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PL CTCS-3 2% (China train control system level 3) I ZEIZ/TH M RGAM AN R, ZRGHET GSM-R
(global system for mobile-railway) JoZ&iH (5 7 4t SZ L [ 55 271 2545 il 45 J2 00 m) SE I & 2 R F %
i 3 Al T T R GE . FH T RGE U LEMIBER L. o, 2T REMERZ TR B
T8 5 B B U R . B AR . AR A . AL AT L ) G R L s ) e A R A
ANEIC TR A i, R 7 RGP 5 5 L LB SH. Iminy BRIEE B A i H A i 2 i
M4, WIS ERIBIT. FBT RGN F BT RGO OA IR 7, ZOREATE %4 ftEia
TR R B

HI B TR R A R B CRAUE D 54T - 2 4 L 3R RIS AT RO B0 BT B, FLrh Wb iy & S a4 e
PSR W TN ) E SOR TR AR 2R GE AL BT S BERAS TR A0 B R GeAE AR R AR I A 2
P R 1 6 (R A A i (40, R TR0 77 92 A BT RAAR O 3 9 R TR B IKE) . Suit ISR A
44 KBS, HE TR T VR O R GRS R BCA L. SR [5,6) JEAL T Bl LR AL, e X
PIAN R B AL RIS BEAT SRl v, SEILRI R FF e VR4S . BRI T M RGE R I8 L 45
F W B I s, SRS R AR DG I PR R SO 2R A, AR AN I AT B0, SR [7) LA
FRZE 2% (neural network, NN) J7 %I S5y sk Hicdhs G S7 bR e B OIS RS, DT 3 AT 38 4 5 L 25 i i
W EIRPRT VLT, FET R TR IR R ARG HIVEIT (R8O AT S e 0,
BRI R ARG AR C . B R 5) 75 7% RS B 08 Jy R i, Gt B A 80408 20 M b B 7 V42
P HE T B B S A5 B AT U R4 (E R B — R L A AN T P S AN S R . v T SR T i b DL
Wi 4% (Bayesian network, BN) R il ik MEA %5 B pR B0 25 AN [R1 45 i 2 AR AE IR ROC R, o
ik 1 HAMP R IE R BREE, AR E S B R ARG, HAh, TR PR ERIR IS FEE R Weibull
Gy B BRI A Weibull 4347 FEAE B0 % HORR 537, AT SE A i F00 4 2 1% 2R 07 i 1 — AN 7 8.

H2, HEDN G387 R G0 AT 7T 32 AL rp A w12 W D7 T, o0 e 0000 77 T R B 7 i A 22
., G S A K 5 G 46 190 4 DL 307 75732 I P 38 22 3 v &6 (KT B a2 W e, AT Sk 5080 v R A5 B AE R
Holls, JER RS 4R 07 1R BEAT IR PR AT 20, T RIS T BB ISR AR B2, A & S iR ekt 1 Dl
WA b RSl R X B A5 DOT (Rt Lot 307 o 4% 82 FH 38 22 40 e &% (1 i 2 e b, Rl AS Rl 45
o2 S BV EU B RAT B 0 I X 28 S5, B 2% 5P I 2 T 0% BUBGIE I 1 %V AR . STk [11]
W SCARAZHE 7R N B A28 A s 2 b 57 1 T R R & 10 DU B 45 4 27 21 B0, IR IRAIE
TAZITEAT R SCHR [12] K ST 72 8 FH 381 2 3 e 4 R Wi a2 W b, G e o i Y e AT 58
BlFeoR, REBIRIHL . ABIE 23] K YEdP, S B0 4R BB 280 SR [13]) B SCASE 2 4l
B IHE RS 1 B M 3, IR 57 1 T RGN i) B S AL B & . SCHR [14] %
HEBEEAF AT o 22 B 2% WA SRR AT 703, AR5 R P BSOR DLt 307 Do 2 S B 1 B2 . mr O, SR I 5 A
FEA SUARIS BT X0 SOARSCA:, S Bt s Ar, $ v Az Bt 20 A T IX A AR KR, J0 vk S Il F.

