2021 4F 4 A
39 BE 2 M

[ DA N e 3

Journal of Northwestern Polytechnical University

Apr. 2021
Vol.39 No.2

https://doi.org/10.1051/ jnwpu/20213920285

ETEHRMEMEKRKT BirsWEGRIRA 7T E

&L, R, HKE

(P Tl R2: fii2a B, BEVE PE% 710072)

i E.KTBEAFRANZKTRAARMNG—RAZCER, ARZARKT A BARRRNEARE RELAT
BAAY 2 W 409 B AT B R BAR R 7 ik At B e BARAE S R T ke B R F Ry El e T
RACEG KT B ARIRAVARA . KT ABH T T E A0 o ik -2 Fe 30 57 AR, BN S N B8 25 B TR
VAR H AT B AR AR BGE AR 00 T 18 B AR B AL B N R4S BB RF B T B AR
0 % Bik AT 8 B A TR AR AE X A 245 B 69 AR 3 R R R = R A FF AL T iR BRI AT
BAPey % REASE, RANFI B m Y128 a8 R NBBRR T R—5egFIA, Rk
AR, TR 6 B AR A 22 ) AR A S B el AR SR S B AR AE LU AL ARAY 2 ) 44 B A ik MR

FKT B AR,

x #
HE 525 TN911.73 X ERAREAD: A

HEA 21 tE2e, th 555 [ 2y 3 £ B Jo A KT i
1745 (unmanned underwater vehicle, UUV) JF & JC R
PR ZE ) 7 PG DA BB 4% U0 S K
T EAF B MILE B UUV 528 H 3 H AR
(automatic target recognition, ATR) B H Z iR 45, H
(YRR, P P 5 73 B R AR AT BRI A T 2 B, S 3
KT BAR UM R A,

KT BFR RS IR U
B IR IR AE S 0 ik . N TR
SR R I TR R E 52 I A A AT gk
Yot R —AR I CHEE B AL S 5L T N T
TR R P I RN 5 i R R FZ AL BE T A 2

TRIZ 27 >0 Al DUBT XA ] i AN R8s b A 32
] BB A RO E R R |, JF HORHAL G207 HE R
FEWCI 73 2 R FF R — i B 3 (end to end ) 1Y
SIAERY, 7E 2013 4F Kamal 26 ) VR BE 05 M
%% (deep belief network , DBN) B X 7K ' £ 251 H
B B0 B 4740 25, 2017 4, Ferguson 255 Fi]
FHRJZ 1 25 00 2488 X6 1 7K B 58 7K T 5L S g 7 A 7
PUI ., Williams' ) {fi FH AR 1) 5 BURH 28 X1 2% ( convo-
lutional neural network , CNN ) X ] 43 75 iy & 1% i 47

%5 B #5 :2020-08-05

W A% BARRA AR, AARAY 2 Wk, B EE ATt
X EHS.1000-2758(2021)02-0285-07

OIS B E AR IR B R Rk R B
P RN (4 8138 4755, s P B ) 7 2] A5 A %6 g 1Y)
BT BEUR A SRy i 4, Xk A 25 E AR BSOS B
PRIEFTAY S, ZRBRAES R 3l G AR AR R 1 T
2 TEARMEMR LA OE T ] 2208 38 OB R AE B TR
2 I 28 U3 12 R 3 S i T R T S ) B AL
( support vector machine , SVM) IR 572, 25 A
WAMIFTE IR AT | B TR B 2 > Jr vk % Ay SR
TR TEIRAR D L

A SCHE B A A R 28 D) 48 A5 70 Y 6t L 2 114
Al PRI 25 D0 AN 6 P B i Ak 9K R A 3l H
FRipUp ey o 4 S /KT H R0 [R] I finple
H AR BRI

1 ERBEMKIELR

B RIZE B 2% (CNN) 2 PR JBE 27 > 40Ul v i) —
T BTk, BB T SRR 23 i) 45 R AT
% Lo UTAER AR 22 I 45 Iz L B ER 2y
2 WRAGIN | FAR TR AL B AN TR SRR T

