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Combined model for multi-level fault diagnosis of high-speed
rail turnouts based on character and word fusion
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(1. School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China;
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Abstract: To effectively improve the maintenance efficiency and fault location accuracy of high-speed railway turnouts, a combined
model for multi-level fault diagnosis of high-speed rail turnouts based on character and word fusion was proposed. Firstly, a professional
thesaurus of high-speed rail turnout equipment was established, and fault texts were represented as character vectors and word vectors
and the character vectors and word vectors were deeply fused. Secondly, considering the problem of imbalanced categories in fault texts,
the Borderline-SMOTE algorithm was used to process the imbalanced text data to optimize the fault text data distribution. Then, a
combination of Bi-directional long short-term memory ( BILSTM ) and convolutional neural network (CNN) was used to extract deep
features of the fault text. Finally, an intelligent diagnosis of faults was achieved by means of a classifier. The model performance was
validated using fault text data of China high-speed railway turnout faults. The test results show that the accuracy of the proposed model
reaches 95. 62% for the primary fault diagnosis and 93.81% for the secondary fault diagnosis, which proves that the multi-level fault
diagnosis accuracy can reach the desired effect.
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Fig. 2 Multi-level Fault diagnosis model framework for high-speed railway turnout equipment

2) A AL

TEHERT SCA AL PRI 5 G — R 1 B, RIER A 35T
RERGY A AL BT 22 0 T A& FHARAMTSORE B, i
VPR AT RE , Hh T o R B 2 I SO Y )
RREZE SR, A o KR HEA T IS, AN UK W BE 4
Y f i) S 24K B AN ZRIF ], 55— 7 TR 2 51 A KR
o ARSCMRS SO L BEAT G, e i) 7 T B K 1Y

AR KRS AT [ SRS 0 LA E L
AR AT RE AR A SCA 15 B, SRS 2 U 1 2
AT

2.2 ETFAMEGHNHTERERT

B SCAR S DA AR SCSCARTE S, T H SO R B
BOGERMIE TR e KE IS U B LR SO
15 BRNIE AR S, SRR 1 8 SOAE B e 4 2 4 HL %
eI R, A SCFIH jieba 43R 4R BN B A5 8 Il
H Word2vec X i 2k 8 72 Wb SCAR #EA T ) &AL, 3R45
S ) R AN ) R TR s R E S
ORI BR R A i) 23 B 1R HE TS e 43 2R ORI
AR R TE A5 B A B, (0] o 1) it B L B A
S BB G T SCAR FRREIE TR A B R 43, TORs S 1) 3] )
I ERERLS

A B BTy BEE AR R S, = [s),s7,

’sLl:I b



=220 - LSRR R e o $36 &

b i i)

P 3 ek O 2 R e ) R
Fig.3  Professional thesaurus of high-speed

rail turnout equipment failure

S, = [shs2 e sh] LS, S, 4 F00 kil ] ik A e 7 1
WG U s RAMAIR S | AR, 5 B
B Iyt ARE S 0 B3 60 B R A A i)
BRI T 0 WK, R R 5 00, A T
5 I (03 91, 985 4 i 9 2
A E A AT A 2, —

S HIER e

0= XE) @5 (1)
B P I A S5 R g, S0 A
f=q + Y (2)

S (m ) W § AR RS AR B R B
I F = (f, fo S f) FOBE JE B S
A 4

E (e an)
& : Q00 o
2 O0O AR5 84.8)
?L o el o HR(9,10)

# OO0

Bt

K4 RS

Fig. 4 Process of vector fusion

P 4 LA T8 &/ R B/ B AR DR 4P i/l B S £, 2335
JEARICEEAN TR B 5 A5 R R AT R R R AL
CRBL(2,3) T E TR N AR 2 AN TEAT, B
AT SR 3 AN TFAT . FER A IR A X L Y )
RS AR B BRSO RS AR S
e R G Al U KRR AL b 100 SV 70 4 5 a7l
B SCE Tl

2.3 XAEHFESHRML

I BRI P IN=3 /S T STERAN S & N e (€ ]
ANE A IR, 34T SCA Iy R B ME R, AR SCfE AT B-
SMOTE S35AF ) SMOTE %4 A5 AL #9350 52 5t
Ak B A BRFEAS A2 BT REAS X REAR I3 A AT Al . 1%
FER DRCEREAR 7 N 22K (A) SERRZE (B) M
R (C) MHHALXIEREIE, RSB 172 LA 280k
FEAS BB REAR A T R . A URE A (9 LB A 4] 5
Birs

