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Research on fault diagnosis of track circuit based on
intelligent optimization deep network

Peng Feitong' Xu Kai' Wu Shixun' Huang Deqing’

(1. School of Information Science and Engineering, Chongqing Jiaotong University, Chongqing 400074, China;
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Abstract: Aiming at the randomness and complexity of jointless track circuit faults, the single diagnosis model has the problems of one-
sided extraction features and unreasonable empirical design of model structure. A fault diagnosis method based on intelligent optimization
deep network is proposed. Firstly, the fault feature set is established by six voltage detection quantities of the track circuit signal
centralized monitoring system. The convolutional neural network (CNN) is used to extract the feature space information, and the long
short-term memory network (LSTM) is used to extract the time feature information, so that the features extracted by track circuit fault
diagnosis have both spatial and temporal information. At the same time, the genetic algorithm ( GA) is introduced to optimize the
structure and parameters of the aforementioned deep neural network, and the output weight of the feature level of the two combined
networks is further optimized by combining the Q-learning method in reinforcement learning. Finally, the multi-layer perceptron ( MLP)
is used to fit and correct the classification error of the deep network to improve the fault diagnosis accuracy of the model for the track
circuit. The simulation results show that the recognition rate of the fault diagnosis of the track circuit using the intelligent optimized deep
network model can reach 99.28% compared with the single model and the refined design combination model. The evaluation index is
improved, and the fault diagnosis accuracy is higher. It is proved that the intelligent optimized deep network can further improve the fault
diagnosis performance of the track circuit.
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Fig. 1 Intelligent optimization deep network model framework
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Fig.2 Track circuit structure
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Table 1 Typical fault classification table of track circuit
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Table 2 Comparison of field test data

and simulation results

BORREE  FEAE/V O WEE/V O gaxFiRZE AHIRZE/ %
M, 104 104 0 0
M, 34.28 34.65 0.37 1.07
M, 2.97 3.12 0.15 4.80
M, 2.61 2.61 0 0
Ms 20. 19 20. 51 0.32 1.58
M, 2.3 2.24 0.06 2. 60

ARSEH LA 2.1 1y 6 A HL R W AR R R 12 W
BRI o R REAS B Sk Ry 1 383 4L, 43 il X
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HI IR 35, HEALFE /N Ky 36,
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AR LT 5 AR pE SR RE

1) 5 K UET F ace,ace B8R AR F e F b w B
RUERGS
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SRR (13)
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Table 3 Fault sample distribution

WS UIZRREA MRS || S M ReA A
F1 74 19 Fl1 49 13
F2 70 18 F12 56 15
F3 62 16 F13 62 16
F4 58 15 Fl4 66 15
F5 63 16 F15 49 13
F6 43 11 Fl6 41 11
F7 37 10 F17 40 11
F8 50 13 F18 45 12
F9 53 14 F19 59 15
F10 43 11 F20 60 15

2) e SN L i/MUF A2 R, 0
.

L= 3 3 Gl o) (14

Sl BB R, ¢ O RRLREC, vl 88 i R
S0 SRR, AR ROk ek
(A SO XTI SE P B B 690 5 ace i
FIK L 691 10 K00 V1,

3) HERHE
Precision = TP/ (TP + FP) (15)
4 B
Recall =TP/(TP + FN) (16)

5) KSR AE B A INECE-B{E F,
F, = (2Recall x Precision)/( Recall + Precision)
(17)
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Fig. 6 Process of GA optimization of model structure
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Table 4 Initial model parameters

FIRL 2 TR i AR i th R
Input (None,1,6) (None,1,6)
Reshape (None,1,6) (None,1,6,1)
Conv2D_1 (None,1,6,1) (None,1,5,32)
Conv2D_2 (None,1,5,32) (None,1,4,64)
Conv2D_3 (None,1,4,64) (None,1,3,64)
Flatten (None,1,3,64) (None,192)
Dense_1 (None, 192) (None, 128)
LSTM_1 (None,1,6) (None, 1,64)
LSTM_2 (None,1,64) (None,1,128)
LSTM_3 (None,1,128) (None,1,64)
LSTM_4 (None,1,64) (None,1,32)
Dense_2 (None,32) (None, 128)
Concatenate (None, 128) (None,256)
Dense_3 (None,256) (None,64)
Dense_4 (None,64) (None,32)
Dense_5 (None,32) (None,21)
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Table 5 Comparison of test sets before

and after GA optimization

i ace/ % L
CNN-LSTM 90.29 0.220 24
GA-CNN-LSTM 94.24 0.163 08

W 7 (a) B, 76 M4 2t 70 Wl T, 6 GA
Ak 0 T8 246 A6 TR W I 3 A 4 1 05 5 T ek
W T, AL 7 (b)) s ml DL B 23 AL 1
SRR TE RS Xl 1 s 50 i

