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An Optimized Voice Recognition Simulation for Urban Traffic

ZHENG Hao ZHAO Shu-xu QU Rui-tao

( School of Electronics and Information Engineering Lanzhou Jiaotong University Lanzhou 730070 China)

Abstract: With the increasingly serious whistle of motor vehicles the whistle recognition of the car can identify the whistle-blowing vehi-
cle and give strong scientific evidence to the behavior which is of great significance to the urban traffic control. The traditional methods
mainly include probabilistic model algorithm based on GMM -HMM support vector machine and so on but their accuracy is low and the
process is troublesome which makes it difficult for the traffic control department to carry out manual review. In order to solve this prob—
lem based on the recognition of whistle sound in urban traffic vehicles we present an optimized sound recognition method in combina—
tion of the powerful nonlinear modeling and feature extraction capabilities of DBNs ( deep belief networks) . The MFCC ( Mel~-fre—
quency cepstrum coefficients) and its first and second order differences are used as the characteristic parameters for the input of the
DBN network and the sample data are modeled and further features are extracted Finally softmax classifier is introduced to achieve
the car whistle signal matching and identification. This method gives better recognition than GMM -HMM and its effectiveness is
proved by the simulation.

Key words: neural networks; depth belief network; feature extraction; Mel—frequency cepstrum coefficients; car whistle sound recognition

20 o

2010

:2018-02-12 :2018-06-13 :2018-11-15
( 1504GKCAO018)
(1994-) ; CCF  (27584M)
“http: //kns.cnki.net /kems/detail /61.1450.TP.20181115.1047.022.html



(]

Andrew
BN)

GMM

BP

”»

. 2015

GMM-HMM

2011 Hinton 56

19.4% . 2012
( SD-

TIMIT

. 2017

o

Cool Edit Pro 2.1

2.2
2.2.1

coefficients MFCC)

' ( Mel - frequency cepstrum

. MFCC
(1) 1
F, =1 125log( 1 + f/700) (1)
Fo (Mel) D
Hz o
(2) ( critical band)
Mel
2.2.2 MFCC
MFCC 1 .
N Jpegmmnr | [ srsrmene
kb B > A > =
THEDCTE T E L Mel yE
N N Y
1 MFCC
(1)
H(z) =1-az" (2)
« 0.9~1.0 0.97.



e Q2 .

29

X(n) X(m) i
(2) ( FFT)
FFT
X(i k) =FFT Xx,(m) (3)
(3) o
FFT
E(i k)= X(ih * (4)
(4) Mel o
Mel

Mel °

E(i k) ( i i k k
) Mel

m

ﬂim=§EUMHM)Osm<M (5)
(5) DCT

Mel DCT
5 w1
mfce(i n) = MZlog S(i m
=0
cos mn(2m = 1) 2;:4_ D (6)
S(i m) Mel
;m m  Mel ( M )i i
n DCT
223
MFCC
o MFCC
. MFCC
MFCC

2.3

3 DBNs
3.1
3.2
( deep belief networks
DBN5) GMM -HMM
RBM
w
softmax

( back propagation BP)

RBM( restricted Boltzmann machines)
11-13

0 2 RBM

3
b,
P(b, W,)
R—db+iWﬂ) (7)
() = (8)




2 63
RBM
softmax ( Output)
4
4.1
10 o
3
33 :
() RBM v ()
v P (2) ;
P u ! (3) ;
0 : (4) ;
(2) H (5) i
(6) () ;
wo (7 ;
(3) REM " (8) ()
RBM o (9) .
v (10) () o
4 9-11 o
_ _ \ 10 1 000
P(uj—l‘v)—a'(bj+ Z{Wﬁvi) (9)
P(v,=1[h) =a(b, + Y Wh) (10)  1000% 10=10000
=1
A logp( v) _ A B A 0.05 s 2 230
w; =¢& au, ~e( <w, 2 daa T < VN > o) ( 44.1 kHz 16
(11) ) 256 128
Input | 16 16
A
I W °
| MFCC
| 4
Hidden layer 1 12 12
A
| 12*% 16=192 DBN
l W’
[ 4 °
Hidden layer 2
7Y 10
o
[ 4
Hidden layer 3
A DBN 1192 :
DBN 210 (10 )
\ 4
| Output ! 800
* = .
4 DBN 800* 10=28 000 ;
4 o 2.2 ' 100
* = -
MFCC 100* 10=1 000 ,
. : ( In- : 100
* = .
put) RBM 100* 10=1 000

( Hidden layer 1)

MFCC

MFCC



.64 . 29
4.2 MFCC
( EER)
EER . EER 0
GMM
Py = )
EER — N (16)
N, y N
MFCC MFCC+ MFCC+ .
MFCC 1 I
i 2009 28( 5) : 640-644.
2
7. 2009 11( 1) : 64-67.
3
16 ’ J. 2012 27: 262-266.
5 4 MFCC  GMM
o 36 D. 2010.
MFCC MFCC 5 MOHAMED A R SAINATH T N DAHL G et al.Deep be-
° lief networks using discriminative features for phone recogni—
10 . . tion C //IEEE international conference on acoustics speech
35[%\\ E;EEEEE::&MMm _ :I(;(é;_ig;(l)zZprocessing.Prague Czech Republic: IEEE 2011:
- \\\\ | 6 MOHAMED A DAHL G E HINTON G.Acoustic modeling
= G \\\EL using deep belief networks J .IEEE Transactions on Audio
% ¢ \\\ T . Speech & Language Processing 2011 20( 1) : 14-22.
= \\“GH_\\ \\‘\“\H\\\ 7  ANDREW G BILMES J. Sequential deep belief networks
Qnﬁhh\‘h\__\i \\"‘\\__\__ oy C //IEEE international conference on acoustics speech
151 -*\\\‘~——~__‘\ﬁ \\\"\\\_h 1 and signal processing.Kyoto Japan: IEEE 2012: 4265-4268.
T ] 8 BP I
10 5 8 10 12 14 16 2015 51(3) : 192-196.
P i 9
3 J. 2017 37(2) :505-511.
16 MFCC+dtm+dtmm 10 MFCC ACF
GMM J. 2015 25(2) : 140-143.
11
. 1. J. 2016 42(9): 174~
1 DBN GMM % 179.
12 NOROUZI M RANJBAR M MORI G.Stacks of convolu—
tional restricted Boltzmann machines for shift—invariant fea—
GMM 32.9 ture learning C //IEEE conference on computer vision and
DBN 11.2 pattern recognition. Miami FL USA: IEEE 2009: 2735 -
DBN 2742.
13 MOCANU D C MOCANU E NGUYEN P H et al.A topol-

ogical insight into restricted Boltzmann machines ] .Ma-

chine Learning 2016 104( 2-3) : 243-270.