E£WH . BRARFI#ES (61971354,61771398) B Hh

BB E T 2@ & (1991—) , WAL Tl A B SEAE , 2 NFHKT BARRAIEEE



. 286 - Wodb T ok ok

¥

539 %

S 2
1.1 ERMERMBERLEN

LR 285 38 H 4 FLZ (convolutional layer) |
L2 )Z (pooling layer) Fl 4% 4% )2 (fully connected
layer) SCHEHEZ M, Q018 1 iR, Ho B2 A
P RN R i N B 64T 4 B A,
> AR YRR 10 2R 2 X0 5 AR G5 SRR 7 F R A
BAE SN R IR R s R R X it — &R
GIE AN R ERAE S B R IE AT 45 F 2, e &
SEM R FUINESS

wa | weE | wme | ssE | rne | s

BT SR B 2 I 2% 45 4

XF TR AR -t Ak — 42 3 F 5 4 1 B R Rl 28
£, TN SR 3 ) 4% B BT A PG R /N 20—
o, WRFEAEBA G — , W) 2 3B KR 1)
REELE RS T T 10 4 T 4 2 iy A\ B 4 504 DL
HE, CNN Joik iE WA T S0 B R
1.2 BRMEMBFHESF S W RE

Kot TAERM 3@ CNN 2% 2] 21| Y RHAE 3 35 A
ARG RN T TR E AT B s 0y A I 1 fg, B
BAAERHF Rz rERe, IL4E, —2emi58 TAE
185 B AT AL T B, Ay SR B A FEUP 28 I 4% 1)
fE2f o) st e, Hor, Zeiler 250 M8 T —A 8 21
LR 2 M 4% 7E 225 ImageNet BUHE £ U 25 )5, #)
FH Deconvnet " it 25 B 0 4% 45 AN 2 A REAE B A7
AT AT AL AL 38, PR AT Ak 1 45 51 5 TG0k
MR RPGHA TR LG, A5 F N 2 B,

b) 3R

a) 2R o) AR d 52

K2 BRI 2 2% 27 )RR Y T AL

AL 2 Hrn] D& R, 4 B 2 I 4% 1) 1R 238 40
(s 2 2) ST B A 0 Bt RN 2 SR AIRZ
FRIE 56 3 2 B B R I SCHRRAE , B A 48
W26 TRIZ R4 (56 4 JZFNEE 5 )2) Il 48 B 21 [
H RS Ry SE B B R IR R AR, 7E Zead Z2 240
S WG B AR FRIE B L AL oh < 27 FRIE R
7N, A 187 B 43 25 25 B AT 58 iR 2% 19 40 2841 55
SR, CNN 25 1 25 )5 24 > 21 5 82 B AT B
SIPE R SRR 1 BRI T 5 B L 2 T,

2 EMEGIRAERMEMEER

R CAAFTEAR Z2 51 X622 R AR ) CNN
iR {H S Wolpert £ Macerday #2& H i9“ A 2% 4F
BRI, MR E I BRE ST
AT U AL 55 AR, r LA o8 7 iy gl )
HL T B A SR T A ) o R 25 I 4 AR TR
Pl 3 JRAS SO 7 b [ 5 i B B A RN 13t
FE Y B 22 M 28 RS R s B P
IR T AERERI RGBT T 2 0 3 A ER 53, DA I 5]
B R RN &, 0 e o i AR Rk
SRR LUK E 23 2 i HH ASEHR Sy i v 7 A [ 5
PUNTERR A5 1 2l TR . T TR 200X 3 4S8
O BRSO R A PR 34 | 20 1R B 0 i) BT R LA K
SEERA

i

2]

R

- e

¥ E

N (U

43 Softmax iy i
a) HAEB b)  E{G—4FE o) BRERHE-5 K

3 EFX A IR AR R S A B AE 1A

2.1 BB O\

16 1.2 WP 23] ONN 243 () E 8 2 B 1 A
A HONMEROCHEARHIE AR B, R TS S 5 B L T8
20T AR E RN A N RS AE 9 CNN 2%
A AR UG R T 3R 51 5 22 B EH 1)
B AR BN DR 28I RN R BN s [ 348 W] e R A
UG S5 B T2 m 28 H AR IE #4325

XTI 5, AZEAE R S8 2 K R AL 2 e i
— AN BRI R A B B A B R S 4



552 1

G, TR R 24 5K T H AR R 5 vk - 287 -

i 38 A PR35 P R J MR 1 I b DX
AR SCAR M N TE X R, 32t 7 0 45 g A=
Xf I an e A PR AE B M Sl CNN DG
WY L5 52 328 R SR 1) o DX, 4 8 H AR il
HIRIESIPVE

