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Data-driven intelligent incipient fault diagnosis for subway vehicle door system

Shi Wen'?, Lu Ningyun"?, Jiang Bin', Zhi Youran®, Xu Zhixing’

(1.College of Automation Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing 211106, China;
2. Nanjing Kangni Mechanical and Elecirical Co., Lid, Nanjing 211106, China)

Abstract : Door control system is one of the most important sub-systems in the subway vehicle. Due to the complex mechatronic structure,
frequent open and close movement, and crowded passenger flow environment, high failure rate of door system persists. To accurately
detect the incipient fault, a big-data-driven optimal feature selection algorithm and a random forests ( RF) based incipient fault diagnosis
method are proposed in this paper. Firstly, multi-phase time-domain fault features are extracted from door’s position, driven-motor’s
speed and current signals. Secondly, the irrelevant and redundant features are removed and the optimal fault features are retained by
using distance evaluation technology. The selected optimal fault features are adopted as the input of RF classifier. The fault labels are
utilized to formulate an intelligent fault diagnosis model. Finally, the fault diagnosis model can realize the online automatic recognition of
different incipient faults in the door sub-system. Experiments are conducted on the bench testing door system of Hangzhou line 4. Results
show that the proposed method can exiract the early features of incipient faults. Compared with several existing methods, the diagnostic
accuracy and robustness of the proposed method are greatly improved after optimal feature selection.

Keywords :incipient fault diagnosis; distance evaluation technology; random forests; door system of subway vehicle
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Fig.1 Phase segmentation of door movement (e.g. door opening)




194 %/ L £ ¥ R

F40E

LT, 25 T 500 13 T A 4 O 1 S A I Bl 43
W SR AT R AT T i I s S
PGSR IO o 3 Jak 0 45 Al B 28 0, 75 50 o 1]
¥ ARk s A g i, TR B, A B . %
SEE T T A S B 2, AR S S R R N B
AF, B 3 2 L SR R A B AR 118
BN B BB S T7 2 IR I B S A
WA F e R,

DfID jll f12 f1P|:|
pegio-gr 7 fp (1)
LHE LA

R N F7RIF TR R P 3275 0 32 1 JUUG i
i

AR —SEHRE 180 AN FFCT VHURARAE, Bl P =2 x 5
X 3 x 6 =180, Hrf1,2 FRIFITRIG 1L 2 K2k, 5 %
RS ANBEINEE,3 FR 3 WIS %6 FoR 6 A5t
BEAF . B — UK I 1132 3 il 46 mT 4 B 1 390 B4 R A 7]
B, =Sl

CBEARAE ST 43 A A ik AR A R E R G AE )
W Al NS R T TG RAE , RN 1] R G4 T LAY
S, OIS A B 2 WO . B L B /ML
SERE RN 28 T 5 GORRAE , 7T LR B2 1 T BE 1 R/
FBAG S 1P sh 00

2 ETHEIFMEENNFHERZEEER

FRIEZEREIE M 1 AR th PR Y — R 05 A 2R AR AE
DABEARARAE 23 ) 4E 5500 1 72 20 MRAR e 7 b 7 F IR
SR 1 o 2 Bk RRIE R BE U7 1 AT LA Ry i g =X
(Filter) Fi1 342 X ( Wrapper) 2 Ff"), Filter #1315 2
HE G H Filter AERERE oK Y FFIE 8 5 A % T4
FKARTE MG B R EUR, R RBCR A B e 4 B>
FHOREEE . Wrapper BRI 73 2845 (4 U1 25 o ) 3247
FRFE T4, 5 0 28 AR 35 BE i, AT 23 SR i o

AR Wrapper £ i FE 25 PFAf ME ( DET ) >k
HEATRFAEAR A , R AR AIE ) 3 5 3000 2 ) - o K0 328 11
—ERCEMRHIE T4 BB PPAR U 2 « ] — 2l
HCHE 1928 RFAE IR 25 80/, A [7) 288 114 e e 5 B0 174 285 i)
MEBE B R, BRI IR

1) TR § NRIEAESS j 28R dis rh S N i
NN Z ) = Fn) |

1=1,2,--,P;j=1,2,---M;

m,n=1,2,-- N,m # n.

s N FRRHEAE P RR VIR R IR M R TN

d
(2)

