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Application of RBF Neural Network to Locomotive Speed Sensor Fault Diagnosis

XIE Bin! LI Guo-ning® FENG Tao! LI Bo?

(1. School of Automation & Electrical Engineering, Lanzhou Jiaotong University, Lanzhou, Gansu 730070, Ching;

2. Beijing Railway Signd Co., Ltd., Beijing 102613, China)

Abstract: Anlocomotive speed sensor fault diagnosis method based on Radia Basis Function (RBF) neural network was presented.
RBF neura network predictor was built by taking common faults of photoelectric speed sensor as model. Through on-linetraining and real -
timediagnosis, it was determined whether sensor was faulted, and then diagnostic decision methods were put forward and fault date of sensor
was reconstructed. The simulation results show that dynamic characteristics of sensor are accurately simulated, which can rapidly and

effectively realize speed sensor fault diagnosis.
Key words: speed sensor; RBF neural network; fault diagnosis; predictor

BP

[1]

Radial Basis Function

[51

RBF

2012-05-20 2012-09-26

2 BP Back Propagation

(-4 RBF
RBF BP
RBF



1.1 RBF

RBF 3

1 n h

m x:(xl,XZ, ,Xn)TeRn
WeR™ ™ bob. b,
Y=(Y1,Y, vym)T @D,(*)

2 [

@, (lx-c,I)

o,(Ix7e, 1) b,
1 RBF
D(*) Gaussian
1‘2
=
D()=e
T
G
RBF K

w, c,
< X-C, X C
1.2 RBF
RBF
h
G O W,
RBF
(6]
k- means RBFE
G Oi G o
(LMS) W, K
K c,(k),c(k), ,c,(k)
w,(K),w,(K), w, (k)
StepO h
k=1
Stepl

|x,~¢| =12 =12, h
Step2 X
i(X)=min|X, ~¢(®)| =12, h X
: XJEWi(k)
Step3
1
qUk+=— > x i=12, h N |
i xew; (k)
w;(k)
Stepd ¢, (k+1) #c,(k) Stepl
Step5
Step5 ¢ RBF
Step6
Gi:/'tdi di |
d,=minlle, ~e.)| 2
Step7 o, RBF
Step8 ]f[ — [h[j]e RNxh
VVi=(Wi1’V‘ﬁ2’ W)
y=HxW
Step9 &=|y=y|=|y-Hxw|
H
W,=H"xy  H H H =R BT
Stepl0
1.3 RBF
2
2
RBF
2 X




2012

RBF 2 2k
X,(1)~x,(K)
X,(k+1)
”] k x,(2)
~X,(k+1)
v o[20 e@ - w T [ae) ]
@) 5,0 x| x,(k+2) 3
3 X Y
RBF
RBF
Xy(3)~%,(k+2)
X(k+3) X,(k+3)
el
e =|%, (k+3)—x,(k +3) 4
2
e e e
2
2
%@ x,0) - nk+) | [nE+)]
T50) 5,@) - k+2)| 7 | 5 k+3)
5
e, e
2
X,(k+3)
% (k+3)
ey e
ey €
RBF
At
RBF
e>e e [
RBF
2
MATLAB RBF
[8] 2

2 000

0 200 400 600

800 1000 1200 1400 1600 1800 2000

0 200 400 600

800 1000 1200 1400 1600 1800 2000
SRR

200 400 600 800 1000 1200 1400 1600 1800

2000
REER

% 200 400 600 800 1000 1200 1400 1600 1800 2000
3
4 1 000
1400
1800 5 RBF
6



M . 2008.

|

==

(=3

T
o -

| ,1.15

.2 L L L L L L 1 L Il

0 20 40 60 80 100 120 140 160 180
BT /m

1
—_

12

AS 7509.1
BSEN 14363
AS 7509.1
BS EN 14363
AS 7509.1

3 Gou T H Nrre J. Sensor Failure Detection and Recovery by
Neural Network C . IEEE IJCNN,1991 221-226.
(RBF) WANG Yujia, ZHANG Mingjun.Study of model of fuzzy neural
networks applied to system condition monitoring J . Journal
of Marine Science and Application, 2002(2) 42-45.
. RBF
J. 2008 28 (9) 16-18.
MATLAB RBE
J. 2012(5) 63-65.
J. 2010(1) 36-38.
MATLAB M .
2005.
1 TBJ/T 2760.3—2010 S.
83 AS 7509.1
0.60 BSEN 14363
0.61 0.53
il AS 7509.1 BSEN 14363
0.4} "
® 02 ¢
0.0 R
¥
B 02
@ ; ___AS7509.1, R250 m
= L ---BS EN 14363, R250 m
04 S
—0.6 T S S R S T S AS7509.1 BSEN 14363
0 20 40 60 80 100 120 140 160 180
B1THEBS/m
11
02r  __ AS7509.1, R250 m
0.0 ———BSEN14Tw0m‘\
% -02 k '
§ 0.4 . :
E (I
& -0.6 g o
£ L D .
e i 2003.

2008 46(7) 1-4.

AS 7509.1—2009, Railway Rolling Stock-Dynamic Behavior-
Part 1: Locomotive Rolling Stock S .

BS EN 14363— 2005, Railway applications—Testing for the
acceptance of running characteristics of railway vehicles—Testing
of running behaviour and stationary tests S .

J. 2002(5) 13-15.



