Journal of Image and Signal Processing B 5155 40H, 2025, 14(4), 422-428 Hans X
Published Online October 2025 in Hans. https://www.hanspub.org/journal/jisp
https://doi.org/10.12677/jisp.2025.144039

A E R B RS ERNEHIERSEN P
F‘ AR

IERK, KRR
Je R A 2E b, db

Wk H . 20254F8 H24H; FHEM: 20254F9H14H; KA HI: 20254F9H25H

HE

PUEBME ™ EBRM R ITZE, AR LSRRI EE SEBRIRIGE R, ZTIRSWIERS
B HARF IR A LM KRBT ZRA, 0% B 7 5 R IT KRR M B 2R E
B, AXRGLR T 2 TIRE S RN R 553 BT 25 RSB IRSPRSEIN F IR . Bk, K
PR AEFRE, WETHREEIMN EFFIRERNITEET 22BN, BEER T XE Tk
FEPUE SR F AR h i BRI, HIRASRIT T I 18] 51 53 T AR B AR A S A S A o T O ) ) R 5k
i, BRJEXARRBT T TAERATRE.

XK ia

WEES, WEFS, FER

Deep Time Series Anomaly Detection and Its
Application in Track Anomaly Detection

Yuxin Wang, Changlun Zhang*

School of Science, Beijing University of Civil Engineering and Architecture, Beijing

Received: August 24, 2025; accepted: September 14, 2025; published: September 25, 2025

Abstract

Track defects pose a serious threat to high-speed rail operational safety. Traditional manual inspec-
tion methods struggle to achieve large-scale, rapid identification. Vibration-based track condition
monitoring technology, with its low cost and real-time monitoring advantages, has been widely

IR

SCESIF: BRI, TR BREEI a5 57 8 AR FUE R ZSAGI  ( RE W TE D). R S 15 5 A EE, 2025, 14(4):
422-428. DOI: 10.12677/jisp.2025.144039


https://www.hanspub.org/journal/jisp
https://doi.org/10.12677/jisp.2025.144039
https://doi.org/10.12677/jisp.2025.144039
https://www.hanspub.org/

FEK, KK

adopted. Developing efficient detection algorithms for such time-series data is of critical importance.
This paper provides a systematic review of time series anomaly detection methods based on deep
learning and the application of deep learning in track vibration time series data. First, the paper
categorizes and introduces time series anomaly detection methods based on deep learning accord-
ing to the type of learning task of the model. Subsequently, it reviews the specific applications of
these methods in track anomaly detection. The paper then delves into the challenges and issues faced
in time series anomaly detection applications for track anomaly detection. Finally, it summarizes
and outlooks future developments.
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