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Multimodal underwater target recognition method based on deep learning
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Abstract Underwater target recognition has great significance for underwater acoustic detection. The mul-
timodal underwater target recognition method was proposed based on deep learning. Due to the time domain
features and frequency domain features, a multimodal structure was proposed to incorporate the long short-
term memory neural network and convolution neural network. The time domain modal and frequency domain
modal were processed respectively, the output of those networks was generated as feature fusion by canonical
correlation analysis method. The temporal coherence of adjacent signal frame was utilized to improve the
recognition accuracy. The experiments were implemented based on measured underwater acoustic signal. The
results show that the proposed method improves the accuracy of underwater target recognition significantly.
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592 /éﬂ}%'?

2019 £ 7 A

1.3 REBRLEESXRKITHREES

BEFAFAL AL A R R SRR K AR S R
Y IR RS AN YR I RS, BT A N
IS S URTAT B oo R P s 1 2 7 VR B2 L i % 22 A
B INE K FEES o R A 95N % (Deep
auto-encoder, DAE) 52— G i 8% )= 2D IR
%, FRERE N TCSE B0 A5 5 B rh i BB B v 4
FHAIE, T EEEE M gt 28 Ba & B ARS8 . B8 3
KA S AEA R AR RS L R B 1, % i B 12
TR E A w5k, RITE g% 4% 1 B & = n )
KA TR 4B A R A 7, BORE T
N ZRFAE , A3 SR025 A0 ek B i, A ) T o
P 2] 7k

Rl B g 5 SRR AT I A S TR R )
MNE SLERORERGHE . WA, AN
YN SRR SR T SRS o L I SRS A
LSTM BEATHFAE IS5, — 4EME 1525 R ] CNN
ITRHEIIZR. IEERIRE T, 2 TRAERE & 84,
{5 F #8446 5C 20 M7 (Canonical correlation analysis,
CCA) K LSTM & By — 2 i} 3R AE 5 ONN 2 HL
AR — AT R AEEAT i 5 DRI, T R S R AR
JIT 18 St R AH 5 70 A 2 4R R B 2 AR B 4 O D gt
AR, G B A OC R LR S A £ oL AR
Z IR RW G 7k il B, 45 oK
ERcdib e SRl

2 IKE{ESHHEARZSAT B X 45 S 51k

TEACHE (5 5 A0 e R e, e I P T B
e 4K M B AR R L BR EOREGE, 2
A 055 5 LA R e, A RS AR PR
WM R L5 5 5 48K T H BRI 20 R SR A,
7 92 e ) 6 SR AR T B VL0 0 2
J7 i CA BB AL L

SR 05 BT 2 S ¥ AR GRS 1
O\ A ONN ST R B IUR 43 K50, 1 A
U RIAREZ [ BRSSP I 5B M. 55 A6 i
AATEIAR S, ONN K 7515 2 4000 o L
ARV T2 (s g o 0 3
2, FORH NI BRI, g, AR RBRAE(S B,
MR 4 5 50, ST R B L(0), P AL 5 K
NG SR BP B ST HAL -

N

L(9) = - Z 1g Pp(yn|7n)- (8)

n=1

T HRTHR A ER, 25 FEA FAR AR 2 8] R AH 9%
Py & 2y 2o RN AR PTG (&1, W] — & LR =R
o A B RFAE R AR RN 2] (1) F 2 (0) A Ly
PRIER (b e 2yt DY R

26 (1) — zp(22)| |1, # 1 Bl ag ELL,  (9)
max (0,6 — [|zg(z1) — 2§(z2)][1),
% X1 *D i) K@éi, (10)

Horr, 0 RRIG R, AT i ie BN S 4
¥ x1 20 fiI N ONN, f = H B L5 L= 5400, 15
FURFHERT 2] (21) BN 25 (o) J , IBIL K (9) A2 (10)
TR OCT 0 (A R BEBE Loon (0, 21, 22), 4T BP
SRR O HEAT SR, SXARAE AT 70 F 57 AR &0 43 ot
Z IR A R

3 FAMEHEXNSRESEREFIEE

FE T IF A1) /AT AH 5 1 ) 2 RS TR B 2 ) e
W&l 3 Ao

H 2iith 53 2R

softmax#ii
LSTMAHAY CNN#Y

3 ZRSHEEMEHRER

Fig. 3 The structure of heterogeneous multi-

modal network
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