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Abstract: The marine ship target recognition has important strategic significance in civil and military fields, this paper
proposes a two-stream symmetric feature fusion convolutional neural network model based on attention mechanism for
visible and infrared images, in order to improve the comprehensive recognition performance of ship targets in complex
perception environment. The model uses the two-stream symmetric network to extract visible and infrared image features
in parallel. By constructing a multi-level fusion layer based on cascade average fusion, the complementary information of
visible and infrared modes is effectively used to obtain more comprehensive ship feature description. At the same time, the
spatial attention mechanism is introduced into the feature fusion module to enhance the response of key regions in the fusion
feature map and further improve the overall recognition performance of the model. A series of experiments on the VAIS
real data set have proved the effectiveness of the model, its recognition accuracy can reach 87.24%, and its comprehensive
performance is significantly superior to the existing methods.
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Fig. 1 Architecture of two-stream symmetric feature fusion network based on attention mechanism

2.1 RUGURHE RS P 2 A BE

T, BRE N % DA BGRHE SR LRI
H s IR Y B A 08 I CNINHE B2 Rk A 2
AR A B R AE 2 B8 i P 1 e ) B B 4. AN SC3
H B FRARHAE R S A R VG G 16 25 22T (13
MG ZE A FE SR USSR AR S5 4, FRATHEBCRT I,
HeEUGHHE S AN RHIE.

WEN R, ASCHR H H Rl B R U L g
4 R 23 0% T WG AT A B UG AT B A I PR A
ML IBIE R R, b, B MR SR U TE 55
JZ(Conv1-Conv5) 15> it £t Jz (Max-Pool 1-MaxPool-
S)FE G . S 78 40 A F OCIR EMGRRE 3 B 1E A [
LR H R RHER IR, AR T TR L
2 it G, FEEREConv3Z 5, I AT AEE
77 # £ (spatial attention module, SAM), [ JiF #4) # 28
— 2 il & JEFuseLayerl; 7€ % #1 EConv5 2 J&, 51 A
SAMMEE e I #4) 1 5 — 24 il & J= FuseLayer2. fifti & =
FuseLayer 14 tH (RHIE El % AT WOGRHIE SR IBGEE 4%
SRASAESE U IR, Rl JE FuseLayer2% H FRRFAIE Bl
ANBRIZ2 x 20 55 Kb A = MaxPool S3E 47 H#1iE [
Y, 193 f Zmh &R HIE K FeatureFuse. i), A =2
AE A B AR B, 2 T BT Ik N 2 A
1F = 245 i% 3% )2 TP 5] NDropoutdsi R 123, fili-& 451k B
FeatureFuse £ i 4> 7% 422 )72 18 1 Softmax S bR 504 HY
WU PR 25 SRR 2. R AR Fal G 199 285 1) L A 45 4 2 B dn
RIPR.

1 WG AR RS F 5 SRS R
Table 1 Parameter table of two-stream symmetric fea-
ture fusion network

FAEH BK BERANEEE Linfan
. 3X3X3, 64
= i
R x/2 1 3X 3% 64,64 224 X224 X 64
B EL 2 2X2,1 112X 112X 64
” 3X3X64, 128
1= s
BHE2 x/2 1 3X3% 128,128 112X 112X 128
FRIAL)ZE2 2 2X2,1 56X56X 128
3X3X 128,256
HBIZE3 x/3 1 3X3X256,256 56X 56X256
3X3X256,256
MEEL 1 1X1X512, 256 56X 56X256
BRIAL)Z3 2 2X2,1 28X 28X 256
3X3X256,512
LRZ4 x/3 1 3X3X512,512 28X 28X 512
3X3X%X512,512
RtiL)Z4 2 2X2,1 14X14X512
3X3X256,512
BIES x/3 1 3X3X%X512,512 14X 14X 512
3X3X512,512
e =2 1 1X1X1024, 512 14X14X512
RIALES 2 2X2,1 7X7TX512
EIERE / / 4096
EERZ2 / / 4096
EERZS / / 6