FRV EFIE R T RAN A E L, MR R, TR IR BB, R T
HITTEAE . 5540, BIFEZEHT R G & R FI S FRARE AL, ok il nd 22 B A% RGO R )
PEfe 2 BB AT A R, DR e B BBl 0 D7 VE AN E Y, e A 280R) F 37 S PRl S 42 301 &
G i TN RS A — R R R R SERR B Gt Hdls, @ DU X 28 1 G4 2 ST IS 80 S R, )
T EDE Y E SRR T RGNS T, I SR AL SEI RGP TR RO AT AT 77 & AR SCE S
AT CTCS-3 REF T RGEM, RIGHHT T mikiz B BB IR, S48 1 IFRI R
)RR SR G T MO T AR SRR & S B, BT 3T RS M S R ek B8 2 by Jat i o T A
B, R R DTSy o 2% A6 AS R B0 s AR 0 BEAT R TN, JF S e SR BHERAEAY (hidden Markov model,
HMM) A A3 25 /0 2% o3 b B2 304770 ELIGHIE.
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2 [E)REfEA

2.1 BRGLHEWN

HArEH MRS T R4 5 CTCS-300T, CTCS-300S, CTCS-300H, CTCS-200H, CTCS-
200C 5 i, A LPL CRH3 (Chinese high-speed railway) RFIE1ZE4L 300T M 545 28T R G ik
ITHESE, 300T BB L8 1 R ZE AP M| B0 (automatic train protection control unit,
ATPCU). CTCS-2 # il .70 (CTCS2 control unit, C2CU). W& #45 S MG (Balise transmission
module, BTM) M W& #% K2k (compact antenna unit, CAU). JHEZFFE I HIT (speed and distance
processing unit, SDP). Ui B 25 B LAS (track circuit reader, TCR) MR I I #E #.5T
(speed and distance unit, SDU). ZEH FHAHiH (vital digital input/output unit, VDX) ¥.IG. %4
TCLeAEH H1T0 (safe transmission unit-vehicle, STU-V) . Jo£ki# {5 H.IG (remote terminal unit, RTU). £
L EIL (radar). LAY (odometer, ODO) AMLFLIH (driver-machine interface, DMI). ®]¥Zic
SKHLIT (judical recorder unit, JRU) FIZEMC (train signaling gateway, TSG) Z52H k.

f£ CTCS-3 ig/THE N, ATPCU 1 Tt I 5 i Al T L )AL HAREE B, 4% CTCS-2 (China
train control system level 2) [{JIZ47RAS. C2CU H 1% F4E CTCS-2 iB/7 i B 4B F AR | A
WA HAREE RS AE. TSG T Z M T Sl &AL 2 5] (4 52 4. SDP B 97 Dk B2 AP 28 00 1 Ak
B, DR T RS TR AEAE )P 6 T a0 H. DML 2T BRI RIS AT E | FREY .
FPIRAESEE R, DR AINUAA AR, SDU B 7 574G BHE A FEE 1% I3 AN 75 AR U 21 PR Bk o
5. VDX T4 R 230 REEHIZN R 151, STU-V F2 B4 516 JCRBE HEAT I 2 Fl 22 4 &%, RTU
AR TR T RGICLIBE T RE, AP AHHE K. TCR A 3 2 Dh B X He 2 i B TE FRL K 4
MRS 2s. BTM K ALBR S B 28U Bl 2 DR 8 48 (multi-function vehicle bus, MVB) & i%
45 ATPCU M C2CU. ikl M ) U Bl THACH H AR5 oGk AR T8 R 3 32 A R s it e A
R R T, RS RT S AT E . JRU T iE R A I ATH, R RN IG5 S %
B g S S DL F AR, @i s B 2R (process field bus, PROFIBUS). MVB
ST B, SERAER T RGIIRE, SR ITEPHRIIE LI 1 PR, ST RGEEHER
H (CRH3, CRH380B, BL #!%= CTCS3-300T ## 4= 8B & 447 Ui -5 v2.3.0) .

2.2 HEELEINR

PL 300T BT RGNHI, Mg o1 G & S8 TR, B ER T RGN
P& £ ¥ N AE (application event) Log S Mk A BB, B A SR RE TR, AT R
DB A B B RS 5 N R T RGN ERRRE) — Pk 5 AP X, i AE a2 S i, B
i 2 G AT AT LORAEIE 2 . TR A BR, AE Log R ARk RS AT I R 1) 2L RR, i
AT BRI, TH BT SR 2458 B SR 7

