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Abstract

To improve the accuracy of metro turnout equipment anomaly detection, an anomaly detection
framework based on the convolutional autoencoder and one-class support vector machine is pro-
posed herein. Taking ZDJ9 AC electric switch machine as the research object, the three-phase cur-
rent data collected during field operation are used. First, in the data preprocessing stage, to pre-
serve the time-frequency information of the original data, the short time Fourier transform is used
to convert the original one-dimensional time series data into a time-frequency matrix in this paper.
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At the same time, in order to comprehensively utilize multi-domain information, the time-frequency
diagrams corresponding to each phase of current data are stacked to form three-dimensional fea-
ture information. Then, a convolutional autoencoder is used to perform further dimension reduc-
tion and feature extraction of the preprocessed image data. Finally, the extracted features are in-
put to a one-class support vector machine for anomaly detection model training. The experimental
results show that the model combining time-frequency and multi-domain information has higher
accuracy and F1-Score than directly using the original one-dimensional time series for anomaly
detection.
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Figure 1. Basic structure of convolutional autoencoder

1. EREREF[EREN

DOI: 10.12677/csa.2022.1211254 2483 TR 5 R H


https://doi.org/10.12677/csa.2022.1211254

Rk S

2.2. EHBERwILEE

4 B 2% AT TR P 2 ST U E AT RFAE SR B ) — R 2 59%, HOAR B — Aol 2 1 5k, SRR AE
B AR AR BT R4, AR5 1R R BRZ S B Bkl b e ARGR IR RE 2 o AR R AR fRIE B 2L
FAEAZRETEO T, FIMAGERLERE, GRS T ERERNSE . B MISaE AR LR LA
IYNPEER Y GRS o 5 G 65 AR 2 T8 K — R 2 I SR BB (0 SR An it RS IE (S 2 . B AR E S
SIEEARG I 1 PR, BHE R aK GBS S AR IATT, B RUS HAR A 18R
RHESEIRE FT o AEGMASHR 73, B RRANMLAL F 4 vet 5 it i S B (R AERFAE 2 (8] o AEMRAS 070, ARPAE 25 8]
i e 5 AN s Ak AL O SR A e o R TR BRRUZ PT LA RO AR R A6 A TR 2 UURFAE -

2.3. BEIHFFEEN

PSRRI BN LS — S R R B R BRI Eds R —RREA, wT AR U s
PR ME— I FAREA RN GRS RF AL H b b el et 5 I 2 TR AT T, (A5 T 5 i T 1
IS INE A 3 a R NS uNa WA R

w-®(x)-p=0 2
THEH B0 A TR UE 7 202 IR I A b f R AR~ TP 5 o s Y R S
2
max p/|w
o 5

subjectto (w-®@(x))= p,i=12,-,N

Her, NERRINGEIEFEALE.
T R AR A 52 4 B IE PR IEREAC I LS, 77 LA B KA A B & A L — 2
HHHESE LR
. 1, 2 1
mn Y -i3-p

w,EcR™, peR

subjectto (w-®(x))=p—&,& 20,i=12,---,N

BRI SRR RS A T AT BRI i b, RAIERASS, R )15 B IR AR
it FEA3 BB AR 2 5, AR RE NS AT AS I K2 15 8 T IR RE AR o X AE 5 20 Hedie i AT 52 A TN 114
IR T HEREENE L.

3. T CAE #1 OCSVM JIEE B E M HELS

AR HE SR BAR R ] 2 s AERRLUIZRIY, ACBRRARAN R B4, HIRMGEE RIS
5 0 I (e L P AR AT BT IS I AR S A 22 ) R € [ R Bt R R € [T AR E A A 0T L PR AR FEE 1
IR =SS, FE M A K, R AR5 15 21 B0 60 8 SR da A i B 2 RO L Il A\ 3
LR A S a AT B e, TR G B gD A P RIS I RAE s A, KGR E A AR R
THRFIE S B NS AL, A RNE R AR . IR ERER, Hoe, Xt
RPN EE BEAT RS B, 25, B IZR R 15 2 1 gt as B0 Bt B2, ), A5 gnhtas 44k
Ja R i N B S ARG AR R e AT

3.1 BHESENA

ZDJ9 1) it i 2R 48 B 380V —AHACUR LI AL BRI C =AHHR, W& 3 foR. Heid #2 ] Loy
NUANB B

(4)

DOI: 10.12677/csa.2022.1211254 2484 TR 5 R H


https://doi.org/10.12677/csa.2022.1211254

N

| wumam SRR

l :_Tﬁ&:? YeEwSL= T
|

|

| n

I =H | ~

L1 ane -

e ,

L |

I — — ,

I \ L

I

: L ]
|| e s :
l\fy-—"7"-~-~~—F7""""F""™""""""""™""=""™""™"/"™"™"™""™"™"™"/"™"/"™"&/W~™"™"&/"™"™"/"™/"™/"™7
H BRI G '

I At |

¥ S G i | e
P ' , FRyep e AT FE0R
X L [TE%es « SE i i 2

| -

:I HEAE : ol
d::::::::::::::::—::::::::::::::q:::::::::::::::::::::::::::_

—_————— e

B =, EERERN

|
|
|
| OCSVMY) %4
|
|
|
|

1: IEH/0: s

Figure 2. Anomaly detection structure of turnout based on CAE and OCSVM
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Figure 3. Three-phase action current curve of ZDJ9 AC electric switch machine
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Table 1. The convolutional autoencoder network structure used in this paper
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Figure 5. Convolutional autoencoder loss function value changes with the number of iterations
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Figure 6. The reconstruction of the input data by the convolutional autoencoder
(left: input, right: output; top: action current map, bottom: time-frequency infor-
mation map)
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