A O
o
o O
o o)
C
o o
o O
o o ©

INOEZ coiz I s eSS
@ FreAk  WLK=S
Fl'5 JET B-SMOTE f/bBEREAR A R
Fig. 5 Minority sample synthesis based on B-SMOTE

B-SMOTE S35 B — L6250 S HEARSE , 70 5l B8
TABEMZ B LR DHCRFEARLE S S, v, H
UTRBREA 2, oo, T3 B A REAS 1 0 i 2 A AT S A AR Y
SpJE b AREL KR, — M 0.5 5 1, B-SMOTE 573
R ELAACD BRI T i3

LI BN DB xRS E
PIFEAREE S e S,

R 2) B A DB «,, W B A8 T
ZHREALEM ML IE ) S NS,

LR 3) RPN AT B IERR EAAT x, IS

K
— =<1 8NS .| <K,
2 maj

W 4) DR A DA T, 5w,
SR BN j 2L d, =x, - x, o FHH A DR
FEAR by =x, + d; xrand(0,R;)
2.4 WEXESEEBMBEL

1) 3T BiLSTM H4FIEH2HL

AR SCHE A1) LSTM A 7] TSTM 41 A% BiL.STM #5574
BRI SCAS R SCfE B LSTM M 2% BT 45 My AN &) 6
FiR.

LSTM 45 2w ity st e 1 THIL R i AT T BIL A A ) 3
ICAZETE BN (3) ~ (6) Fras, K b 1 IHLE ansk (7)
F(8) FrrN



55 10 BTy R A R E

LRI A AR 2221 -

C i ‘1 //tljfr

crigfz

\ 4

- ||,

J-*“”& 0

P
ii»

N\

E_E

k
v

@ o

Fl6  LSTM 2% oty
Fig. 6 LSTM network cell structure

fi=a (W, - [h_ ,x] +b) (3)
i, =c(W, - [h_ ,x, +b,) (4)
E =tanh(W, « [h,_, ,x,] +b.) (5)
Cr :f;.thl +iz' 51 (6)
01 :O-(Wo ° [hl—l’xl] + b) (7)
h, =0, - tanh(C,) (8)

E_ERA T ¢, TR YREAG R, W b HIEE R
BOE R B0, b, R B — PSS, FRR s T T X
YA R S B0 38 R AR 0, AR AT X B AR A B T

R, C, W HRIRAE B i 1, €, TR AT 68T
—IFZEIZAE B, €, ST AR A o, R 11y
15 B i
A0 B A SCAR BOHE A R BILSTM AR A |
R LSTM 28 o, 2 J5 R LSTM 2 b 7
FLHM%&Lﬁﬁ%Fi&B&WMW%%&h=[

) o ARG S5 4% P25 A B CNN 5T F
— TR LI,

2) H:F CNN FRRFAE 42 HC

A T A5 G5 1 CNN B 2% 5 A, 4 SC 9 CNN Xt

BiLSTM [R5t B0 b = [,y by -+ by ] SEHEE— 25 TR
BRI R, TR T

(1) BBUZ . X n A4 0l A 1] ik 4 B 3 U
i, BRI RS It (9) IR

0,=f(C~hyppy +b) (9)
Kb .C W nxh BISCEEE b, HEE S
i+n—1 AT 4R 7 SO A B b M RE L £( - ) R
ReLU S0 B85 , 47 2R TR AR i 2K I, % — 4
BB SR AT SE B AR IS, 285 PSR4

V=FfW-0"+b) (10)

(2) B KM AL IR . e oAb $ Tt S A Jik 7
iE, Tk T

0' =max[ 0] (11)

(3) &2, fr 2% 52 M Kk o A
Flatten [ 2 4506 [ — AE ALy | 4 3% 322 2 1F 10 X6
TR AR BN S RN (12) R,

V=f(W-0' +b) (12)
A, W RAAED, b RFRER T,

BEAR, 4 57 1k I Z5ah A v ik BE AR = T AR i bt O ik
LA B a8, fE % 2 S ik A Dropout , {4 # 2 T0 TG
B AR P BENLE S )5 T Softmax R AT
B2

3) Softmax i fE SCAS 43 FE A48

ASCHERIG A Softmax PREL > B0 B & 1E#E N
FEOEEA v, A R AR YK iy SRR 0 220 R SO 0 2R 1 i
AR (13) s,