Xob A P PR B DX 3 1 i D)
AR ROTAE R E AR DXIURIR , a0 2% 45
AESR ISR . L1 W DR AE 4 75 I P A5 A 401, AR SR
FH 3 T % 17 HE ¥ ( graph-based manifold ranking,
GMR) 14 5 & PRI i X e iy G 2647 H
DXIAS I, A DU 25 SR ] 4 iR, 18] 4a) J2 AR 75
M5 TET 4b ) J2 X I ) S 35 PR P R BB (B BORAE 14
RIS, WTLUE S, KT BARETE X
HERR B ok

a)  JREfR

b) BFHE
K4 PR E AR X0

TESE ARG R FEAT NS, R ] Otsu B 73 %1
Jrid R R R s —(H R, B 5a) 2K
4b) P i 25 1R AR AR AL 3RS B9 S5 2R Ol A
ANIMEFEIE B A R 2 D H A5 XCBCRIAE H AR X
S AEIEHEN O B AR IR, 2 B8 T AE R B 125
e JsUR A IR AR 1 P Y H bR DGR ST ok, 25779
S DXIEMR BRI A R ANIE 5b) s, AT LA 3, 3K
B B EHSAR R I AR R RSN TR Z

b)  HIHER

a) MR AR
FIS I RO AR

2.2 4FAEREUVAELRIG iTEN
LA 2 ) 2% ELAT AR R 35 25 K0 1 I 28 1)
W L E D RS B FRAS SRR, — IR R B 0 R 2L

PRI X W 28 AR AN Wt AT DAL AL, LA 3RS R
YR PERE . JE I A d s LAR A B 8 I 2% 1) it
T AR SCRES T BB R LR N .

1) FEARIE R 25 PE RE B9 15 T 22 AT i 1 sl >
BRI SRR . 25 IS AS SO T 0 75 A T K
L GBI I D T R SR 4R BT LR A
B D 255 S T I 90 D e SO LA 4
RN AT

2) #ERMEHR RN ERE, BRI EFRES
SRR SR G N, 36 240 R T R AT (R
Boo MG A 405 {5 B R AR D B LATE R
JEAG 1] Tl T N B 4 B 20 AR R AR S I

3) WALJZE S AN N B 8 2 ) DR/ DN T 422 sk
DT SR AR R RS TS A . Bl
A2 P TR 4R, TR 2345 R I iR
BARRRIE B AT s i A 2 g
2.3 HFES FEREH

AL B A AR 22 X 28 AR R S IR B 2 4
B )R AR E I o R EE R A S
THA R I GRS R, 70 R ik 32 IBURSE B A 4 3 4
JEZ ], A — A 42 5 55 3t Ak )2 ((spatial pyramid
pooling, SPP) , W] 3 Fr/x, TEAFE 4B M A
G TR 2 575 5 Off e AR RS K
INA— [ %) T A R SUE B  HARR
~F2E SRR, R SPP )2 HEEUE RO HRAE , JF
A S 2 RO 3R R 20 2RA8OR,

XF T CNN i A GRS b 25 58— (1% 0] 8, 25 [i]
ST A T A U R Ik . SPP Y
PRI 6 Fros , T A F 2 R 2% 1 A 21 4
W71, LATREES 256 45 AEMT 20 0 3R SPP
JER AL PRI R R AR S 2H B v BE R B B AT R,
A SPP JZ | B e 0K 0 B RS R R A WS 4 Y A —
3B 16 H SR RUR R R LS 21 53 B 16%256 143 5
] £ S €0, 5 et P A 320 5% € B A% [ BB, 0 | 4 A
B3 I 4% 256 Gy A1 1256y, Rl 2 5, %t b —
373 St AL A | R IR RS 2 A0 B2 5 i 25621
HERYHE I, TEf AR 2 AR R o KB 5 376
AARRE ), X AELORIEAS 1B 6 i A EiHks i 4 4k
Anfey Ak SPP 2 KO 7R HE A 4 R R HT AR 5
— FIRH R A0 e85, LA ok 1 R P A
B A RRE 4 IBORE e i 7l AR RN G — 1Y

138



. 288 - Wodb T ok ok

¥ 5 39 &

Ereuz g =
%] 5 K BE O RFAIE 7] 3
356X 16-d 2256x4-d  #256X1-d
e / -
[~ /
Y v v v / /
M & FELZE