BEBIEGF, (m) FIF, (n) 535 RRFEA m FIREA n 78
557 BAE TS ANFIEE . A P =180,M =7,
SRIG RS § NRAIEAEAE M 2SI T i 2 Py R B
aane
1o
D, =Mzdi,j (3)

2)VHSE N ASBEAS S | HEAE S SRR R
ARl

q;; =%;Fi,j(n) (4)

RGBS AR E M SRR A S 18] B A9 °F-
Sl

1 M
D =———— F. —-F.
S TTET AL

waw=1,2,-- Mu#w (5)
Kr: g, Fq,, 53 BIFRIRE uw SR w SRR N
MREARRES | DRFIERF I,

3) TS | D FHERIEAE

D;

ai:H (6)

MAAEAE @ B2 R B R, 2% PN B N, DA P
Fo, MMEAE R . Wt , ERREAE T 2 VA IR U AR,
FLVPAT R A B BR A | 12 R A 55 A % , X /N e
ER SR IR

4) TR SE A FEAE PG P e (0= 1,2,+++,180)
Jei ¥ B o, (AL R/ INKHRRAE SEA TR P HES ), 38— 38 INRFAE
BB N G 22 REF B i A o A SOl FE B R AE i
AL R (1) BB 2AERf Rk B 95% 5 (2) HFAE
HELERIN T A (— Rk T = 57, /32U R B A 1
o R DR T2k S BAS RS ARRAE,
TR RRIEAE R X B A T 23 2 I B R AR AIE T4 S,

R T T A b A B SRR AR L e v B 2 DAFRAE a
FUVRHIE b 7E 3 i b 5 v i REAE A A 91 10 1 7 A B
FERRE a FVRRAE b SR 4T BUSEE XS b, L AR 28 45 5
AMREAR, M =3,P=2,N=5, WEHFTTLIEH FHE a
AT LA B K B85 20k 3 25 HREAE a A9 SN BE B /N TR
fiE b RUZENIEES B D, < D,, HAHE a B9 BE KT
FRE b B92ERIES, B D), > D), thsX(6) A3, «, >
o0 PRILAEXTIX 3 SR BB HEA T 20 25  RRAE a bk
fE b g

3 ET RF WEEMEISE %

3.1 RF

H1 Breiman - 2001 4E#2 1 % RF'7 2 —Fh F) 1] b
PLE SRAEH A (bootstrap ) Fl Y 5 Bl 143 E1 AR H 3 £



6 1 M S0 R0 Mk T BN RS T 0 195
e 2) BHLHE IR 4 BURR AT, 1 4326 B8 E 25 1A P

o m—— AR AN o, (G /N — SR 01 Bl

#iEa /Y0 DR RF 50800 A 45U § A4 AFFIE BB HLISIR 1445
Yo tad S % LT < 180, HHESCHL22) Sk 2R AR BRI
bl 1= int(f7) SAJR M B 145 bR 26 0 5

y INCSN NN,
B VAR VA AL N 5 NI N\ S s
d

db.l d.b,2 .3
Az, O 2, O 2

K2 RRAERURE

Fig.2 Feature sensitivity

AP (decision tree, DT) If: 38 1o #5% 52 ARAT Fe & 502K
SORM AL =TIk o RE 2 ARZ DT 72K 4e 4l
A ZEG 2K A Th(x,0,) k= 1,2,K| , S
WAL O, MM SE R 7 A 5 BEAL 1R 8, K 2 B HLAK
RS IR TR E Y F LB « F, B DT 2028
PR Ao B R AR A A B 3 TR N RF ik
B B

oI SREmsE

Bootstrap #21:%1‘ }Bootstrap 1'¥2F$2|

Bootstrap FEA$En

23,7\ 13 N\
gl R4 Exd £ D) 8/ £R45h
el | | HdE2 B2 | #dEn HdfEn
MR RE
D7

EIRET e

BREHBMER

3 RFJ7iklsis
Fig.3 Scheme of the RF

AR RF B340 F

1) 383 bootstrap R AFEFL A, B BE £ 4 U 25 4E
A7 5 1] 3t 2 AL B ¢ AMREAS, TR K YR ( RPAE B Y
BHN K) , BT bootstrap #EASEE S DT A=K iyl
E7/% S

