifically,for the detection task,the feature pyramid network is used to combine and utilize multi-scale fea-
tures,and the performance of the three detection frameworks YOLOv3, Faster R-CNN, and Cascade R-CNN on this dataset is
compared. For classification tasks,the classification performance of the three networks of VGGNet, ResNet50,and DenseNet is

compared,and the classification accuracy rate reaches about 90%.

Keywords Sonar image,Dataset,Convolutional neural network, Transfer learning.Detection and classification
| oElE TSR JZ S A o A P Y e G R R DA — s 4 OREARD A R A
=

P A ] R R AT 2 A T 7 I ) 20 A 7 A Y RS S
S 55 e i e S5 D RO K HR AR 4 25 DR ) KR B B A
Wy 25 P 2 AL R A A A AR AL B S TR P e e AR R L K
3 M e i ) B 5 RS BEAT R K e R R AR 5
PLEMG B8 AT 0 S s o 75 i JRZ R A U1 BF 5 78 L
b FRIE LA B 2 2 1 22 FUSARAT T2 B LT R 49 K g
FTHEE UL H AR UM | #2803 A BB A UM THEC LR X
PRI FK T E ARG A 75 g GBI R e K IR
PR L B 56 J2 HR 5 BORAR I — I 0B, DA T 0L b U 7K

HAEWH  ERKALRB=E4(61671461)

TH 73] 765 45 79 00 ) K vl 2z S5 P 3 Ik e £ 5 TR R A A AR
ot R 41 P A — e, R e S e B R LA — A B T 1)
A T R kS

T AR 7 I PG R ) BT S W A B L IR B R T i
JOE T PR 43 26080 A I PR AR 4 T R 2 )
i1 B2 £ Ay 7 gy PR 43 2 AR AR T — R R B . Williams™
AP % B A5 BP0 205 3R A 7 TR L RS TR A R
SRR . Kim SFU BT — A BB 28 0 26 43 2R gL OF
LR 1 P 00 R A 200K T AT A% b A I B A MR AT A
B EAR . SR S RIS TR TT L A 2k, Valdenegro-To-

This work was supported by the National Natural Science Foundation of China(61671461).

HAEVEE 9K (pengzhang. ai@outlook. com)



J& B SCTDL. 0. 7 R H UL H AR AG I 3% 42

335

rol VAR S R 0 4508 il 25 Bk 22 ) 4% RLGdE P AR AR DT
P 75 R AT X b, S 6 25 SR 2 U 5 B U 2 R 45 1 M RETE L O
H A LA S H0k S AL 47 1 MR . Kim S50 & B, 6
4 BUH 28 00 24 B0k A 3R A0 7 A PR Al R sk, 9 HoK
HZHBKFHLA A LK TR 3 T &, Valdene-
gro-Toro ™ JF & T — A~ BUR 25 W 45, X6F i 00 75 1y [E1 4% 1)
QBT 1V HEAT T % AT 43, 0 3 1 {1 A B A ARG L, A
AT B4V 5 I 3 52 B0 4R R AR AR AL B % R W] DU
T AS 7 11 25 88 50405 v 1 S A DR s AR A S s o 2

A REUR R BE 2 > 047 7 1 PR 0 6 00 43 28, 0 7% 2 )
AR RE A B4 48 14T I 203, 7 H b 3T 5 DL 38 4T A R £
ONFF AR 4R VE R 4L I MNIST™, TmageNet™?, PASCAL
VOC™, MS COCO™™ 4, 78 & ML & & ik S b &
MSTAR ™, SSDD* , OpenSARShipt?! , AIR-SARShip-1. 077,
R 75 09y PR 0 R 45 75 BLAE 28 K R 0 W8 WAL O HLAR 2 74 1y /)
G HR B T B T 4 % ) L, A1 ot T A P sk A 45 38k 2 F 9 5L
P 85 140 B, 0l S BOUR B 2 S A 7 A ARG T 43 2 1 i
FH 22 30 T HRBR

R T AR S 7R g PR D 4 2 O TR R W O AR SCR T R
W H UL H bR A D L BE 48 (Sonar Common Target Detection
Dataset, SCTD) , I £& B T 4if 4= 43 26 $ 4f & (SCTD-C., Sonar
Common Target Detection Dataset for Classification) , & 7] DA
FH T 0 25 R D0 A ) 43 28 U0 B 3 1R 5T N L AE TRl — SR 4
T SR RED