AT HIRFAE R & 0 8 B TR LA — AN ZRid A
A=K RE. RN SR RE R, AR ] i 21



2012 B owo#H w5 N

%39 %

(YIS, e RO AHE ST (1 mT D0 IR 5 FALT AR BB 1R
RVGHEAR, 435224 x 224453 K/INFAT WoEFNLL
HMEEIFAT N N2, REESE UM 25 1B T VGG16
TRAC VISR R R, FRAERL G 2 DL A4 R A
FH 8 LR B T % (stochastic gradient descent, SGD)#x
PEAG SR AR I 2R, SR J5 5 5 SEFR S I Softmax bR 4L
3 BN I AR ()R 22, 2 a5, it g R it A2
VA BB i 22, DI /MR 22, B, DR AP B R A
AL AN B, X A — MR 25N B AT 6 R A AL
ARG AT AH R TRAL B, i A\ SRR FRAFAE R &
W 2% R BRURFAE, U FH S A Y AT AR AR K,
AR MR A TR AR EE.
22 ZHFHEREER
22.1 ZHMEREME

PRANRFAIE S B0 T a0\ 11 S5 6 GO /N o224
x 224, &3 LB E 5L R B I e I
T IARFAE P e A

PAVAISE 4124 vp — dH ] WL 5 41 40 UG 040
X A8, A Rl P £ AR SRR B X 28 AN [R) 2 AR

IEEENEEE
Hi EEEEE
EEEEEFEE
ElEEEEEE

JE 4 H AREAE B TR, BT AT H 3 2 R Y 3 2
R TERAIE SO L, 15 2 A RFE B 5 4200 5 46 A,
TR Z IR IR 2 Hh OGS0 BN AR SRR, X Lk
FREIE B G o B AR

VGG 168 ARG AR Z AU RAE B N A [ 2
URIPE USSR SE A0S, 22 TANE Z R FIRFIE
FE IR R A A ZE AN B e s ma A A R S Ve R, Rtk
Z IS EUE T IR AR AT S5 v] DL AR A S AR
A VAR, AR 231 AT AL SRR, AT LLE S
HZConv L FIConv2ii Hi FIFFIEE C1, C2 3 ELHHM
AL REAE, WIE | 28 BL 46, 4 FJZConv3, Conv4
FlConv5ii H IR AE K C3—CHHH LL ik E4FEEIC L,
C2BEHZAE XAF S, [ LR B 0 M 4075 . 45
fIE B OB S PP R, $ AR E AL 75 B 2 3 518 X
R, AT M RER A, [FF, AR 4 SR [25], T A E
FEAERL A 735 0] L3RS B R AR PR R, DRI,
RS S SRS E 5 AR Z Conv 5 i Hi P ANMRFIE
KICHSEEURHERL S . R, 25 RE RN fb-& = il S
RIGERDFI 265 EEBAE B, A8 RF R
FUGHFIERIEC3F CARIRL & RER.

B2l AR XA AR B 22 AN RIS B2 i AR B AT LA (T D B

Fig. 2 Normalized confusion matrix of feature fusion model on the actual VAIS data set
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5 Tug 150
6 Small 604
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Table 4 Recognition performance of each algorithm
on VAIS data set

Hik fEI Acc/% ATPI/ms
. ] ot 83.28+1.1 8.52
VGG16(H£) AR\ 70.7942.1 8.44
TS-CFF " WE+4 4t 85.00+1.2 16.06
TS-MCFF ae+4 4t 85.95+1.3 16.15
TS-CBAM-MCFF A ULG+404F  86.31£1.7 16.75
TS-SAM-MCFF  #] WJ%+404 87.24+14  16.37