HRIE SRR 31 ] 0] %0, RE (992 W A 15 S5 A 1T 300 ot 25
B RN, 7 2R RIRBE AL, 2 DT $i ik ) 40 D)
Ja R TRE (RE R 0.001 6) (R, BRI & 42
FEFIYIN SRR (] 25 B 2 B A SR 2 midg . Rk, 256
BRI R 5 2 2% B, AR SC RF 43 2 I i
K=40,

W, PP —MRAEVE R IZ T S > BE . A LR
FEAe AR RSN 73 25 85 (943 32, EL S SRR DT et ik
FEAR 3 sl I3 BT A RRAE @ P, 78 R AR b TR (B DR Fr
A,

3) AR E A AT TR I T B RBR AR

4) ¥ BRI 2R RE AR 46 RE (445 SO0 BT £icai
PEAT I3 28 A SR AN, AR R 50 S, e 22 B 1 42
TR N BREAR S

H(x)Zargm}aXZ;Z(hk(x)ZM) (7)
A H(x) G LR hy (v) 25 DT 72
B M SRR 2 (+) e R, E A IUE G
JE O, Y455 h B S8 F O A 1, I 0, e
TEPEIR S B 22 W S R S R A BRI R e 2 1)
3.2 RUNKFEISHTREY

BT RAEOLZE R RE 432888 049 3N B 12 W e A ik

R iR UNE 4 FiR o
AR HEARE ML
frE
moE| wae | f W& +_+ E | B } *| R
ol | 2B | Laeise [T g [ aET i
R
A%

K4 oSS WA

Fig.4 Diagnosis model for incipient faults

TEMAEBOLIRANT

1) B R AEFNTAE B . SRAE 7 R N T 00 T /Y
LI IR 2, AP T 00 T oREE N AR JEXH R AT
HUAL PR, £ 435 X6 HCH (00 55 R 25 s e R B

2) Bl oy BRI BRI . AR T SR 1T 3 B2 fh £ A
TARIEBLR ) 22 B BE2 (ESR A R A R0 18 5 35, B Bt 5
IR 2 R GERAEER [, o2y i) o

3) B PR SRR N AR n DA I ZRAE
A HAREANE R IAREA . X5 300 32 ) 4R AIE 4R HEA TP AE
VPR BT i 5, THA R AR E AR N BE R D ik
Bl D' ARG (6) TR TN T (i = 1,2, -,
180) o SRS, #2 M o, (LAY R/NXPARIEREAT R RS, 12
— AR BB A RE 7 2 BEAT VN2, 7
ORRUER R, e Jm, MR 20 1k % 1R D A AR AR T
%S,



196 %/ L £ ¥ R

F40E

4) PR AR T S A0 REF 23248 a0 A 57 Bt
MR C=[1,2,3,4,5,6,7], HIVIZRGH B0 T AL XH
IREAR T2 28, VUM T T R G Sl N R Y

4 ZBEERLH

4.1 RIS

AR S5 35 B AT 28 AT I8 g A5k, AR 5
LASTHI B 4 S G 24T TIN50 B ek
A BRGNS R M e AT G A S b i 5 A
P VAR B AT AT SRl , SR I i e N A R A
IR R it I A e Ry R BEL Y 22 1E 2R 8] 7 1
PURRPEAE T B BAU A 520 R 04 7 MR ke T
AT HE B TF 5T TR IR AT , RO S ) S 96 %00
4.2 ETHEMIEFN RF 5 RB[OBNEIRISETER

B, KA T MR ) B N RS T A R 4% 200
L FEAR SRR 1400 41, NSRRI 1 s, 7
S XS VORI B (T
ARSI I E2 AN B WA NS DA ) | IS IV K N
BRI bR EARZE € = [1,2,3,4,5,6,7], M5l
M= 7, BRBEREAZN = 200, HFTLF, BEPLERE
Forh 160 ZHAE RN 2B , ol 4% 40 LA .

IRJe , R 22 B B2 AR B8 00 R AR A0 8 J7 2k ) A AL
IS HCAT R ARSI, SE PR IR 180 ANTFIC T VAR AE 1) i,
B P =180, JF AL BURHFAESE .