Y = Softmax(W - V + b) (13)
REAY fe 2 H AR BRECH
loss == 3 y,"log(y,) (14)

Ay, BRI R SCAS B TR y, SRR AR Y
B BEER ] Adam SERRACAL I B AR R

3 SLIGTREFNZE R A

3.1 SCIRIRE
AR SCL G B e e BRI R 2 R,
R2 BRI

Table 2 Experimental environment

SCHGEREE R E

ERS Ubuntu 18.04. 6 LTS
CPU Inter(R) Core(TM) i9-12900K CPU
CUDA WA . 11.2. 162
pEs 12 GB

BT Python3. 7

i T jieba

TR S HEQL TensorFlow-GPU (JiliAS5 ;1. 14. 0)




$222 - S 1[I I IV = 3

536 %

3.2 EIHIBERIFMIESR

S UE BSR4 A R 3 5 L SRR AR AT LI 50
UE o BT 3 TUAT: o sk 1 72 5 s SCAS i VR M S 56
Bln B A 7 0 3 Rl Rl g RN S, R AT
A& SUAIETE O AN G A SR FH R R RS %
AR FAEE R TR
3.3 B-SMOTE 4R /DK AR LIE

fii H B-SMOTE Xf DR AEA AT [ 8l Ak ml i 25
W 7 Fos 25— S | GRS AN Y A R R
TRE, ST XL e RODLIEE 48 106 45 2 i RN AL
SN AT B R 16,7 FRE 13 ORIAL T R
TR B T 2 A SCAS B o3 A AN A

2000}

1500

v

1000

BAYHE /%

500[

0 s #& =W M0 B
R WE KRB AR M
wH o & &=E M
L2z #E

K7 B-SMOTE ‘& U A i 0
Fig. 7 Sample distribution after B-SMOTE is generated

3.4 HEXBSEIEEWNEE TR

B RO R T A0 Y B WA B R, AR SCE
TR M SRR AR T2 E SR, 5, Dropout 1124
WAz AL RE I A BOAR T B B HE BB Y Dropout {EHAN
AT DA e 0L ) ELA 2808 v A A A 808
Kl 8 N4 TN HEARBE Dropout {H AR FLAE B , A IE AT LA
F i, 4 Dropout fH 4 0. 5 B, BORKCR fefE

—e— Precision
0.96  —— Recall

L
0 0.1 0.2 0.3 0.4 0.5 0.6
Dropout

Kl 8 T FEHRREE Dropout {25 AL1E I

Fig. 8 Change of evaluation index with Dropout value

HWR AR B AR ) Sz — 5 =
BRI D 2 R EUAUAG IS i 22 ) 2o 3 R AR 1| Rk
i), HA B Az AP TR, €19 F1 10 %7K epoch 7E
0~30 UHFPERESR A 1 L1 B0, T Al & 1Y epoch
] 25 Y, — 2SI — G R A A S 4K R R
T AR HA B B AROCR | A SO I 25 58U i

LR EREE R,
1.0
08 |
0.6 |
iy
g
£ o4l
- - ZRIN%E
0.2 — ZRHIFE
—-— —RIN%E
R L Al
0 5 10 15 20 25 30

epoch/E K
E 9 HEWIFBE epoch 3 iNARfb 4k

Fig. 9 Accuracy change curve with epoch increase

- - ZHN%E
— RRIFE
—-— —RI%E
cee s —RIRESE

epoch/% X
El 10 ${ERE epoch 14 NS £k il 26

Fig. 10 Loss change curve with epoch increase

PLA, o 7 SR SR K R g & 11 R,
AR L, o 60, 5] F 35 ( pad_size) LN 72,

R S 6 Py 45 TR e 28 o e R K B O 7 22 LR 12
WA A () SN 2% 3 i
3.5 XfEbscEg

BEAR SCRE AR 5 SRR 20 ] 19 CNN L SCRK[ 21 ] 89 LSTM
DL SCHR[ 22 1 19 BILSTM 5525 Sl fe i2 Wi i 7 75 46 2 it
TP R AT X O SE S, A BTN R B B-SMOTE 53k 4b
PN A R, Herp ot AR () A S B 3R 4 FiR , R
()5 A2 BB TR P R X L 3R 5 B



5510 3]

BTy R A A BRI 7 2 B RIS BT 4 A R - 223 -

Bl SRS R SR A

Faut text length statistics histogram

Fig. 11

*3 RERKKERSRYEFISHENESHILE
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