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LI Xiang'?, WANG Yan"?, LI Baoging'
(1 Science and Technology on Microsystem Laboratory, Shanghai Institute of Microsystem and Information Technology, Chinese
Academy of Sciences, Shanghat 201800, China ;2 University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract Aiming at the problem that single channel vehicle acoustic signal is seriously affected by
wind noise and has low classification performance, a one-dimensional convolutional neural network
model FVC-CNN ( convolutional neural network for field vehicle classification, FVC-CNN) based on
four channel synchronous acquisition signal of acoustic array is proposed in this paper. The model
uses the idea of weighted average of attention mechanism to improve the structure of Inception
network. As the input layer, it extracts the features of four channel acoustic signals with different
time scales to suppress noise interference. According to the distribution characteristics of different
vehicle acoustic signals, three feature extraction networks, SWNet, LWNet, and TNet, are trained
to extract the characteristics of the corresponding vehicle, finally, the extracted features are fused
with multi branches and multi dimensions for classification. Verified on the same data set, the
experimental results show that the total recognition rate of FVC-CNN model can reach 94.22% ,
which is 14.08% higher than the traditional method, and the classification effect is better.
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Fig. 1 Structure of FVC-CNN
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Fig.2  Amplitude spectrum waveform of vehicle in frequency domain
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Table 4 Four channel noise reduction

performance evaluation %
S A SR ER R
1 CNN ( PRHE ) 82. 50
2 CNN (4 i@3i8) 90. 84
3 TCN ( FRLIE IH ) 83.70
4 TCN (4 i#iH) 91.23
5 FVC-CNN (HLid i) 90. 43
6 FVC-CNN (4 3#3iH ) 94.22

£S5 A inception £ R EHHEIRIVE M 1EEEIE (R

Table 5 Performance evaluation of improved inception

multiscale feature extraction layer %
LIS it KRR =R
I 4 I+ Inception 91.28
2 4 W IB+JF LR Inception 92.90
3 4 @A+ Inception 94.22

JEAT 5 O RRIE KA, A 8 A 380 07 o M 75 e 1) 1
H sk 5 5250 2 5505 3 frn , 7ELE Inception &
Bl 51 A B FI L, R4 TR0 2 5 1. 32%
TERL T HLHIAE B X P b 55 1 R e 432 11 38 T 7R
g R AR HR BT o 0 ) BRI MR RS Y R
FRAE AR R B 2R B R A0 PR REAUSR
2.3.4  FFESRICT 4 M RRITAL

IR IR SR H T 4G (PR RE , B TR /NES
ST AR AR HE I 45 25 F AR TR) , SR 30 2k PRI
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KPPl 253 3 22 Y R IR AR AE Al A ISR
SR T — 418 8 S50 A7 % Ee I, I
%% 7 fif7n, FVC-CNN-LW F1 FVC-CNN-T 43 5]
Fé78 H LA LWNet F1LL TNet V5 b 45 HE 42 B0 2% iF
11 HBRAT 2 (R AF 2 BN % F FVC-CNN R i
£y 7% J B4y 37, FVC-CNN-Half %718 FVC-
CNN 7Y e b 1 A7 22 2k B R 11E il & 1Y) MergeNet
T4y, AR 3 A RRAE H2 UM 45 1) i Hh PR e —
EIATHIRE,

R 6 FFERECF MR 5014 BTl

Table 6 Performance evaluation of feature

extraction network recognition %
FRAESRIX aYES
TR KA L PR JEHT 4
LWNet 98.78 77.07 10. 64
SWNet 30. 89 98. 86 83.13
TNet 34.17 82.36 99. 47
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Table 7 Performance evaluation of multi-

dimensional feature fusion %
SR S sl JESTCHIN RS
1 FVC-CNN-LW 89. 68
2 FVC-CNN-T 90. 80
3 FVC-CNN-Half 92. 38
4 FVC-CNN 94.22

MEEE gk Bl DI 1 FVC-CNN-Half X 2%
FEPHE 3 25 BARFRIE SR I 4 4 1 A RRTIE A o
28 R IR e g S F 92, 38% , HHER T HH —
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TR LA - TF, FVC-CNN [ 2% 78 FVC-CNN-
Half 45 (380l LTSI T 257 X 2 4 BERHIE il &
BB, g TR LA AR RS X 4 T LI

