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Fault diagnosis on cutting unit of mine roadheader based on PSO-BP neural network

YANG Jianjian, TANG Zhiwei, WANG Ziruiy, WU Miao

(School of Electromechanical and Information Engineering, China University of Mining-arid Technology ( Beijing) , Bejjing 100083, China)
Abstract ; In order to improve an efficiency and accuracy of the fault diagnosisfor the cutting unit of the mine roadheader, based on the vi-
bration acceleration signal of the cutting unit on the mine roadheader as the study object, the vibration acceleration data of the cutting unit
on the mine roadheader were collected from an underground mine and_the feature vectors to represent the operation status of the cutting unit
on the mine roadheader were analyzed and picked up. The BP neuralinetwork was applied as the fault diagnosis method. The rapid conver-
gence and overall discovery capacity of the PSO algorithm was applied directly to the optimization on the weight threshold value of the BP
neural network and the slow convergence speed of the BP neural network and the easy falling in the local minimum problem were solved.
With the training and test conducted on the data samples, .a PSO — BP neural network was established to diagnose the cutting unit whether
or not in fault and the diagnosis was conducted on the fault whether or not occurred in the cutting unit of the EBZ-160 roadheader. The
test results showed that in comparison with the optimized BP neural network ( FBP neural network) of the rapid BP method, the PSO-BP
neural network would have higher diagnosis accuracy and the training steps would be less. The method could accurately and effectively di-
agnose the fault of the cutting unit on the roadheader and could provide a new method and new idea to the study on the fault diagnosis of
the cutting unit on the roadheader.

Key words : mine roadheader; cutting unit; fault diagnosis; PSO algorithm

0 3 = S5 2 PRAENL T ARG S | (A SR HLAE T AR
FErb o K HE R, NI S — M IS & i 2 Lk 2

a PERLAE BT I T SR BOAZ O e 4, TR Wit I U N B2, ITAFR L A AN TR A B X
(2 A e R S . B TR R T 3 P HENLETECEIS AR T RS ST , S ) T 2 Bt b

I F HE:2017-03-05; HAEMHMEE X Fi  DOI.10.13199/].cnki.cst.2017.10.022

EETB . B 5 E s AR R ITR1 (973 3H41) % B35 H (2014CB046306)

YEHE R A1t (1988—) , B, AR T AL B L M, M E SN, Tel: 13426073846, E-mail . yangjiannedved@ 163.com

SR AR, B, T o, 55 35T PSO-BP M2 2% 1 i EHLBGH BRI W[ 7] . BB EHIR ,2017,45(10) £ 129-134.
YANG Jianjian, TANG Zhiwei, WANG Zirui, et al.Fault diagnosis on cutting unit of mine roadheader based on PSO—BP neural network[ J . Coal
Science and Technology,2017,45(10) :129-134.

129



2017 4F55 10 #A

@2 H 28 L %45 %

Wi, A 7 R APk TR S B R
N R RN 4 =2 B2 R RN U EZY I E SR
&, FERAIRIENLRE S R A R TR, 2 —
T 7 X i ML AN TR A R AT 5 5212 W, LA H T
SETATAESRE SR8 LA B 2y, 5 A F R F
Z A B CHE , S8 R A IR R E Z 20, Bk
B ) R 2 i), X LA X B 2 L 047 o A A 205 e
W Y AR B A S 2% Y T I R 2 X6 ) A
PIEB IR AS K T i, /N e RS ff 1) B2 e a8 Ul
WH R G, 28 W 4% R S L f et (1
S H RHS P 22 0 45 17 FH 1 1 2 AL B 12 W ) R G
FERIXT

FIH PSO Hik Pk Wi stk 5 42 Js tE itk BP
PR 0] HE 5 BP A 28 X 4% A 12 IR A 84
W, B AL E IR S5 5 s X &
3 2 5 53 BT B R I A S 4 AR A ) i, R
FH PSO—BP 1 25 ) 45 % 4 1 AL A 1) 3 1 47 i B 12
Wi, FERIZ I 2 M 25 5 PG BP IR AR Y BP i
4% (FBP P44 ) #17 A, 28 8 T PSO-BP #i 4
W28 BT A | A 4 T R A 9 4 1 T A 1 3 e s
WL T IR

1 PSO-BP #IZ K&

1.1 PSO &k

BRI, 465 O PSO ik, HAL AR
MUNR B S0 0 (0] AR B A 2 i — R K
“RiF", A RFHAE—A D S T &R,
S A AL ERAT — 38 0L B RS S (L LA K
Huio BN, B— R LR 712126,
feiC T S8 AR E . B— R Fisa —
R DAHR e CA T B B R ), 3 AR AR
B RAT & 50 DL SR A ) AT 2 5 AT B A M
L

o7 5 R S E A S A T R

v, (t+1)=w(t) v, (1) +e;r (py—x,(1) )+

02r2<pgd_xid(t)) (1)
x,(1+1)=x,,(1) +v,(1+1) (2)