Ko zslala b ik B

BEAR AN ] 5 A2 | 28 B) 4 -3 AL )2
i Z M RAEREE . SPP BRI A] LIARRE I H 1Y 7
B A A, BIANE 6 R 3 Re T R 1
AT A 4x4,2x2 Fll 1x 1, i i % B AE &
T2 RS K R ORFE 15 58— RS RUE
AN— BB B RFAIE (], 0 3 BB RRAE (5] %) B3> PROT P 2
AR A B — 8T 1 1) i, BR A 5 R 208 SR B
HEFEFER . IR IZ R IR 7] ik A2 )2,
AT AR HAR UM MER %

24 ZITHE W ERIRBIER 4

ZEA 2.0 £ 2.3 WIRITHEAR R R
EUG RSB M2 BIRIR H 6 2850 (A& %
A2 TS 3 MERZE 1 S FE M E, 1 N4
HAEZ VIR AR )2 B R IR AR R o D 2%
EHOMBGZ SR, A2k I AL, &2
KB R T RFE,

W S EEAL R T He J7 " | AR
HEN(O,/2/0'"" ) Wy or A BEA TR0 AR Ak, R 22
SUEARHY PRETT 3 M 28 SEBRA th S REA R 2 Z [H] 1Y
255 I S AR RE AL B S I FiR s 152 2%, PR
Adam PEALTIE S AT M4 S, S M4
SRESH B 2% T I SRR AE TR IT T 75 m R
H AR

3 LWESH
3.1 SCISHURE

PR P PR S S A o A, K R HARIR
BB A B — A A TF RIS — B P i [

o N THEATA S ERAL BT T AR, &
AR A B — B 1Y Echoscope 75 W ZE BRI
XFIR AN [R) F AR B8 ARG 2R | SR 5 X ik 88 75 iy P 45
PT3535, B A5 8] 9 SR E S H ARy A
WS, IXLEK T AR s TR A Tk B KR
PLER N DBESRAZ DU . RHLERAZ FIIH SO sk % 45 | 4
FHRIE P — R RS I 7 R

bR i
S IVAVELUSEE S 658 S

K 5

0 Fok F EHEFIEA 2 915 SN,
IKT BFRFEAS #0Hs LAEMEOE iy AR 2 2] 1A
It N TARE T, X 9 28 HAREE S 5Ric R 0~
8. TEAPRIE D W BRI W AAFIE SRR 3 4
#R 43 VI 2k 4E (training dataset) | 56 UE£E ( validation
dataset ) FI AL (test dataset) ,

32 FEMEGRIRANER

SR JH 2.4 77 g 0 7 m ERGR BIREARY FE 2
i 8 P 3 RRIE 5 10 7 I R AT RAE 7 T A
o3 WEEIIGRI et R —UCGE A R 28 7E I 2R 4R
RIS ERHh g DL e SiE 2 i U0 3 7E I 25
SEER RN gt Bt 4 . &l 8 =M L8 TE I 24
R AR, AT LUE IRt 2k Bl 4 2%
YIZREACUEE 8 4 FGER B 2850 1 000 IR
PEARURET 0, RAEA I EHE EUR B, Ul R
s, IR U S 1SR GE



G, TR R 24 5K T H AR R 5 vk - 289 -

o)

) | |

y 08 12 6 20
PR vsL /10°

K8 MZEBIRITEYIZRAE A R s A QR £

P9 S 2% A B IE A - AN 2l £k, AIE] 9a)
AL Y, 7E 2 000 YA, 1% REE S (At T
R AR o0 B e b 2 A K B 2 32 R R B
T, 0 265 7E 50 UE £ b A IR B AR SR AE T 2 000 IR %
R &, 2 )5 T Re, B IA#E 0.8~ 1.0 Z
[, 6 B AR (432 AL R 5t I B LA 1Y
MG, LRABRIAEI A RS UESE [ RI, AT L
IR 2485 3

8r

AN S

0 04 0.8 12 16 2.0
ks /10*
Q) WIEHBHEE AR KB

BRI / %

0 04 03 12 16 2.0
%R %B /10°
b)  BRIRE MR RE R

El9 Bt CNN WIZEARRIE B UEAE b Al il 26

P2 AT R 58 i, 7EMA SR X 9 2ROKR
FI AR A R AT 72 S . Rl Sl 2 PR T 1Y 4]
B AMYS 5, 2338 1 Softmax 4328 35 it — 41 ¢
T HBRIENE 73 SR b 1 B 5 B B R i 28 AR

bRl WES S TRl By B T PR i i e e S
TR TIUIN 25 5 5 UG B S S M AR A R AT bR A TR
H bR BUG SRR AER 2R ik 5 89.52%, ILAk, Seit
TR CNN X 1565 1 i) [ 45 38 I B[] 1
S K ADPH 1 R RS- EE B R 34.3 ms, DA
TUNBE A ELAT [ 14 SCR 1
3.3 MK AERERIE

