IERZEFR

Chinese Journal of Engineering

T 1) K Tl A =3 R B IR S i B Wi Oy iR 43R
THEM FF Faa LU
A survey of data-driven fault-diagnosis methods for large-scale industrial production processes

YU Qianxiang, LI Qing, LI Linlin, WANG Yixuan

FIHASL:

T, B, RO, TSR T 1 ORI Tl A i R A S RS RS Wi IR ZRIR D). JERR . TR a2, 2025,
47(4): 780-793. doi: 10.13374/j.issn12095-9389.2024.05.24.002

YU Qianxiang, LI Qing, LI Linlin, WANG Yixuan. A survey of data—driven fault—diagnosis methods for large—scale industrial
production processes|J]. Chinese Journal of Engineering, 2025, 47(4): 780-793. doi: 10.13374/j.issn2095-9389.2024.05.24.002

TEZR R View online: https://doi.org/10.13374/j.issn2095-9389.2024.05.24.002

LT ARG H A SCEE

Articles you may be interested in

BT AN M 22 I 2% (TR S R RE SRR Wy ik
Intelligent fault diagnosis method for rolling bearings based on flexible residual neural network

T ARl 2025, 47(3): 480 https://doi.org/10.13374/j.issn2095-9389.2024.06.24.006

HETKPCA-MTCN BB T Tt S e 2 W

Lithium—ion battery fault diagnosis method based on KPCA-MTCN

TRERRF2E. 2024, 46(12): 2297  https://doi.org/10.13374/j.issn2095-9389.2024.01.30.001

— G ] -RWMKE-ELMA B2 Wit

Research on an improved ]P —RWMKE-ELM fault diagnosis model

TRERFE2AR. 2022, 44(1): 82 hitps://doi.org/10.13374/1.issn12095-9389.2020.07.09.001
HETWOA-VMD-5 PSO-SV M 5 FL it P At e a2 W 7 i

Research on internal short—circuit fault diagnosis methods for lithium—ion batteries based on WOA-VMD and PSO-SVM
TAERlF2AR. 2023, 45(12): 2162 hitps:/doi.org/10.13374/1.issn2095-9389.2022.10.04.004

— L T A 2 I 285 ) R R X AR BRI 2 W 5 T
Fault diagnosis of high—speed train wheelset bearing based on a lightweight neural network

TAMRIEAR. 2021, 43(11): 1482 hitps://doi.org/10.13374/).issn2095-9389.2020.12.09.001
FETURBE S > i el 75 U AT A U T 8 AR B iR

Deep learning based actuator fault identification for hypersonic vehicles: A zero—shot case

TRERIF2AR. 2024, 46(9): 1613 https:/doi.org/10.13374/j.issn2095-9389.2023.09.27.001


http://cje.ustb.edu.cn/
http://cje.ustb.edu.cn/
http://cje.ustb.edu.cn//article/doi/10.13374/j.issn2095-9389.2024.05.24.002
http://cje.ustb.edu.cn//article/doi/10.13374/j.issn2095-9389.2024.06.24.006
http://cje.ustb.edu.cn//article/doi/10.13374/j.issn2095-9389.2024.01.30.001
http://cje.ustb.edu.cn//article/doi/10.13374/j.issn2095-9389.2020.07.09.001
http://cje.ustb.edu.cn//article/doi/10.13374/j.issn2095-9389.2020.07.09.001
http://cje.ustb.edu.cn//article/doi/10.13374/j.issn2095-9389.2022.10.04.004
http://cje.ustb.edu.cn//article/doi/10.13374/j.issn2095-9389.2020.12.09.001
http://cje.ustb.edu.cn//article/doi/10.13374/j.issn2095-9389.2023.09.27.001

TARRRE, 5 47 4, 5 4 1: 780-793, 2025 4F 4 /]
Chinese Journal of Engineering, Vol. 47, No. 4: 780—793, April 2025
https://doi.org/10.13374/j.issn2095-9389.2024.05.24.002; http://cje.ustb.edu.cn

T i) RO Tl A 7= e R A 28000 SR s B2 W 7 VA 2504

THEMY, £ FEE Fa, 20D

1) dERURE R 2 [ k2B, bt 100083 2) Tollad B AR [ 3 Ak 20 F TR A S 5 S, db At 100083
BRI {F/E#, E-mail: liging@ies.ustb.edu.cn