H AT, iz E ARt T S SO SO 32 R N T Bl 152 77 QA 3, o SR (5] 5 2o A2 v 3R 1) R,
DUDRE i RO 75 R0 A7 BT N5 An SR AT DUE e i, DU IR S0 P o A B I AT AR B B SRATI IR TG I
SENL AR, U7 IR S W s S AR IR, TEREANR AR R, e sk TAE. R A AE Log
A A0 8 AEATING A2 T ART bR, AT D R0 70 AT B0 0 R SCAS S, R 2R T R GUs AT I BT
BHTICSR, MR IR R E B EUD, ISR T, i N TTACHE, R A R, BAR AT B, H
G BIR A, N AR [V FEEOR, e 2R EHE R RESe I s ar il « Wise e fr, Joidk F T i
Tt
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Figure 1 The structure of 300T on-board subsystem in train control system
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57— OO SRR X B R )R B AU, SRR T &, i AT E 5%, xR ods
PRI R T R DU L R S IR AR B 5. B 4 Brdk vl a8 Sl ) /& A2 & A A ko7 &
AT, MR L JR R s A PHARAR G U URFVE S, X IR I S 25 T BRI 2 48 i 22 15
B ZSREE A BT 4K F SR B RIS B, AR DL BRI, R RBR, B H AT B L IX AR T
HIT e B A%, JERBT S HR 5 4k R 8% ik 2 (8] 50 &R

G O B R H BRI, 300T HHT A4+ VDX E#fERK. ZIRT T VDX &
Fe 7 REAI I & A F 300, Ve IR AE AL ST AL, 28 dh 2 A BN th EU AR K, PRI 45 DA I e TAF
R TRORIE A, B0 — [, TAE AN @ giit o, &I VDX $ICAR BSOS P AR ¢
le] 8, 1% [ R — AR JR L B I R ok A, i Y VDX S e RO BRI SR fid I
Y VDX HITHIREE F7, LUR B XS R AT SR LB o A, R SR AE I VDX #oT B N 2
YESP L, RIS LA B TR B W A e N

2.3 FTKRSH

W ERHE, I EHEAAAEE BIREAS . IOC PRy T . N TARBEAERS A1, BN [H 7 A
ALK, HALRESEBL bl K e . H T O s Bk Bk is & A D AL T AR T R R fE
AT 5, 127 G W] ORISR m ks R Bl H S BRI BRI B s 4B 2R, (H2 3 253 H
SHE, HEZH B2 SCBLREE Az, X TR EAE 1 70 A b, ARMESR AN BRI LR =, AT JEd
SCHL AR TN SRR T 7 I TR AL, SR BUCRAE W MR EE PR RE S H, H Tz
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FFAR T B B AT 7T, B0 T i AL BEA AL T s, B 5 4 R 22 H ks 0 K 24
PGS, TR A AT AR, I, R TN S TR A ) 7 4 AT, s gE e
i AR B R B, A Tk B 3 7 R guis 8 YR BUIR S St W b 000 ) 75 5K, FE i
BRI SVE VT 3T AR GUIR T Boxt L 38 e 57 T T F B AR A,

3 EXgit

WIS W — DR R KRR, RIE R G 2R iRy, A PR ER 22 Ta) (D SRR R A B R4 i
SE L R G RAR B L AR TINE — NAERER R, ERGRIER ST OLT, B 5
FRRBRAT 5 I ol R AR P 345 S R A TIEINASERY R S S 3t (0 T SRR HE B R e 2 s AT IR T
A RBR AREAR . DU 2 B — A ST R B R AR T 2R B, L3 AE T R g
71, B SRR i R AU, o B B 2RV U5 M TR S /R BRI i, A3 AE T Ui
2% ] LAZh A5 TR M 25 450 5 S 8, TN RE 0 5 iy 161, [R10tk DL 307 o 2% tblosfe )32 2 A 117181, 2.2
NI T H AT SERRBL SR B SR, D SORSESC, 2R T REPE R, BOA B R g8 U
PEZH RS 704, DRIARME SR R BB SR MR B, A4, LR & ISRk S 40 1
WUE BX T RS TEH T RGN RS TN 22 ¢ F 2L, DR o DL P B0 R 48 A8 22 3 AR SR B Ty T
T BT RBE MR A SOR B3 T DU 7 R 28 (R 51035 42 301 R G RN S0 s I 42 3 R ek
AR,

3.1 DIMHHETRKE X

DU 2852 — M A, 4 Rt AR, AURPTN AR R AR B, 45 ) 2 (R T 2
IR G i L IR SR OC R, FESXT R4 R MR AR, 45 s LA (B th 45 R S5 30R 190,