Hrpr,
01)= i ) (3)

lmax
Horbi RF, =12+ \N,d=12- Dje,,
¢, I T S B B AR R, — e 25
rywry MBERLE, FAECA [0, 1] 50, (0) KL i 2RTHY
130

BRI 5o, () AR i MATEINEE ; p, WRLF | R
M ERAT B 5p ARLT @ R I AR R A B
FRPERE 0, @, 539008 o B R AE M ME,
— W w0 =0.9 0, =045 KFYETERSEG
e RIERAEL
1.2 PSO-BP HEZMEHEGHEST R

PSO-BP [ 4% 44 4 1) 3 A S8 % 2 B PSO B30k
Ak BP 2% BAUE Fiin 22 , {ff BP N5 2 WA i
1S ENHE R, I LA S B B s i W
HREIE 1 PR,

iﬁﬁ.

FlBE Stk
(BRI A 25
I
:

LS i A MR S P
B ZIBUEA RIS
{
AT AR 2254
RRANZAE AREERET P [y
A S dpe A
A RV VT
AR

N ER— AR IEN
B )

B BB OE N W WER
LRl FFE R ILE R
!

[ wamses

iﬂﬁ.

1 PSO-BP # % ] 4 I 3 I 5 & i A2
Fig. 1 Process of PSO—BP neural network

fault diagnosis algorithm

2 HEEEEAAE

2.1 HHEEIER

PEHL EBZ-160 76 Jit 37 A1 38K 1 7K 700 55 9 3
I A5 A SUE T 25 I BE e A AT Fe Sl
SAHHL AR R R i, A A R T PR Bl e
A R/IN, 7 22 R W T IR B A5 5 B8 YA A FE L Ui
FEFERR I LT 32 vhiks B2 B A KN, R L sh AL = A1
FL YL B A% L S e Fi Bl AL B
2.2 HIEAIESHARIEE

EBZ-160 %I 4 i LA ¥ HB I 2000 8 B2 £ 4l el
L R 2 (A6 ) B ) 2 e O 1 SR AN AE




WA BT PSO-BP 1128 6 4 ) 4 HEA LA Ak a2 i

2017 4F35 10 HH

TR, £l S0 44 141017234310 (2014 4F
10 A 17 H 23 i} 43 43 10 #0) IR sh Ba 156 1 B4
Bt BGRB8 ) 1) St B, e dn
2 Fi7s,

_

o 001 002 005 0.04
IR/ ps
B2 dRtinsE ERAE KT
Fig.2  Original waveform of vibration acceleration

IO MATLAB A4 12 i 5 4 9 2l Jon i 8 15
SR R RERERIRZE T BP M4 HE R
WS, 3 DR ECE EA T VA — A b B b PSS IR A IS
EAEARIA—A i 3 frs

PRSI [/ (m.s?)

73000 3 500

2000
M [l /s

B3 AR T — R
Fig. 3 Normalized time—domain indices waveform

PABGEI R Sl A AR LR B, 22 41 U5 — 1k e A

1000

AL SRETE , Qs 4 i,

1.0
08
= 0.6 ’
o
= 04 r
L o2 1 M
el h
0 1000 2000 3000 3 500
Bt [l /s

B4 V06 A E L A T B
Fig. 4 Normalized A—phase current time—domain
waveform of cutting motor
i T 3 P PR A Al R L S BN B S R
PR AH 3 I R AL 2 28T 40 91 S A 3 B AR A 5 4
HLSHHL =R A AR M HEAS X PSO-BP 45217
NG, TR REAR R Wk 1, Hrhs 1—5 4
B Ry TR 5 6—10 2 ik B

3 PSO-BP M4 H44 2 R illik

3.1 PSO-BP WM&z

EH KM PSO-BP #H&Mk 6-13-1 (WIE
AN 6 A, 70 5 IR S BE A 5 1A 2L
{8 5z N EEFE b AR R B S AL = A R B
fi) 58 R 1A, BVECHE R Y 1 F Sk B -1
TN A 1308 B 2005 A N=2n+
L #f5E | N NP2 o8 n i A e 50 IR LA
FERRZ TR 13 1

F1 | BLERSEHIERLE

Table 1 Section sample datas of each working condition
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8 0.001 2 0.004 3 2.793 8 29.250 28.275 34.125
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Table 2 Test results of PSO—BP neural network
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Table 3 Comparison test results of PSO-BP neural network
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