RCHLZE A5 F AR A SRR AL, SR R A
ﬁgjjo

3 ZERiF

BEXTHF A REE T BLIE 1 A 75 A 52 AU
M 5 A S MR RE BRI (R, A SCHR s T 75
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RURT LAY 0y 4 ABEHE 1) SR 4 38 38 Fan A0 ) X
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Wl s i AR R IT B BB, S T 4328
FRIE SR 25 A0 25 G, 35 A0 N 1) B AR (5 5 FRAE
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FTNet 55 3 >43 32 M 45 43 i 2 B 3 Flv B B A
ASPERRAE B TR IE B X 20 B 54 ) Bede B 3 Fp
SHEMEAT 2 A2 BE AR Al A, 3458 TR AR R
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A RCHA R T XU T R A8 B R X 43 FE Y
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SRR S TR M RROR R B AR R
B AT GIR A RO RS, N — 2%
JE R4 W 28 S BB, RAIEZE BN S BOREL T
W RESERE R AR RE

Stk
[ 1] Zinpe, 4 FEZ, S, 55, He T AR o3 ff S ) i
PR RIAEERN [T ]. BT, 2010, 29(3) @ 178-183.
[ 2] Kandpal M, Kakar V K, Verma G. Classification of ground

vehicles using acoustic signal processing and neural network

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

classifier[ C] /2013 INTERNATIONAL CONFERENCE ON
SIGNAL PROCESSING AND COMMUNICATION (ICSC).
Noida, India;IEEE, 2013; 512-518.

Yang S S, Kim Y G, Choi H. Vehicle identification using
discrete spectrums in wireless sensor networks[ J]. Journal of
Networks, 2008, 3(4): 51-63.

INERE GEA 0 VTR, A5 T R A R 26 i T S O 5
SERIBELY]. T ER R BER 240, 2020, 37 (4) 1 562-
569.

Zhang H M, McLoughlin I, Song Y. Robust sound event
recognition using convolutional neural networks [ C] //2015
IEEE International Conference on Acoustics, Speech and
Signal Processing ( ICASSP ). QLD,
Australia: IEEE, 2015 559-563.

XU, FETIREE 2 ) IHGE [ D], s i TR R
2,2019.

b I e A E B D SEAEE Y o TR I M & = o & N
B, 2019 (33): 35-36.

Kalayeh M M, Shah M. Training faster by separating modes of

South Brisbane,

Variation in batch-normalized models[ J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2020, 42(6) .
1483-1500.

TR, R RE A VTR 10 45 T i) D E B TR B SR RS
[D]. &I FEBEHAR R, 2006.

Tiete J, Dominguez F, da Silva B, et al. SoundCompass: a
distributed MEMS microphone array-based sensor for sound
source localization [ J ]. Sensors ( Basel), 2014, 14(2):
1918-1949.

FRE. AN AL R iz 3 H AR5 F 5 5 RIS
PWHIBFFE[ D], JLat. i EREBER Y, 2015.

Szegedy C, Liu W, Jia Y Q, et al. Going deeper with
convolutions [ C] // 2015 IEEE Conference on Computer
Vision and Pattern Recognition ( CVPR) . Boston, MA |,
USA. IEEE,2015.1-9.

2O, T REBIE R DR 2 R R R IR E AL A AT 5T
AR D], st iU TR 2%, 2015.

BFITE. T A W A A 1B I 7 R i 0 B 5 3 R 1 B 5T
[D]. dtat. thEBRABERTSE A BE ,2011.

Bl BT HES B E SRR (D], L.
HERLEBE R, 2012.

Shi W L, Fan X H. Research on armored vehicle classification
based on MFCC and SVM [ C]// 2017 3rd IEEE Intemational
Conference on Computer and Communications ( ICCC ).
Chengdu, China; IEEE, 2017 1938-1941.

Wei J S, Lv J] C, Xie C Z. A new sparse representation
classifier (SRC) based on probability judgement rule [ C] //
2016 International Conference on Information System and
Artificial Intelligence ( ISAI). Hong Kong, China; IEEE,
2016 338-342.

YO ZERUA, 5, 55, 3 T B0 TCN W45 19 87 5132 3l
H#r4r25[1/0L]. iH5HL TR (2020-09-10) [ 2021-03-
29]. https: //doi. org/10. 19678/]. issn. 1000—3428. 0058750.



