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Abstract

Corrugation is one of the common problems in the operation of rail transit. In order to detect rail
corrugation, different from the traditional corrugation detection method, the vibration signal of
the vehicle axle box is processed in a MATLAB environment to obtain the rail corrugation wave-
form. The dynamic modeling is carried out, and the simplified model of train lumped parameters
is established to derive the train vibration signal under the condition of corrugation. The signal
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sparse representation method is used to extract and diagnose the minor fault features. The L1
norm as the regularization method is the most commonly used method at present. However, based
on this method, it is easy to underestimate the amplitude of the reconstructed signal, which may
cause large errors. Therefore, the sparse representation method based on the GMC penalty function
is used to solve this problem. The objective function is established, and the convexity-preserving
conditions of the objective function are studied. The forward-backward splitting algorithm (FBS)
is used to solve the sparse representation objective function, and the performance of the two me-
thods in reconstructing the signal is compared. The results show that the GMC penalty function has
better performance in signal reconstruction than the L1 penalty function. Then, the sparse repre-
sentation method based on the GMC penalty function is simulated and measured to verify the ef-
fectiveness of the proposed method, and the shortcomings are analyzed.
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Figure 1. Simplified model of harmonic excitation
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Figure 2. Train lumping model
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Figure 3. Sparse representation model
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FET FBS KA CP I RiRAR, #E—P,
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A, w NEEL B2 R &4
1< 2/ max {1 7/(1-7)|ATAl } (32)
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Table 1. GMC regularized sparse decomposition algorithm
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Figure 4. Artificial signal
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Figure 6. GMC sparsely represents fault signal
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2, ARPRAE S BEARIE, BT EA L.
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A 5E XN
SNR; =10log,, (SNR)(dB) (39)

DA TR (P BE A 5 (1] 5. 1] 6), HAE L1 S BRECR AR N (S S5 RMSE ic/E RMSE(LL), ¥
7£ GMC i B B4 N 15 5 19 RMSE i /E RMSE(GMC) . iZA4) B & A5 5 1)1 Mt EL (SNR) A—5.8549 dB
(1EME L RN RS o, MRS, B LK), RMSE(L1) = 0.4730, RMSE(GMC) =0.1679.
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RMSE (L1) > RMSE (GMC) (40)
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M TR R — BAE SR E E S RS S i iTIRE N 68 km/h, KK 1060 K
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Figure 8. Corrugation section signal processing
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Figure 10. Typical corrugation
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Table 2. Fault diagnosis results of corrugation
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800 M~815 m F£7E I BE i
68 820 m~845 m {F1E I % i [

850 m~935 m {F7E I % i [

AW 1) 9 B R B4 5 SR v B B AT LAy T, S5 200 m A SRR i R K EE A 800 m~861 m,
it 61 m, SIS H 1B B K FE N 51 m, ARSI I (VR 3R N 83.61%, FEARKGAIE T 7R A Rk,
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G 5 BUG R S5 72 A i 2 HLSRIR I B o A e 3 AN R 78 A R BR Ao s 00 45 A — e IS s R 4047
YRR L, 2t AR A A B T A i A — e b e R

5. B4

A VABHUE BB NI AR R, BTN 2, LA AR R SRR Y 4 T B RS R 81 4
WaEES, WG S =N, XREEAIEI LA AT, 5 DUR R4S

1) ETEIHARREAE, BRGSO ENAFRRL, MIEAFRZESRT I, SR H bR 4
SE RO SRR R R AR 7 B PRI EE A, JFJE A7 3, X EL T L1 Yl MIARAN GMC Al 311 o K 14 7
RN TP RAG 5 R, 15 GMC T R B fS 5 AT I I PEREEE 4T, T L1 T ek 3

2) T GMC 11 B B UM R R IE AT AR SRS, M EALE 5 AT S B A 14, 45 H SR AL
UM AL B, B0AE 1 BB ik A R R RIS S5 R AN 2 A I A
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