XF 180 AN BERFAE FEAT R AE DA , 35848 Ak 9 D
T o (i = 1,2,---,180) , W& S i

WA T,
N
N

20 40 60 80 100 120 140 160 180
FHER S
KIS RRESE TS A T

Fig.5 Evaluation factors for all features

FRAE KB NIBT , #2588 o, (B R/ N RAAIE BEA T
WS, 12— SRR AE ) B A RE 2 2888 BEA T
A, MK BNL SR, f A RF 3 28 4% A9 FRAE

HEIE 20, /e £ 20 A UK P 4 B e AR AR T
(81,8, Sy 1, BT S HRAF R B T7 BY4RAIE, 7K
SRR JEE X B T A 20 A R AR A AT 9 R
(i =3.918 ) o K2 Frm g B PEREURFAIE 1) 75 FIAH
BEEIPAG T a0

R2 BB

Table 2 Sensitive features

o e

izg FHIETS Q; iig FIET S Q;
1 118 7.99%4 11 50 5.396
2 45 7.574 12 55 5.340
3 3 7.574 13 49 5.310
4 11 7.574 14 15 4.957
5 18 6.722 15 53 4.727
6 26 6. 653 16 54 4.076
7 10 6.390 17 17 4.076
8 52 6.010 18 24 4.076
9 9 5.962 19 91 3.968
10 25 5.474 20 79 3.918

e B AR T4 [S),8,, -+, 8, ] A RF g
SEIMASERY | I 5 (4 TS A ] P A A A T 702K
Pl 6 Jir 7 A FH AR S AR B I R 4328 28 XoF (ol /I i i )
LWL, B 7 Bs RHIE £ IS RE 20 245 1912 Wi 1l
O, X L] AR S RHIE RE AT RE X717 8 I B2 D/ A
VR T EESEINGX 2 b el /IN B B DR K B2 BT R 22, R 2B
A TR A, R 2 AR IEE [f L,
Jiso ) MHRMAHAETEELS, S, , -+, Sy | H9F- 220 SR R

_ 1 & = .
r% =72 r% , ¢ =7, ¥ F AT R, I 3 R,

]
e TP LRSS

6 F

5 .
R
X4
&

3 .

H
1 ' i : I
0 50 150 200 250 300
HARS

K6 JETIRURKFER RF 70285 09 NS B2 s
Fig.6  Diagnosis results based on original feature set and
the RF classifier-based method



5 6 1]

Tt 3C A s K B B 4T I N R RE A2 BT T 1 197

[—— sehRigrE)
.............. ﬁﬂﬂm[gﬁ%%u
6F l
. :
=4
o
=
3 .
2 L
15 30 100 150 200 250 300

HRG
K7 SETRBEEHER RE S32528 A0 MORE2 Wi 4

Fig.7 Diagnosis results for RF based method after

optimal feature selection

R3 AEFEERTCEHREREILE
Table 3 Diagnosis accuracy for RF based method

with the original feature set and the optimal feature set

R4 FEA K BB /%
JRURFRAE SR 280 42 85
T ARRHE T4 280 6 98

Wit 3 AN LA ST, S 2 B HER R %
85% H 5 25 98% o LR HFAE A 43 S B 3 AR X AR A I
DR BB X ] R S8 B N RER S A U ol &
Vi, $R I 180 MR AE AN REVERH IR 1A [ 4R 25 2 18] 1 22
S, T2 T o3 JS 0 MER M o SR, 38 A0 X J5 LR R 1k 42
[fysfasoeofiso ) BEATHFAEDRAL , HE 88 AL 7 20 804
T I AR T HELS,,S,, -+, Sy ] FEN RF 432525 005
AT R R BRI W R %

BHKE RE 0228 B S A FEAE SN 1 /38 i 51 180
A IR HAEAT I ZR AN . A T 259 20 2 R r%
S5 ANRFAE RN Z 18000 06 3R I I, 251 T e AT =2 06
B ML, K 8 s, Al AR, FFAABE I AR AE (1
SRR L, R I r% it 25 45 AAE 50 A 388 o i 4 1
H 2455 A RF 202828 R AE B0 7F — R R b 4k e
B, A ZAER R 1% FRURIEA> o X2 i T RS 3 I RRAE
SFETTRGE T M INEERRAS ) A BN HUR . bl R AE
B e in, TR G LA USSR RAS 22 1) ) 22 5
SRR, KU % Bt RRAE AR (O3, S
3 ME 8 v LLE H, SRR IR S A B R 1 TUR
FERNTC AR o R I, 25 B AN I T 40 2 50 8 5 i o 2 o
T 2 B AN BBURRAE , ASAN AT AR/ INEICHE 5 B 77 L ] L
PR RE 2588 03 25 UET R