Hodb | RSCE B B4 77 AIVGGL65 ik, 4
ANFTE] W6 EUE I AT S AN XU I HEAT 4 AR FE R,
H 78 ORI XS B 25 @il A 9 2% (two stream-cascade

feature fusion, TS—CFF) NN TE A2 Conv5 5 4 2 H.
2 il J= FuseLayer2 15 21| (R 7 26, 58 SOBURUN FR
Z kA M 2% (two stream-multiple cascade feature
fusion, TS-MCFF) N4 7481 )ZConv3 FConvs G
M5 % il 245 2 1R 0 W 4 8 X5 ACBAM
R FINLHI ) 2 Rl & X 2% (two stream-CBAM-mul-
tiple cascade feature fusion, TS-CBAM-MCFF ) A ¥
CBAMYE E JIHL 51 N\l & A3 2 R 5 P 25 58
SRS N R TR A VR 1 R 28 18 S 5 NS AMYE:
BTN 2 9 fl-& 25 (two stream-SAM-multiple
cascade feature fusion, TS-SAM-MCFF), I ¥ SAM
2 () B I 5 I NRHIE Rl A AR B 1 5.
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Table 5 Recognition accuracy of each algorithm on VAIS data set

5 oy FHREIALE Ace/%

Sk fEIR medium-other cargo passenger sailing small  tug
. R 58.89 90.32 78.38 96.71 80.51 8l1.11
VGG16(H) AR 39.61 71.62 63.91 85.76 7532 48.67
TS-CFF A WH+2 A 59.32 97.62 78.15 96.12 84.02 83.75
TS-MCFF EIRIS e =AR)) 56.87 98.03 76.16 9729 8725 8291
TS-CBAM-MCFF A WLyG+414k 60.39 97.82 75.56 96.84 86.18 83.75
TS-SAM-MCFF 8] Wt+404h 63.75 97.10 80.23 97.33 88.05 85.02
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timodal CNN, LA K 374 3 T VAISE 4 48 11 mT 0L o6 I
1% R 7 A AL 1) VGG16 (3 £8), 2) Gabor + CNN,
3) Gabor + MS-CLBP.

M 6T LLFE Hi, TS—-SAM-MCFF# #5715 78 7]
D65 21 AR PR 5 L B4 kB TR R P8 T '
FE 0 A AR RS T 2 4 175 3.6 1%, T 4T A %R
A 6 P 3 9 1.3.62%, o A SR U VR 3 R P
=. it b, TS-SAM-MCFF 5 Gnostic field. CNN. M-
ultimodal CNINZE3 7 filt 2 1R 75 B TR b 1 590 s A P55
A 2T, TS-SAM-MCFF 5 Gnostic field + CNN
TR LU BB RS PR R i B3 T, DU MG R
T JE % F, {5 & Gnostic field + CNN# Y 51 BE4H
BrAN I PRSI SR Rl A R (R R & 2L A U
_I"Gnostic field. ZL4ME{E CNN. 7] Iy K% I Gn-
ostic field 7] WG _ECNNRIMERF ), %)
S5 51U 75 EEAE B K BN ], 1M v 21 3 1 TS-SAM-
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Table 6 Comparison of other advanced recognition al-
gorithms and feature fusion recognition algo-
rithms on VAIS data set

AR N e BV S AR
VGG16(34k) 7079 83.28 /
Gabor+CNN][19] / 82.4 /
Gabor+MS-CLBP[20] / 77.73 /
Gnostic field[16] 58.7 82.4 82.4
CNN [16] 54 81.9 82.1
Gnostic field + CNN [16]  56.8 81 87.4
Multimodal CNN [21] 63.47 81.17 86.67
TS-SAM-MCFF 73.62  83.63 87.24

TS-SAM-MCFF# 5 /£ VAISE 45 & -5 1) 19

— AR RS U0 B 107 7, WL E10(e) FT 43, A L
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HAB SR A AR FE R R R RS ko e s 2
AR L, (AR 22 S A5 HAh S 0 B vy, AL )
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Fig. 10 Normalized confusion matrix of feature fusion model
on the actual VAIS data set
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