Hepfi b D R R E, FE - NERERES F=F,F,...,F,, H F TR SE
D G fi—— XS, I B2

P(FlaF2a"'7F’rL) = Hp(Fu Ipau)a

Hp P ONEREWEZI0 AT, pa, & D F, KI5 — D& AL

DU 7 DX 4% 4] 5 A By A 4 A ) 2 S R RN S 0% ) B, AR D) R, S0 U 56
AR A TERE P PG L.
3.1.1 HWEIJEEL

G ) S R S8 BRI B A S R R I, B SRR LT SR Ry K2 Rk 1200
K2 BERIRA AN Jolh e 45 T, K Ao 2e5qs 8., R DU BT X 28 5T 20 D5 i 0PAf I 25 152
SR INGEFEEE, SR 5 AW m s s s i, S H s S5 .

DUESAT 43 D7k R R, WA SR NN B, B B, RKoR, AERNEE S 0p,, S
R INERA P(B,), 2480 05, BN P05, |B,), WH] LS 3

P(Bs,0p,) = P(B,)P(05, |Bs) .
e & HIEHR AN V, R SR A i A O

P(Bs,0p,. V)= P(V|Bs, 0p,)P(Bs,05,).
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P(Bs,0p, [V) BN UT 8, K2 53570 9B P
AUR 1 FHRER B, Hif 53Rk
AR 2. WD 1 KRB B, AT DU S5 T 73, 06 B3 Bl i 1 X 2% 45 74

B! = arg max P(Bs|V).

T3R5 B0 e B K 1 N 2 S R (P R S ot 2 AR I AR, H AR R BCH
log P(Bs,0p,) = log P(V |By) + log P(B;).

HHEATE NGO BI85 % 2 LU 2%, HATHEFEA N b, AR SCR A K2 Bk T 4500 % ).
3.1.2 BEEIEX

SR S My B S RN EE AN e BE P A I 00, B30 8 B L T 48 M S B ) T R R AL
SR TE (maximum likelihood estimation, MLE) 777k PU. Z 7 dEMREN, & o N—NRHSH, W
RNINGFEARLE, D ML, fE45E D M W B, B &EKERMERN S5 o FEBUERD A TR S50
i, HitE AN
Wa,D)P(a|D)

p(W|D)

P(a|D) NEEMBEEN D FZH o MERMAEE. KRR P («|D) M Dirichlet 7317,
ZH o MERBEERA

Pla|w, D) = 2

P(a|W,D) = Dir(a|6r,....0.) = HTT((QH)Z) 1:{040271,
ot 0,0, N HEBHL Y 0 —1 H 0<a, < L.
AFEENEO NS EEE S NS B RS (expectation maximization, EM), A SCAGHF 04K
P Se BEAF DL T T, )5 2e ot — B R B AN e B G .

3.2 EHTRGEIMETNEREE

T RGN Z, ARG SN R E 2, RAEE B gt )7 3t AT 1, iy H 424
TARGE DM RENR ARG, TR R ARSI 55 1E D, SRS 5 16 AR B
VEFIRLEA B8, 25 Dhhe oo Bl i 8B Aot (s S, MR AL, R MR AR L E AR TE
AR, I SRBOR R G 5, G DUt S0 O HERE, o 40 307 A G A s kAT P00 — A
HEAAT R,

e DU ST R0 28 1) 22 38 AR G s R I A SR AN 2 s

B, di et AR RE ML T RGN DU g 454, 2Tz, FIHBLZ S5
PEAT DU Hr 28 25 i 20 3], ARSI 3T R G VU 2%, MR SERREz e it 1 & A Thig
TERIHRR, AR GRS, SLOUREAY 78 P2, T M P A RN RS 8k, AR5 BEHLE £ Dl
B2 (KT AR 2 58, M R I 20808 70 00 R8T R e 4l /I S Hot AT B, JF 5 JSHEXS L, S8
BUZE3T R GUIRES TN,
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Figure 2 BN-based fault prediction
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Figure 3 (Color online) Faults produced in 2015 by different modules of on-board subsystem in train control system