100

95

90

851

LR ES

80

7511

70

65

0 20 40 60 80 100 120 140 160 180
RHIES
8 ISWIMER S G ARFIE B B 0GR
Fig.8 The relationship between diagnosis accuracy and

the number of selected features

4.3 RF EFZNEBILEENISHERFIXT LS4

9T SR RE 53 28 s 78 G/ N BB A2 W 0] 8 1 9 A
POARICEEPE T 3 OO HE PR AL BTz 1Y
DU 2%, SVM B3k, DL R AR 25 LA & 0 E AT
MR IELR b T T T K-means B AY M2 W3
o Ho ,SVM SR H C-SVM, K-means "R %L K=
7o K 9~11 fltzs ol 3 FhJ7 656 7 J5UA R AR 6 19 12 i 25
B 12~ 14 Frzn iy 3 F5 5 T IR U ARAE T 4R 112
gES H RF 232588 DUt (SVM I K-means (12 1K
HER AN 4 Fios o SRR, A B U AR 46 ), JLA
TEVE PR AT BB i, Horh RF 4328 25 912 I8 1 A
FIRFN T 98% , 7 H Ay 3 Bl A 125 B HE 3 2 1 AT 35 3
90% it FHAR 3 FhEE: 2 W s BT 0 AT,
TERAFFEAE G 1 25 11, TR S 5 #EAT R IE L 95, RF
SYRARER ELAT B OB, 6 ] RE 43 2885 217 30N
WAL W P LASSRAS SEORT B 112 T 25

N — seprapen)
-------------- AR

!
!
i
i

i
i
]
i

0 50 lIOO lISO I 260 2‘50= 3‘00
B S
PO T JEUURRFAE AN DL 4 190 2 F) B/ DN B i W 2 2R
Fig.9 Diagnosis results based on the original feature set and

Bayesian network based method



198 o & 2 R F40%E
Tr Tr . 8
— SRR — LhrRuERA
.............. Fgl et 2] e TR
6f 6l
S5t sk
R
®
3+

150 200 250 300

RS
E 10 ST JEIEE R SVM 1180 N A 812 45 SR

Fig.10 Diagnosis results based on the original feature set

and SVM based method

]
.............. TR

200 250 300

150 200 250 300

HARS
& 13 RETHE AR A K-means R4/ N B2 Wi 2t SR

Fig.13  Diagnosis results for K-means based method

50 100

after optimal feature selection

[—— bR !

eS|

150 . ; . ; : p
BAkmE 0 50 100 #;éoﬁ% 200 250 300
B 11 T JEAEHRE AT K-means [0 N5 RS Wi Bl 14 FETHEBERFIER SVM A9 UINRI2 I 45 5
Fig.11 Diagnosis results based on the original feature set Fig.14  Diagnosis results for SVM-based method
and K-means based method after optimal feature selection
T [— sebr st | ‘
-------------- B 4 REESIERLHABE L
or Table 4 Comparison of diagnostic accuracy of different
S learning algorithms
|
ﬁ ; oy FeAS oW BURTRESEN  EURRIELE N
w4 o BREGE BWNETRR/% I2IHETRR/%
&
Sl RF 280 42 85 98
1 -y 280 66 76 85
2 SVM 280 70 75 85
| ) o A ) . K-means 280 75 73 80
0 50 100 150 200 250 300
HAR S
P12 TR R Rk i DL S0y P 2% 14 Bl DN B 12 W 4 .
5 & &

Fig.12  Diagnosis results for Bayesian network based

method after optimal feature selection

BT VRGN SRR IR AR AN E 5l ELAS ) i



5 6 1]

Jiti 3T AF AR IR A AR A T T N R RIS W T v 199

B 22 TE) X LA DX 43, 38 U0 5K B S i B B f AR 5
TEFNECE 2B P 2R A o AR SCHR H— R OB SR 3l £ 451)
R AR E 77 76 AN T REDLAR AR B RIS W T 1, 18
AT SSE.