BET A R A PRAZ R 591 0 45 A R AR [i] - B ) o
B 45, S ABE 280 i e B AL B HoAE 4
HRZEATINA S FHEMAZE . T R UFX Fh 2k
PEEARONE K LR 53 A1 3 b I 245 45 4 ik A7 X HE 52
B RREK A S H Y BB 2 I i A R AN i
Sy EIALE, HA A& P b2, M4 B AU
T ANPGRS 5 MR BT AL B R & s b2 R
TR IE AT R, Xk BT I B AR ) 4 R
FIRERSE, M2 C AN i A RS AN, 3 1 4051, (3
SR NTINA & FI AR, FEH k%4
ST E AR FRCR s M2% D BIFESS 2 ikt
F14) IO 245 RS TR 25 ), ot i A RV A 2 e 1, FLAE 4
HEREEATINA & F 32

e [] — > 75 I B RBR A I, X g I 45 25 4
FEE AT S RELE, B S IR AR 1R 1 % 11
SEEMEAE A B TN R IR 1,

F1 FENEEREE THHENERIAZER

P

P 26 25 A S A HEFH/ % A
F5F 6]/ ms

ARG sy E & 3gik)  78.08 59.4
B( U EMR R4 75 mik)  81.50 58.9
C(BUGA T EE M4 7o) 84.91 48.3

D( BG4 5 H A i) 89.52 34.3

HI28 1 SC 45 S mT UL AR SCIRE T 45 7 8 3 1
3R 4 8 b AR 118 IO 245 AR ARG 7 o R B B 1Y)
TR B R o e, LU 10 3 R 22 W5 4540 A 1Y
PR 11.44% , XTECMZE B FIRZE A, E1& 5
HVE IR ERR R 42 & 3.42% ; XF LI 2% C Al
W2 A, 4 -3 Ak W3 B T N SR A
KO3 204 3 AL T DL BURRAE ] 4l
FITE Z 2R ARRAE  XHRRAE M 70— 23 A e T
H bRARAE I LA B o e v ; @4 3t Ak 1) 1
W T RS R T A,

11 R 1 B = A N B2 Al A D O
R AR B IR 18] )RR 6 26 1, DB TR 5



£ 290 -

odt T ok K

L,

L
&3

L 5539 %

TN 1E] E ok 48 A FNIM 45 BRI [E] AR
DR A AT Y o0 2% 235 g R i A ) T4 PSS o — R 1
R4 C RO T &Rl b T i =
S i LTI s [e) A i 5 A S 1
ZRASE I A B PR T I TR) b o B A Y, 24 R Y
2% A TR (8] B —F 3K 45 T 5/ B B R e AR
SRR TR ARE R T AT AR SCHR Y TR
7 2] IR RES MR R FEAS h A ShRIGE 201 H
PRAFAE , HA A5, T PR

2 Hbrs eSS 7 s, it 1 Rl E R B IX
B B A ALK T B ARSI A &
F MRS 52 R 4 o 3 b A 2 e ) 2% A TR 25 4
G553 UK sREIGE F T 2 0 25l A A 5 A &
Adam AL L F3E D 8 A2 3 3 ) 45 i 8L
AL, Fo o B ARG B 22 W ) 3227 3T UG FRE /)
RETT , AR /KR B AR AERG R A S
FUGERAE R Se g0 R, B8 0L 7E 9 ZE H RN
TS5 L REIRF] 89.52% W IEH AR , & T A Mk

4

Y CNN 2% | H BRGS0 s (] 24 34.3 ms, {Y
EFL CNN 28 T ) g —f , SEEe 45 SRR W
ASCBH R 22 N 28 AL T 42 R /KR H AR
FEA R, R T s G 0 R

A

% it

=A

RS X P A PSR i 2 1 B TS B 22

SEH

(1]

KARRAS C, MARANTOS P, BECHLIOULIS C, et al. Unsupervised online system identification for underwater robotic vehicles
[J]. IEEE Journal of Oceanic Engineering, 2018, 44(3) . 1-22