3.2.1 ZFHHE3)

FBT RGN e SEPRA TRELE . A0 IR A e ri g i) IE A, BRI iR oy S mT LLoy
TR o PR RS . PRI 3 2R, AR SORNHIF TS A s, BB A RS 0 B 1E 8 AT B T
BE. AR RAMTUREW, MIENEEH EHT KRG NE 1 Fosi) 6 M. (1) NERE R
R oG, (2) MEENEEThEE R IT. (3) PUB RS R EIIIRE It (4) B2H3hi H ThEE .
(5) M5 Bttt BT ATPCU, C2CU, SDP, TSG #ItHI E#4 58 MR, R sk
ANE AT HAT AN [F (R Dy e, [RIN 4 ANBEHIYE NG B 2 B To e $8s 0T 2 i Ab 22, e sd it
PROFIBUS &£k[n] JRU Ki&%Hs, K7 (6) Nz L DiREs T,

W& DR e EERAE, ROGEDRe s a s L SN 2 . B 3 SRk IR 3 4 4
A AT TIX 2015 SE AR s REIR ST 45 R, BAMAR RN DI Re T, HALbrRn i bsd B, %35
5 T2 50 B — 16 5 SR R P e
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*1 DEETESMNLS

Table 1 Test points in functional units

Functional unit Test point Parameter
t1 BTM working voltage
1) to Energy carrier signal
t3 Up-link signal
ty Power sense signal
ts SDU working voltage
(2) te ODO working voltage
t7 Radar working voltage
ts TCR working voltage
®) tg Antenna frequency
tio VDX working voltage
“ t11 Mining voltage
t12 STU-V working voltage
®) t13 Radio operating frequency

K 3 Al %, B8 T RGEEERTTT, &5 R AR E ) ThAE o N & B s BElcaot. &
A5 BT R B0 . BUIE FLER (S B ARUCTh RE SR T . MM BETh RE o R S Bl A\ i H B G,
AT EEHF A LA L 5 ANThAE BT .

£ 141 T AFRIhEE R R RERAE IS ERE AL S SRS, 5 DN IIRe s Io & AL TAE, DLt
17 TAER 7 R T BB R TC (6) $RALFT TG B, 2 BIE AN R Th e B o0 M e JE S8, MU AEIE S 4L
IIRNIEE ARES . KRR 3 2K, K1 HEE 13 ME SRR, F ¢, ...t B, 55 DR AT EUE U
N, TR M AR Th e B e g5 fa Rt b, 2 e B AT DA DO B8 B o AN [R5 () M e S 88U
55 MK A

WE 4 FoR, BERT R ATIREHRICEMBEE, @57 13 MES5IR S5 £ T RG22 W
R A&.

A FRINRE BT Z IR, H & DhRe e E B, IR B w4t il 5 Bk,

R — el s SR AE R — ThRE 5o, ThEe S oo [AIAH ST, {HR 75 D) B SR o0 3, 2R 1)
SERIFNThRE AR EAHOCIG, BlanThREsIT (1) b, SR Mghig E EARER:, R ¢, ts, ¢4 HIRE . 7
WD, BESE t, HIURE . T8, 52, W o MIRE, iTUBEIhae st (1) ThagRws,
t1,ta, ta T LA SREEAT W B g 6, BRIt ¢ PTLAE N hae S e ik bR AiE Ik 2 4. At DhRe T
2, RILIREE to, ts, ts, tro, t1s, P Fy ROREET RS, FUb DB tds 6 N, ihthmr
LI T R G DU N4 T RE R G H AT AT — N ThRE SR T H IR, A2 SR BT R G,

E B HI UL Hir i 286 o 5 i A 38 R0 B BIUE. D e 5 76 ) R 43 56 4 PR 2 380RN T e 14
B, 564 RO TR D RE B0 LA Toik e BUE T RE, ThRe I i FE 1 e Fa v e 2 1E 5 Y . AR SCRIF 7L
hfie ki, I (CRH3, CRH380B, BL M4 CTCS3-300T #1145 E3 % & 4E5 Ui 45 v2.3.0) HHEREL
S EAE, A7 DU 4 S5 B EUE R R OG R, W13k 2 B,

H T T RS0 3RA3 1 S2BRl AR IR >, DR A AR R T2 =4 2, 20, 200, 2000 ZH%k
W, R DU B g b2 S b i) K2 S5 025 1800, BT 3R T RGN DI B e g . g5 BRI, M Ff
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Figure 4 Fault model of on-board subsystem
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Figure 5 Simplified fault model of on-board subsystem

*2 NMHES5EHE

Table 2 Bayesian nodes and discrete values

Discrete value State to ts tg tio t13 F
1 Normal — 27.095 (MHz) 18 (V) 110 (V) 24~120 (V) 915 (MHz) 1
2 Deviation  [-5%, +5%]  [-5%, +5%]  [-30%, —25%]  [—25%, +30%] [-5%, +5%] -
3 Abnormal < —5%, >5% < —5%, >5% < —30%, >25% < —25%, >30% < —5%, >5% 2