1) M 41 1iz SR , 3 B S0 ) 2 0 1 )
fiE, REFRIBOR AT RURAAE  (E H P AL 4% 118 2 JE TR AR
FITCARFHE o

2) i3 DET FAE 2 77 ¥ 0 4 B3 A9 4 ik 1647
VAL, T e £ R AU AR AE T AEAE O RF Jp 2R 4% 1Y
B

3) LEARFIREA B 19 25 4T, RF 1208 8 LE HiAth
U SLASE R f9 32 Wi o A R g, S P /) il o
Wi,

SR AS R I B2 W T vk BE S AT SO S iR
SRR AE S, MERR IS W SRR Y O O 12T K-means
SR BNS W 2 B R P 22 S B L IO TSR A
5%k
(1] el 2t R, 2 s o A 4 5 b

LW RGBT L] MU 5 s TR, 2016,
45(10) ; 49-51.
GAO W M, LI ZH B, TANG Q, et al. Development of
remote monitoring and fault diagnosis system for the doors
[ J]. Machine
Manufacturing Engeering, 2016, 45(10) ; 49-51.
FINK O, ZI0 E, WEIDMANN U. Fuzzy classification

of railway vehicle Design  and

(2]

with rest ricted Boltzman machines and echo-state
networks for predicting potential railway door system
failures [ J |. IEEE Transactions on Reliability, 2015,
64(3) . 861-868.

MIAO Q, MAKIS V. Condition

[3] monitoring  and
classification of rotating machinery using wavelets and
hidden Markov models[ J]. Mechanical Systems & Signal
Processing, 2007, 21(2) : 840-855.

R, R T B S E AL RS
W75 B AR 23k [0 ] 4 i 5 D5k, 2018, 33(5) .
841-855.

JIANG B, WU Y K, LU N Y, et al. Review of fault

[4]

diagnosis and prognosis techniques for high-speed railway

traction system [ J]. Control and Decision, 2018,
33(5) . 841-855.

JaJ AR AR 20 SR AT v A1) AR R A T 2R e Y B
WA T]. Adhib2#4R, 2018, 44(7): 1153-1164.
ZHOU D H, JI H Q, HE X. Fault diagnosis techniques

for the

(5]

information  control of high-speed

2018, 44(7) .

system
trains [J]. Acta Automatica Sinica,

1153-1164.

(6]

(7]

[8]

(9]

[10]

[11]

[12]

Wy, MR, RT3 AL T RHEE £ A RRVPMCD
VR S RS2 Wik L] PR3 TR, 2014,
27(4) :629-636.

YANG Y, PAN H Y, CHENG ] SH. The rolling bearing
fault diagnosis method based on the feature selection and
RRVPMCD [ J]. Journal of Vibration Engineering,2014,
27(4) :629-636.

BT, WRAE, BK)RE, SF. BE TR RRER Fisher 25
SIHTEVRRE SR IO R [T ] PR3l ik 512 W7, 2008,
28(4) :322-326.

HU J H, XIE SH SH, LUO G Q, et al. Feature
fisher

Vibration

method based on kernel-based

[J].
Measurement & Diagnosis, 2008, 28(4) :322-326.
SR, R, 4. T 28 RTS8 e
BB 2 W [ )] Pk 3 T2 2 4k, 2015, 28(2):
309-315.

SU Z Q, TANG B P, ZHAO M H, et al. Rotating
based

extraction

discriminant analysis Journal  of

machinery fault diagnosis on multiple fault
manifold [ J]. Journal of Vibration Engineering, 2015,
28(2): 309-315.

HiSR, MAKIS V. JET [ 5 JRRE R AR 2 A i e 12 1B 5
GeWFoE[ 1] fias 24, 2005, 26(5) : 641-646.

MIAO Q, MAKIS V. Condition monitoring of rotating
machinery using hidden Markov models [ J ]. Acta
Aeronautica et Astronautica Sinica, 2005, 26 (5):
641-646.

A, RRIRIN, 255, 45 5L T BP MR MLk
BUB A TSR RN ) ] PR R (A AR
AR, 2013(s1) ¢ 42-46.

LI J] W, CHENG X Q, QIN Y, et al. Reliability
prediction of urban rail transit vehicle based on BP neural
network [ J]. Journal of Central South University( Science
and Technology) , 2013(s1) : 42-46.

LU BB 2Bk B T IR T 1 AT A 8
WL 8 B [T ] MU T/ 24 4, 2019, 55(7):
27-34.

JIANG H K, SHAO H D, LI X Q. Deep learning theory
with application in intelligent fault diagnosis of
aircraft [ J]. Journal of Mechanical Engineering, 2019,
55(7) . 27-34.