2 HBESEMESMITESLXBFEENRER

TE BB 0 G2 200 e 75 2 T A 3k 2 2 B R
R — WA I HL 5 SE bR Ry S B 26 L B A R
NSRS . AR K R RS MR R A SR AT 5 4 R PR Ut
B AR 2 R0 e S CHLR A BT T 48 I —
25 RT3 R AN R AN 43 2 5 B X A AR L Rt AR S
T i R e SCR) PR ARG 0 43 28 ke 5 4 A el 4 4 D
Al
2.1 H#iEeE

TE 7Y A 3 H bR PRSI0 5T 458 L i Tk R REACHR Bl B Rip
SR B Z N FF BRI 5 43 2B 4R G 1, Tiang 6048 T
— B 2 Bl 3 0 AR R B BRI AE S, U4 T 216
ik 7 I LGRS W B A AR AR T R AR T IR T
HEI GOt AR R A AT . £ T ACATHIET
P E UL AR A D B 45 SCTD, 8 b SCiik (2689 TR, &
MR PEEFE T . DSCTD FEATE Sy F 5 AR SO EE T 497 Tk 4
AR = 1 EHR (AL 596 A BAR, & 1 B AR 4 A B an
1 IT7R ) o I EL T B 458 I 7 o PR LA LA 75 AR L T
P AL AR P A PR AR TR s 2) FE BOHE A 1 O TR SR
FA Y J2: 22 20 F Thw i DAl /0 AR D 2%, 9% HL B2 44t 7 25040 4% =X
B ILTE N R TTIZ B PASCAL VOC #1 MS COCO #% 2,
hy 3 D B A A 2 L AR L AR 22 53 vk R SR T X T A 4 4
AT AL B 3R A B SRR R T o Bl kT D B A
SCTD %44 4 L4743 ; 3) AT SCTD /R — A FEA M

D https://github. com/freepoet/SCTD.

NITEIE AR g xt AT 9 58 I R AT T 8. R TR
IS BV AN A5 2 LA e i B 5 ik iy Sk vl U S B T H T

500

461

g 3
8 8

sample number
8
3

90

1 N -
0

shipwreck aircraft human
category

1]
8

1 4528 HARRE A B 1 43 Aii B 07 B
Fig.1 Histogram of the distribution of various target sample

numbers

Tk @ 3h H AR 5T 4SRRI R L O B
ON TR S B T DL L 0 G A B PL AR T S AR B A T 4
HE4E (SSDD) , SSDD J& F B 2% A A 4 I 8048 46 . B K B ]
B R G RS I A8 A AR AE SR B, A AR 43 28 T i 3. AR E
B Hls4E SSDD 1fi 7 » SCTD J& — A~ 58 M (9 46 W AT: 55, = 2R3
LU 4 4751

(1)SCTD H if the £ B 1 77 250 1 7 Wl &1 4% %5 it J& SSDD
) — 2 22 47 o i LA KUBS A e SSDD B K

(2)SSDD H A7 H 26 MM H 4R, SCTD H Al 7 3 25 H
b EHE I B RIREAS AP 4l , AH X SSDD 81y V5,

(3) B F AL P I R B R AR T kS A LR s
B4 22 57, SCTD EIHME 43 B AR X L SSDD T =, At H A
0T R OE S A R T TS A I A A I R T
hE4s A 2 Bios

Co) 3 43 i 1A

Cd) JUAT JE 28

Pl 2 S p gy 5 A T R R £
Fig. 2 Hard examples of target detection in typical sonar images

() SCTD I E Ik I8 2 ke, R TE Y 5 U 2%, BB
Rt A3 DL R K 5 L 25 AR T SSDD [BM% 5 — 2% i K
B s B R F A — 3,

fii I Labellmg #7 I 8 {4 , #% B PASCAL VOC %4 4 1)
6 O AR AT A T o b T 1) A 7K 7 JE T ALE | A4 1 SO A
A xml 45 2 xml SCHF P ALE T BRI 45 05 B 46 30
FAS SN T NG L SN ST R iR E R i E=S I DS & A
EEEE B R TE M R B xml SCOF B A W E 3 Ca) B R



336

Computer Science T MBI Vol. 48,No. 11A,Nov. 2021

FHMRR QRS . EREREGD BT —KER
T EFEZA B S, WE 3 BiR, B g 20 E
B S8 T DRRBLAR 25 PR 00 2 B ML 5 B A T 56 1Y BT
Fritt— 20 i b B A K PR h O — A4S B s .