AU EIES] 2000 41N}, K2 FRAE M 2 RORBlf, S8l ARSI 2% 454 5 50E o8
2000 I OREF 2. 2, 20 HAFEIT, 45 5 2 18] ()R R IAFEAERR R, 200 ALAE I AFAE D IU TG L, S5 H 5

g el 6 Frow.
B6 1,2 3, 4,5, 6 05X NEEEHBES, SDU LEHEE. TCR TIEHE. VDX TAFHE.
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00099

(©) (@

6 (MEMZE) MHIMEEGE I ER
Figure 6 (Color online) Result of BN structure learning. (a)-(d) Sample = 2, 20, 200, 2000, respectively

REHE TR, BT RGNS, T2 2800, AR EEE 0N MLE 53%, Jf51ha
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Figure 7 (Color online) Results of signal test point parameter learning. (a) Energy carrier signal; (b) TCR working
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Figure 9 Result of fault prediction based on the HMM

(Color online) Results of fault prediction based on the BN. (a)—(d) Sample = 20, 200, 2000, 20000, respectively

BRI R8s, B2 /R BHRITEH B 200 LG (F 9L I Kot , AP A 2e 0 4 SR AT e s 10,
PiAERInE 10 Fros.

& 10 7T, 2R 0975 B BOIUN HERR 3, Z0 G TN AE R AR, W] L T4 2 X 2% B3k ) g o Tl
FEZRRT BRI HER 0y 67.8%, S ERT BURIAERA Ry 71.8%, MR B HERI =y 61.8%, FIHIHHZM
EREVE AT WU TN, S A TRy 67.4%. W] WL, e 2% SR A AL B ) BB AR TN g 0 e,

522



FEB FEREE B0 % 4

1 666 280 70.4% 1 49 14 77.8%
35.6% | 15.0% | 29.6% 44.5% | 12.7% | 22.2%
=] 5
£, 322 602 65.2% &, 17 30 63.8%
oj 17.2% | 32.2% | 34.8% O: 15.5% | 27.3% | 36.2%
67.4% | 68.3% | 67.8% 74.2% | 68.2% | 71.8%
32.6% | 31.7% | 32.2% 25.8% | 31.8% | 28.2%
1 2 1 2
Target Target
(@) (b)
1 72 41 63.7% 1 787 335 70.1%
32.7% | 18.6% | 36.3% 35.8% | 152% | 29.9%
j:fh B 43 64 59.8% g. 5 382 696 64.6%
O’ 19.5% | 29.1% | 40.2% 3 17.4% | 31.6% | 35.4%
62.6% | 61.0% | 61.8% 67.3% | 67.5% | 67.4%
37.4% | 39.0% | 38.2% 32.7% | 32.5% | 32.6%
1 2 1 2
Target Target
(©) (d)

10 (MILRRRFZE]) LML IR TN ETHR
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Table 3 Predict accuracy under different algorithms

Algorithm Prediction accuracy (2000 set) (%)
Hidden Markov model 80.1
Neural network 67.4
Bayesian network 92

THE MRS BRI A EEARAE — e 20, XTI 3.

R R R T S A DU R AR, 45 21 20000 ZH I ZREE B DL
W] 2% P T 1 e T B AR AP IR N 96.3%, N 1 e BRI IE DL 345 0 285 15 32k R A s T 0 28 SR, ) DL
25 TN 2000 ZHEHE DI 25 B T IR BHRAS R R o2 X 45 ) FH BE AL 42 1) 200 2H 304 B0 E A R 1
TR GE, 15 2025 R B B R BRI 80.1%, IR MLE N 67.4%. Z 4 B45 AR T 76 M 7
D77 T DU S0y o 26 B LA 38 SOk (22] K DL i 07 IR 28 BR3P 1 FRL YR 2R G b AT s F , L T &5
& 6000 LHEHE TN 89.17%, IXAIERA L7 i 4 Sy B - 23K 7 R G idb AT i B Tl 2ok R 0 3. vk
T RGH AR T HEH2 W, AR IR S s T 72, A ST AR JG 4k sk B3 T R G
BTN S VL 55