T BT, FNE S T R A 2
P02 il AR SRS I ST T ] Bl 2019(5) « 44-48.
ZHANG N, WEI X Y, GUO X Y, et al. Study on fault

diagnosis for bearings based on improved fish swarm

algorithm to optimize neural network [J]. Bearing, 2019



200 (O I O F40E
(5): 44-48. 2018, 54(6) : 100-104,114.

[13] HAN G W, ZHANG Y, LU N Y, et al. Incipient [20] #AF, INAHT, MAK, %5 B R TS REPL AR AR
anomaly detection for railway vehicle door system based MEEA R A RSB ELT]. SR EFEAR,
on adaptive mean shift clustering [ C ]. Chinese 2010, 36(7): 1725-1729.

Automation Congress. IEEE, 2017.1297-1302. HU Q, SUN C X, DU L, et al. Transformer fault

[14] JHI53E, &28% , 500, 25 55T D13 2% H 4 4 diagnosis method using random forests and Kernel
[TRGE S M A B2 W [ T30 BE Talk K242 principle component analysis [ J ]. High Voltage
12, 2014, 36(4) :441-445. Engineering, 2010, 36(7) : 1725-1729.

ZHOU Q L, JIN B Y, MAO L L, et al. Relishility  [21] i SNAKKZ A TASIERICS SN B oy
analysis and fault diagnosis of metro door system based on HU ARSI W ()] B 700 & 5 08 2= 4k, 2019,
Bayesian network [ J]. Journal of Shenyang University of 33(2): 56-63.

Technology, 2014, 36(4) .441-445. LI'Y J, SUN J X. Car motor bearing fault diagnosis based

[15] #BFE PN EEZETRBBEL W IEHR on fault feature extraction and recognition stages [ J].
KTk TOPSIS : 5 01 m-Hr 2% [ D], Jbat . b Journal of Electronic Measurement and Instrumentation
ALK, 2015. 2019, 33(2): 56-63.

XU L. Research on fault diagnosis method of urban rail [22] BREIMAN L. Random forest [ J]. Machine Learning,
vehicle passenger ompartment door system: Based on 2001, 45.5-32.

improved TOPSIS method and Bayesian network [ D ]. [23] wig e, FHHHE. WHER T IE ST M Tt ].
Beijing: Beijing Jiaotong University, 2015. Bl Tk Ak, 2018, 8(6) . 77-82,89.

[16] T4, TR0, BBA, 5T I R4 09 Sem L GONG ZH B, WANG Z J. The Journal of new

T R 2z W[ 1] 86 555, 2019, 34(6) . industrialization [ J ]. The Journal of New
1187-1194. Industrialization, 2018, 8(6) : 77-82,89.
WANG J X, WANG ZH W, MA X ZH, et al. Diagnosis [24] CHENG X, XING Z, QIN Y, et al. Reliability analysis
of multiple faults of diesel engine lubrication system of metro door system based on FMECA[J]. Journal of
based on Bayesian networks [ J]. Control and Decision, Intelligent Learning Systems & Applications, 2014,
2019, 34(6) . 1187-1194. 5(4) :216-220.

[17]  ZhA4e, BV, Wi K 5L T EEMD 1 CS-SVM (3R [25] TREARL, BE, S008 % 2 RRAETEA 7 18 14 7 3 il K

Sl R B2 W E ST [T]. L TR, 2019 (6): ks W S [T ] 3 S AL 05 5, 2018, 35(12):
622-6217. 446-450,455.
LIANG ZH H, CAO J T, JI X F. Fault diagnosis of XU G Q, LUO Q, GUO P F. Rolling bearing fault
rolling bearing based on EEMD and CS-SVM [ ]J]. diagnosis algorithm based on multi feature evaluation and
Journal of Mechanical & Electrical Engineering, 2019 selection [ J]. Computer Simulation, 2018, 35 (12):
(6): 622-6217. 446-450,455.