[2] KUMAR N, MITRA U, NARAYANAN S. Robust object classification in underwater sidescan sonar images by using reliability-
aware fusion of shadow features[ J]. Oceanic Engineering, 2015, 40(3) : 592-606

[3] MYERSV, FAWCETT J. A template matching procedure for automatic target recognition in synthetic aperture sonar imagery[ J ].
IEEE Signal Processing Letters, 2010, 17(7) : 683-686

[4] KAMAL S, MOHAMMED K, PILLAI S, et al. Deep learning architectures for underwater target recognition[ C] /2013 Ocean
Electronics(SYMPOL) , 2013

[5] FERGUSON L, RAMAKRISHNAN R, WILLIAMS B, et al. Convolutional neural networks for passive monitoring of a shallow
water environment using a single sensor [ C] // 2017 IEEE International Conference on Acoustics, Speech and Signal
Processing, 2017

[6] WILLIAMS D. Underwater target classification in synthetic aperture sonar imagery using deep convolutional neural networks[ C ]
// International Conference on Pattern Recognition, 2017.2497-2502

(7] Rak. FETHREE 0K T BARPUIINEDIFE [ D], . i RHE R, 2018
SONG Da. Research on deep learning-based underwater target recognition method [ D ]. Chengdu: University of Electronic
Science and Technology of China, 2018 (in Chinese)

[8] Z=, BUIRBE, M, 55 MHNRRE = ZIEK T HARESI[T]. A2k, 2020, 45(4) : 506-514
LI Chen, HUANG Zhaoqiong, XU Ji, et al. Multi-channel underwater target recognition using deep learning[ J]. Acta Acustica,
2020, 45(4) : 506-514 (in Chinese)

[9] ZEILER M, FERGUS R. Visualizing and understanding convolutional networks[ C] // European Conference on Computer Rision
Springes, Cham, 2014

[10] ZEILER M, TAYLOR G, FERGUS R. Adaptive deconvolutional networks for mid and high level feature learning[ C] /2011
International Conference on Computer Vision, 2011 2018-2025

[11] EdFF ST R ANLE 38 5 0 R B BRI L e[ D). P94 PEIL Tk K%, 2016
WANG Jingyu. The Research of machine awareness and hio-inspired perception based on audio-visual information[ D]. Xi’an:
Northwestern Polytechnical University, 2016 (in Chinese)

[12] YANG C, ZHANG L, LU H, et al. Saliency detection via graph-based manifold ranking[ C] /2013 IEEE Conference on Com-
puter Vision and Pattern Recognition, 2013

[13] HE K, ZHANG X, REN S, et al. Spatial pyramid pooling in deep convolutional networks for visual recognition[ J]. IEEE Trans



%52 1 G, TR R 24 5K T H AR R 5 vk - 291 -

on Pattern Analysis & Machine Intelligence, 2014, 37(9) : 346-361

[14] HE K, ZHANG X, REN S, et al. Delving deep into rectifiers: surpassing human-level performance on imagenet classification
[ C]//2015 International Conference on Computer Vision, 2015

[15] KINGMA D, BA J. Adam: a method for stochastic optimization[ C] // Proceedings of International Conference on Learning Rep-

resentations, 2015

Sonar image recognition of underwater target based on
convolutional neural network

JIN Leilei, LIANG Hong, YANG Changsheng

(School of Marine Science and Technology, Northwestern Polytechnical University, Xi’an 710072, China)

Abstract; Underwater target recognition is one core technology of underwater unmanned detection. To improve the
accuracy of underwater automatic target recognition, a sonar image recognition method based on convolutional
neural network was proposed and the underwater target recognition model was established according to the character-
istics of sonar images. Firstly, the sonar image was segmented and clipped with a saliency detection method to re-
duce the dimension of input data, and to reduce the interference of image background to the feature extraction
process. Secondly, by using stacked convolutional layers and pooling layers, the high-level semantic information of
the target was automatically learned from the input sonar image, to avoid damaging the effective information caused
by extracting image features manually. Finally, the spatial pyramid pooling method was used to extract the multi-
scale information from the sonar feature maps, which was to make up for the lack of detailed information of sonar
images and solve the problem caused by the inconsistent size of input images. On the collected sonar image dataset,
the experimental results show that the target recognition accuracy of the present method can recognize underwater

targets more accurately and efficiently than the conventional convolutional neural networks.

Keywords: automatic target recognition; sonar image; convolutional neural network; saliency detection; spatial

pyramid pooling
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