R 25 RERT

TR LSRN 5 s,

M7 Fige 5 nT LU GA DAk M 455 B A Il
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FERER, AR A A 2 LR b 0 £ B ) M o
AR RAE, CA TRALJS 1 48 TEHERN 2 ace b R
AH 90,29 - TFEN T 94.24 2T T 3.95% WIKME L T
BT 0.057 16, SEERE5HAEN GA AL 45 25 F4 R BE
T 2 W 2% 254 S S8, a1 5 S50 e S A4 | i
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Table 6 Comparison of test sets before and

after Q-Learning optimization
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Table 7 Comparison of test sets before

and after MLP correction

i ace/ % L Xl ace/ % L
GA-CNN-LSTM 94. 24 0. 163 08 GA-CNN-LSTM-Q 96. 41 0.104 10
GA-CNN-LSTM-Q 96. 41 0.104 10 GA-CNN-LSTM-Q-MLP 99. 28 0.067 39
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FARALET AR E DR S UER R ace M 94. 24 713
96. 41 , A RAH L FAK T 0.058 98, 45K 8 Fik 6 w1
5L A MR 25 S PERE = A= 52, [N b2
1t Q-Learning fIALA TR Ji5 4 W0 4% 76 1 BE_E 75 B H2 T A 3

SyHTIE 9 M 7, MLP St & 44853 GA ik
W44 4544 | Q-Learning 546 2 A A T J5 A RS 47 (19 4%
SABIE, BT TC I 2 A I R 0 2 MU AR 0 5 B
UF Y ZREE, B MLP 763X — P AL i, 72 DI R4 v i 2R R
WA KR HIKREER 1, &3 MLP {4k 5 MBI /e



£ 228 - S 1[I I IV = 3

38 &

HEWR ace AN AR L AL ih &G 5 L2
Hi— A2 T, 7 U4 b A 25 R T U B T X —
MLP & 1EJ5 BB BRI E MR HER R ace 52 TH3 99. 28%,
AJAE LR FEF] 0. 067 39, UE BG4k 1 B3 Atk 7 122
FIE S B
3.5 RAEERRIEXT L

HUTE H 2 W R 7 A SRR AL SVML
BP #HZE /2% CNN 45 #2803 GA L4514 . Q-Learning
PEARAL T AT MLP & IE 152 22 B TR BE W 45 A5 R0 5 D) - L Fp
B BT L, I A T A — 2L B 2 5 X 1
FIFHVI G4 A HER R ace FIIRSE L 19738 1k il £ 155 B A
A EBHER R ace AR L AZ5 X L JLRP IR BE M
LRI R PERE X SR AL SVM, (5 IR AR T i o
W2 ace PEATR LG, e A S IGZ5 N & 10 A3k 8 PR

______

LR e

08 i f
060 i1/
Q S
é ]
04F ¢ —-- CNN acc
BP acc
--- CNN-LSTM acc
02+ --- GA-CNN-LSTM acc

— GA-CNN-LSTM-Q acc
----- GA-CNN-LSTM-Q-MLP acc

0

0 10 20 30 40 50 60 70
iteration

(a) MBI Hacc B4k il 2%
(a) Comparative change curve of each model
3.0 [ & —-- CNN acc
Y .. BPacc
I Y -~ CNN-LSTM ace
ST -~ GA-CNN-LSTM ace
H \ — GA-CNN-LSTM-Q acc
200 8 N e GA-CNN-LSTM-Q-MLP acc
n
| .
- 1.5r &
1.0F
0.5

0 10 20 30 40 50 60 70
iteration

(b) B BRI X L R L3Rk il 2%

(b) Contrast loss curve of each model
K10 IZRAES BRI L
Fig. 10 Comparison of models in training set
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Table 8 Comparison of model results in test set

BT ace/% L
SVM 88. 85 0.245 41
BP 84.53 0.750 85
CNN 88. 86 0.418 09
CNN-LSTM 90.29 0.220 24
GA-CNN-LSTM 94.24 0. 163 08
GA-CNN-LSTM-Q 96. 41 0.104 10
GA-CNN-LSTM-Q-MLP 99.28 0. 067 39

M 10 F12 8 Al LIE i ,CNN 214 LSTM M 4% Mg
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Table 9 Comparison of performance indexes of

different integration models

Jitk MIRES EEOES F
LSTM 0.926 4 0.918 7 0.905 2
CNN-LSTM 0.9320 0.9119 0.904 1
GA-CNN-LSTM 0.939 4 0.928 1 0.920 7
GA-CNN-LSTM-Q 0.901 4 0.925 6 0.908 0
GA-CNN-LSTM-Q-MLP 0.968 9 0.965 8 0.964 4
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