(18] MEAN, #hde, dein), 45, TS5 ) & ML AY 7 3 b [26] FR55%, Jile, BAR. JC B FRAE L FE LRI ) 7 5]

AR T AL [T ], JEatin s i KR4, 2010, BARAZ IR BRI L) ] A SR 4, 2014, 35(4) -
36(8) :896-899. 834-840.
HONG J, HAN L, MIAO X W, et al. Assessment based ZHENG B F, SU H Y, LUO L. Application of
on support vector machine for rolling bearing unsupervised feature selection in time series data
grade-life [ J]. Journal of Beijing University of mining [J]. Chinese Journal of Scientific Instrument,
Aeronautics and Astronautics, 2010, 36(8) :896-899. 2014, 35(4) . 834-840.

[19]  BKER,BRIR, L0, S5 BEPURMAEIR SRR RS [27]) WA, EWet, KREE, % FBIEERFINEGRT].
R L] B AL AR 5 A, 2018, 54(6): el 5k, 2012, 27(2) :161-166, 192.
100-104,114. YAO X, WANG X D, ZHANG Y X, et al. Summary of
ZHANG Y, CHEN J, WANG X F,et al. Application of feature selection algorithms [ J]. Control and Decision,
random forest on rolling element bearings fault 2012, 27(2) :161-166, 192.
diagnosis [J]. Computer Engineering and Applications, [28] YANG B S, HAN T, AN J L. ART-KOHONEN neural



5 6 1]

Jiti 3T AF AR IR A AR A T T N R RIS W T v 201

network for fault diagnosis of rotating machinery [ J].

Mechanical Systems and Signal Processing, 2004,
18(3) :645-657.

[29] L, fTiEs:, SHPH, 2. S TR AL A 22
P25 A ATLBR G B 2 W R R [ ) ] 76 22 22l K224l
2006, 40(5) : 558-562.
LEIYG,HEZHJ, ZI Y Y,

diagnosis model based on feature evaluation and neural

et al. Mechanical fault

networks [ J]. Journal of Xi’ an Jiaotong University,
2006, 40(5) :558-562.

[30] ZBRREHE, XIKE, 225 EWAEEIRK T AL AT

AR 7 1 [T ] AL R 2 4k, 2016, 37(9):
2004-2013.
HE S J, LIU D T, PENG Y. Flight mode recognition
method of the unmanned aerial vehicle based on
telemetric data [ J ]. Chinese Journal of Scientific
Instrument, 2016, 37(9) : 2004-2013.

[31] CUTLER K, BREIMAN L. Random forests[ J ]. Machine
Learning, 2004, 45(1) ;157-176.

1EE &I
ML, 2017 4 T ZRUR ARG 1o
a for B S R R BF I
& FIITTETT 150 0 K0 K B P A A2 T 5 i B
Ny, EEE,
E-mail : 18225602360@ 163.com
Shi Wen received her B. Sc. degree from

L

Anhui University in 2017. She is currently a M. Sc. candidate at
Nanjing University of Aeronautics and Astronautics. Her main
research interests include data-driven fault diagnosis and health

management.

BTz Cl51EH ) , 1998 4F FARILK
SRR 2, 2000 AR T AR JU R SAARATHAR
207, 2004 AE T AR AL RA SRAH I 2R A
PR S LR R 30852, T2 WFFE 7 0]
A I Sy 4 B2 A TN 5 i R A
AE
E-mail ; luningyun@ nuaa.edu.cn

Lu Ningyun ( Corresponding author) received her B. Sc.
degree, M. Sc. degree, and Ph. D. degree all from Northeastern
University in 1998, 2000, and 2004, respectively. She is
currently a professor at Nanjing University of Aeronautics and
Astronautics. Her main research interests include data-driven
fault diagnosis, fault prediction and health management.

VRBP4, 1993 4R R At Tolk KergikAga
2L, 1997 4R 5 TP KA AR A2
12,2001 4FF R S AR KA 3RS 2
L, A v st R JE AL HL A AT B2 W) e 4 T
TR, T ZWFTET5 1) A BE A0 1] R SR i
FEMEIN BB BEIZ BT 4T T 0 e is 4k AR

G,
E-mail; 1018481966@ qq.com
Xu Zhixing received his B. Sc. degree and M. Sc. degree both

from Nanjing Tech University in 1993 and 1997 respectively, and
received his Ph. D. degree from Nanjing University of Aeronautics
and Astronautics in 2001. He is currently a senior engineer at
Nanjing Kangni Mechanical and Electrical Co., Ltd. His main
research interests include remote monitoring, intelligent fault
diagnosis and intelligent maintenance system of railway vehicle

door system.