() xml SCPF %

(b) FE& Y H by b ik
&3 & B AR R R xml SO N2
Fig. 3 Target annotation of the image and the content of the

xml file

2.2 TEHSEHIEENREK

M\ SCTD r AR 1 A5 11 4 MR 4 43 S B 4R 7E B3 42 1)
G35 T s A SCHEAT 040 4R Rl 43 % D DU A O 0 4% 1 I AN ARl
JHAS 0 2548 42 I R A L 53 AR AR 3(b) ik &k B Y H AR
A TG L FIAR /N AR T IR 2 i 25 R R o 35  4 , B
VB S A SRR AR SR Sy — 28 BAR R AR

L) A DU K 4 3 43 Ry I 2 36 i 03X B8 4 4 (72 2
1) FH 7 D00 25 8 B AR N 25

(2) A3 DA 10 250 405 412 1 11 25 4 42 B B A B4R 3 (Target
Patch) . & 5 [’ 18 Ht (Background Patch) . #4 B fi7 4= 7> 2 55 4
BRIV GRAE RITO AR AR  #5c IR 82 2 AT R 4) .

16 H bR R P 5t R e iy Xl 48 B0y m . H A5 X8
) 2 BB 7 SR 19 R 5 B 2 R 5 2 0 A 6 TR 1 AN R )
B BRI AT AR IR AL 3 . DX SR IRORE T 1 T A% 0 SR Oy
PRAIE B AR X5 8 50 KO5E 440 5, 91 FLS T g b (R B3 7 5t
X3, PRI, 2R DR A AR E R OR 1. 1 AR R AT B AR X B4R
UL AR5 T DU B0 5 55 D8 AT 4] 43 D AR 8 N i
3+ L2 AN A/NT BFR P 00 — 2 3) i KN # it
BRIy m i m 2 75,

iz B R ZOR L N SCTD 9 Y1l 25 46 v 4 B2 31 1 17 4 4%
FHHE S SCTD-C, AT A K 2 L I 455 Ctrain-C) M 5
UEZE (val-O) P AR & 3k 1 3],

#1 SCTD-C BEA R

Table 1 SCTD-C sample size
Category train val
shipwreck 295 83
human 38 9
aircraft 72 18

background 7129 1790

LI SCTD-C ¥ 8 A6, 4 HUS (% 3 28 H AR He i 5t X
BAnE 4 s,

(¢)aircraft

(b) human

(d)background

(a) shipwreck

4 SCTD-C &5 B b5 5t R B
Fig. 4 Target and background image blocks extracted by SCTD-C

MR 1 R B A AR 43 S HOHE R R AR ™ R SF- A, back-
ground FEARE IR K F] 8919, 1 human FEARFEH N A 47, X
TE 3 MR i 25 P 5 ) 3 SRR I R R B Z5 . &R
background ZE I HEAR & B, AR £ B A RS /) BB K 58 1L
NG AFTE TR AR B A B A SCF 35 0L
e s s

i NSRRI

() ]R3/ (b) 5 56 LA A 31

(o) 1776 J0 34 X 35K
Bl 5  background 25BN A HLEE AR

Fig. 5 Unreasonable samples in background class

HE— 2% background ZEEAT i %k . 5 b Bl B P R G
A O B R O AT T AN W14 44 19 B8 — background 26, i
J5i T 4% background ZEFEAR KRN 1000, #5248 8: 2 Y b4 X1 43
YR TG UE 4L

I R 5 3 OGS R AE AR L] o 3R B (5 R
A5 5 T 22 5 FL O, G B bR B0 58 B4 A0 L AR] W A% ™ E Kb 5
TR RO . X I [R) L A SR P R AR T TR E 1Y
BOIRHTOR T 2R O T R i X AR AR I R L 7 A A%
IR IR 0 A 00 25 47 4 >R FH T AL 38 B O3l i A R BE DL V) 1) 4w
— BB | B A e Y A TR BB KV O 1) B AR LB 2L T
T A o 2B 4 Bt AT YN Rk, % B A AR e it A7 Bl AL Jie e
O iy A PR B L JE 75 — 22 £ B2 R BE ML IR B8 Cli A LRI &
KOV B 2 T 10 B FE A LD | B B3 5 L B AL 4 ik G i
ARV SN TN EE DR

2 SO T 0% B e 0 O vk
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Table 3 Recall rate and detection accuracy of detectors

Method R, AP, R, AP, R, AP, AR mAP
YOLOv3  0.944 0.903 1.000 1.000 0.904 0.857 0.917 0.874

Faster i
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