5 45iE
AR TNV T RGP DI 8 HE 2R, St 1 61 DUt 27 0 45 1) 2R G e T 75 2%,

523



AR SE: A AT I R G R T RGN T AT A

BEATAS RO 58 T 0AIE, IF 5 HoAh R AT 0 LUBGAIE. 45 SR, DL 7 o0 28 SR A o T e 1 7R
REERIPLZE [N 28 53 W ARTY, Sz HT R, RERE 4% DL o 4 e P S8 . J 68 A
AERE ) A e 25 P S T, M) b, 567 RN R M B0 UE R S B0 S R R AN BN HE B A L IR
TN TRI R 2, 40 g UCRRAE S0 SR IR R 28 i S SR A R T 42 3 1 R ST RS MR IR fJm BB R8T
ARG MTUAREAT, JEITCARMBAF FEAE A FOR S AR AR L, GRS SRR IRBEER . IR
IO R TR, R 2 R UL B TR . AR A ST AT AR R I A B0 TR R I
T RGYOE TN (7] BURA AR SR X

LA AR T AT, SR ESh e . DU 43P B e i Bk 2 A SR ) 3 2R e 5
[6], S TN 2 H v (R OB il R, 3 R AR A i A IR RE S BRI PE R IR AL B A5 5 T HEAT VRN
A, IR TR0 A% 7 iy TOEIN [, AT A5 2 B 44 (R0 DL 3545 2 B S R A HE AR B, Do A e T
B 25 S 2 4 W R TN e g AT AL 10 5 JRR A Y L i ik

S Hk

1 Wang H S, Wang J F. Key technology of train control system of 200-350 km/h trains. J China Railway Soc, 2009, 31:
107-110 [EALER, ERIE. 200~350 km/h FIZEIZITHEH] R A BB AT . PoE 4R, 2009, 31: 107-110]

2 He R, Ai B, Wang G, et al. High-speed railway communications: from GSM-R to LTE-R. IEEE Veh Technol Mag,
2016, 11: 49-58

3 Han X, Tang T, Lv J D. Analysis of requirement-errors-caused failure of on-board subsystem of CTCS-3 train control
system based on failure logs. J China Railway Soc, 2017, 39: 59-70 [#H%5, ¥, B4kR. BT RMHER CTCS-3
BHVEHF R G T RE P EUR 8B 0. BB R, 2017, 39: 59-70]

4 Pecht M G, Jaai R. A prognostics and health management roadmap for information and electronics-rich systems.
Microelectron Reliabil, 2010, 50: 317-323

5 Ray A, Tangirala S. Stochastic modeling of fatigue crack dynamics for on-line failure prognostics. IEEE Trans Contr
Syst Technol, 1996, 4: 443-451

6 LiY, Kurfess T R, Liang S Y. Stochastic prognostics for rolling element bearings. Mech Syst Signal Process, 2000, 14:
747762

7 Zhang S, Ganesan R. Multivariable trend analysis using neural networks for intelligent diagnostics of rotating machin-
ery. J Eng Gas Turbines Power, 1997, 119: 378-384

8 Ali J B, Chebel M B, Saidi L, et al. Accurate bearing remaining useful life prediction based on Weibull distribution
and artificial neural network. Mech Syst Signal Process, 2015, 56: 150-172

9 Liang X, Wang H F, Guo J. Bayesian network based fault diagnosis method for on-board equipment of train control
system. J China Railway Soc, 2017, 39: 93-100 [Z5f, T, SRk, 2T DL Hr 2 11 51 45 2 3k & i 12 Wi oy
5. BB IR, 2017, 39: 93-100]

10 Zhao Y, Xu T H, Zhou Y P. Bayesian network based fault diagnosis system for vehicle on-board equipment of high-
speed railway. J China Railway Soc, 2014, 11: 48-53 [@_(BH, HHAE, B R BT MR SiE S /A EH
WA M2 W LR AL. BRiE 243, 2014, 11: 48-53]

11 Zhao Y, Xu T H. Text mining based fault diagnosis for vehicle on-board equipment of high speed railway signal system.
J China Railway Soc, 2015, 8: 53-59 [BAFH, {R HHE. FT UARIZH I SRS 5 R F R B& HIRISH. BRIE)R,
2015, 8: 53-59]

12 Wang Z X. CBR-based fault diagnosis system for vehicle equipment of high-speed railway. Dissertation for Master’s
Degree. Beijing: Beijing Jiaotong University, 2015 [Eﬂ:‘iﬁ FET ZEHHER N G T RAF R AW ES . Wit
FAB . JBaT: AU R, 2015]

