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Fault Location in Metro DC Traction Networks
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Abstract: To address the insufficient discriminability of fault-section features caused by disturbances such as train
starting, load fluctuations, and rectifier ripple in metro direct current (DC) traction networks, an active harmonic
injection-enhanced fault location method integrating a convolutional neural network (CNN) with a long
short-term memory (LSTM) network is proposed, overcoming the inherent limitation of insufficient fault-feature
discriminability associated with conventional passive traction-current acquisition. Harmonic signals are actively
injected into the traction network to enhance the fault-discriminative information contained in the input features.
The injected harmonic response is then extracted using the empirical wavelet transform and employed as the
fault-location feature. The CNN is used to extract local waveform features, while the LSTM is introduced to learn
temporal variation characteristics, thereby enabling the classification of train-starting conditions and different fault
sections. The results show that, compared with the original traction current input, using the harmonic response
induced by active injection as the input significantly improves the fault-location performance of all evaluated
models. Among them, the CNN-LSTM model achieves both an accuracy and an F1-score of 98.03% on a test set
of 630 samples covering seven classification categories, effectively distinguishing train-starting conditions from
short-circuit faults and accurately identifying different fault sections. The proposed method provides an effective
approach for short-circuit fault-section location in metro DC traction networks.

Key words: metro DC traction network; active harmonic injection; feature enhancement; short-circuit fault
location; CNN-LSTM
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Fig.1 Structure diagram of the metro DC traction system
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Fig.2 Architecture of the active harmonic injection-enhanced CNN-LSTM model
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Tab.1 Structural parameters of the CNN-LSTM model

HEHY

0 22 A ke RN B K i HH RN
RERCE
LN — — 1 20001
Convl-BN-ReLU  32x1 1 64 2000x64
Max poolinel 4x1 2 64 1000%x64
Conv2-BN-ReLU  16x1 1 32 1000%32
Max pooling2 4x1 2 32 500x32
Conv3-BN-ReLU  8x1 1 16 500%16
Max poolineg3 4x1 2 16 250%16
LSTM1 — — 64 250x64
LSTM2 — — 32 1x32

e “—7 RIREMGEZAE AN 25 Conv KREFZ (convolutional layer) , BN it &9 —4L (batch normalization) ,

ReLU F/RBIELM: 0 (rectified linear unit) , Max pooling F i Kithih)Z (max pooling layer)
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Fig. 3 Traction network current
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Fig.4 Harmonic response extraction results under active harmonic injection
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Tab.2 Fault location labels and sample distribution

Xt AR Bt P

W T FEARH
X B
0 BIEEZ) RS SRS 300
1 PR X B 1 0<d<0.5 km 300
2 WEEXEE2  0.5<d<l1.0 km 300
3 MR IX B 3 1.0<d<1.5 km 300
4 PR IX B 4 1.5<d<2.0 km 300
5 MEX B S  2.0<d<2.5 km 300
6 X B 6 2.5<d<3.0 km 300

4 HBR55H
4.1 XtEborHf

SR E BRI NI R CNN-LSTM JERA R, R4 B N AR I) 2% 25 K %) 58 A 1R R 1 5
W, 53 DA S A 5 R IR 32 B3 N R LR AR N, £E AR [R] 1 B SR R 4 MRS 40K, X CNNL
LSTM Jz CNN-LSTM #5347 2 X R S0,  FTfe-T- 2 e 0 PERE 45 SR sk 3 Fhr.

B3 3 TN, FEMIZAEFAE I 2600, SR P SR B0 NV I e S A i NI, =R 1) i 1 P e 3
A AL T IR AR 2 5] IR AN« CNN. LSTM A1 CNN-LSTM #7 (v 2R 43 51 F1 66.10%- 33.90%7F11 68.00%
FETHE 96.44% 59.90%F11 98.03%, 3 AHRETF T 30.34%. 26%H1 30.03%; XM F1 73505 5 H 65.80%-
28.89%A1 66.67%IE Tt 96.47%- 59.16%K1 98.03%, 43 AlFETH T 30.67%. 30.27%F1 31.36%. HIULAI I,
BB N B 6 e A A N rb R (X B R RE AT R N Tt A IR i e e s o A

* 3 TEMNSHE FEREBEE M BERTEL

Tab.3 Comparison of model location performance under different input features

R MINFHE  WEFIR/% KEWHER%  ABRER%  Fl1 98/%

CNN N 66.10 69.17 66.10 65.80
JR G35
LSTM i 33.90 38.80 33.90 28.89
)
CNN-LSTM " 68.00 67.61 68.00 66.67
CNN . 96.44 96.74 96.44 96.47
FETEAN
LSTM 59.90 64.57 59.90 59.16
TV ] R
CNN-LSTM 98.03 98.09 98.03 98.03

R, BB BT A R ) CNN-LSTM B EAT e A g, A T 80— 9 2 3h il i NS 52 1K) CNN
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Fig.5 Variation curves of CNN-LSTM accuracy and loss values
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Fig. 6 Confusion matrix
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Tab.4 Analysis of Evaluation Metrics

eS| HEH/%  FEAFE%  HARE%  Fl1350%
=] 100.00 100.00 100.00 100.00
X1 1[0-0.5]km 95.56 100.00 95.56 97.73
[X 4% 2[0.5-1.0]km 100.00 95.74 100.00 97.83
[X 4% 3[1.0-1.5]km 100.00 100.00 100.00 100.00
[X 4% 4[1.5-2.0]km 97.78 100.00 97.78 98.88
X 4% 5[2.0-2.5]km 96.67 97.75 96.67 97.21
X 4% 6[2.5-3.0]km 100.00 96.77 100.00 98.36
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