13 Chen X. The theory and method of fault discovery based on text information extraction for on-board vehicle equipment
of high speed railway. Dissertation for Master’s Degree. Beijing: Beijing Jiaotong University, 2017 [[K,iﬁl% HTUAEF
S Sk TR B A TR R I B0 5 5. B AR S0, Bt JEIASIE R, 2017)

14 LiY. Application research on fault diagnosis of on-board equipment of train control system based on fuzzy theory and
Bayesian network. Dissertation for Master’s Degree. Lanzhou: Lanzhou Jiaotong University, 2015 [@:@ TSR UL -2y

524



FEB FEREE B0 % 4

PSRTES B R B A WS W SRR T, A 2001030, 220 22PN A2 K%, 2015)

15 Marcot B G. Common quandaries and their practical solutions in Bayesian network modeling. Ecol Modell, 2017, 358:
1-9

16 Petitjean F, Buntine W, Webb G I, et al. Accurate parameter estimation for Bayesian network classifiers using
hierarchical Dirichlet processes. Mach Learn, 2018, 107: 1303-1331

17 Hasan S, Ukkusuri S V. Reconstructing activity location sequences from incomplete check-in data: a semi-Markov
continuous-time Bayesian network model. IEEE Trans Intell Transport Syst, 2017, 19: 687-698

18 Cai B G, Liu Y, Xie M. A dynamic-Bayesian-network-based fault diagnosis methodology considering transient and
intermittent faults. IEEE Trans Automat Sci Eng, 2017, 14: 276-285

19 Sun S, Zhang C, Yu G. A Bayesian network approach to traffic flow forecasting. IEEE Trans Intell Transp Syst, 2006,
7: 124-132

20 Chen X W, Anantha G, Lin X T. Improving Bayesian network structure learning with mutual information-based node
ordering in the K2 algorithm. IEEE Trans Knowl Data Eng, 2008, 20: 628-640

21 Banbura M, Modugno M. Maximum likelihood estimation of factor models on datasets with arbitrary pattern of
missing data. J Appl Econ, 2014, 29: 133-160

22 Xu L J, Wang H J, Long B. Fault prediction of complex systems based on Bayesian network. Syst Eng Electron, 2008,
30: 780-784 [HFANfE, LEE, fs. BT Ui R R KGRI, &5 LS HETFHA, 2008, 30: 780-784]

23 Wu G, Qiu Y J, Wang G R. Map matching algorithm based on hidden Markov model and genetic algorithm. J
Northeastern Univ (Nat Sci), 2017, 38: 472-475 [%NI, B, EEAT. FE T 5 R BT KRB R A8 4% 512 i Hb I UG
BoAvk, RIEKZFEZEH (HARBIER), 2017, 38: 472-475)

Research on the fault prediction method of an on-board subsys-
tem in high-speed train control systems

Yu ZANG!, Baigen CAI'?", Wei SHANGGUAN'! & Huashen WANG!

1. School of Electronics and Information Engineering, Beijing Jiaotong University, Beijing 100044, China;
2. State Key Laboratory of Rail Traffic Control and Safety, Beijing Jiaotong University, Beijing 100044, China
* Corresponding author. E-mail: bgcai@bjtu.edu.cn

Abstract The train control system is the “nerve center” of the high-speed train information system, which is
large-scale and comprises various components. The on-board subsystem is the core of the train control system
and is key to ensuring traffic safety and improving operating efficiency. Currently, the fault data processing
methods of the on-board subsystem remain manual, which primarily realizes the fault detection and location.
It is difficult to achieve the fault mechanism level, and fault prediction cannot be realized effectively. In this
paper, the on-board subsystem structure and the fault disposal status were analyzed. The existing problems have
been summarized, and some concepts and algorithms to predict faults were introduced. Based on the on-board
subsystem structure and each module’s performance parameters, the system-level fault prediction model was
established. Based on the practical operational data sets, the fault prediction based on the Bayesian network
was carried out and verified under 20, 200, 2000 and 20000 sets, respectively. The prediction accuracy was 5%,
27%, 92% and 96.3%, respectively, under the condition of 2000 data sets. The hidden Markov model and neural
network-based fault prediction solutions were compared with the proposed method. The results demonstrate the
advanced performance of the Bayesian network-based solution in system-level fault prediction.

Keywords high-speed train, train control system, on-board subsystem, fault prediction, Bayesian network
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