B RETRE TAE =S Bl AR 2N TR, B2 Wikt SRR Tl 2 7= #2192 & T FEis 47 5 5L it
AR AT T S BRI BN R S — R AR, A D s g . SRR DL R 2 URAE B, R T RS I A A
RS, REASAT RCHR FHB BRI 5 U A VB SR AR, 1958, AR SCREE T BB IR S AE AL TR is Wi vk, BB T ES
ARBE . SR . Bt TS R GRS T T s, AT R A BhAS | AR AR R A AR R A, b — gk
TEh&ZuGit. FasBPHR . PRI 2 > FAZ 23 [RIBGE SE T2 W 5 k. LR, A28 T RS Tolk A 7= R 9 43 A =U i e 12
Wiy . DN FR G604 43 A A5 R R 3 A S AL S W 45 Hh %, 43 B B3R 192007 T 7E R 843 A VBRI T« A Sk 2 AT DA B — Bk
75 = AT R St . 43 AR RS Wi R W I BE A R A 2T, (AT R IT T ARYE H B RS T ot s T
ARAS AT 2 A PR BE T, 78 AR Tall A 7= 2o R A 00 A S e a2 W v ELA P 3. B, B2 T O R 3h B o A U e 12
W5 2 (R SR I, I e e P e R A AT L R RIS W B 2 e S D T 1 R SR A

X KBRS SRS B Rsl; SRR A=

S¥ES  TP277

A survey of data-driven fault-diagnosis methods for large-scale industrial production

Pprocesses

YU Qianxiang", LI Qing'®™, LI Linlin"®, WANG Yixuan"

1) School of Automation and Electrical Engineering, University of Science and Technology Beijing, Beijing 100083, China
2) Key Laboratory of Knowledge Automation for Industrial Processes (Ministry of Education), Beijing 100083, China

DXCorresponding author, E-mail: liging@jies.ustb.edu.cn

ABSTRACT Fault diagnosis for large-scale industrial production systems has attracted considerable research interest in response to the
complex, multisource, and precision requirements of these processes. Fault diagnosis is crucial for the safe, reliable, and real-time
maintenance of industrial production processes. This work presents a comprehensive survey of fault-diagnosis methods and emphasizes
two cornerstone strategies: data-driven paradigms and distributed methods. Traditional fault-diagnosis methods based on mechanism
have limited applications because precise modeling of the systems considered is required. Data-driven approaches avoid the dependence
on precise modeling; thus, the research focus on fault diagnosis for industrial production processes has gradually shifted from
mechanism-based to data-driven methods that integrate historical data, real-time data, and multisource information to enhance the
accuracy and efficiency of the fault detection and identification approaches. A comprehensive overview of data-driven fault-diagnosis
methods is given in the first part of this work. Specifically, smooth data from industrial processes is collected and used for fault
diagnosis. The internal state variables may continuously change, and accompanied with time correlation among the process

measurements. Integrating data-driven and dynamic analyses, necessitated by the dynamic nature of the process variables, offers a more
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accurate representation of system behavior. This can be achieved through the introduction of time-series modeling in basic multivariate
statistics and the capture of dynamic properties by subspace identification. Furthermore, deep learning and kernel methods address
nonlinearity, and non-Gaussian traits are tackled by independent component analysis (ICA) and other methods. Second, distributed fault-
diagnosis methods for large-scale industrial production processes are reviewed. The usual fault-diagnosis methods for large-scale
systems rely on centralized sensor network monitoring. Centralization necessitates consolidated data processing, which can create
immense computational stress. Applying distributed fault-diagnosis methods spreads the monitoring capacities among all the subsystems,
enabling each subsystem to independently assess its safety and performance based on its own data and interactions with neighboring
subsystems. The latest advances in system decomposition and data fusion, correlation analysis, and consensus mechanisms are
elaborated on subsystems based on the distributed structure and sensor networks in large-scale systems. System decomposition focuses
on the local features of each subsystem although adopting a purely subsystem-centric approach to data processing often leans toward
decentralization, in contrast to the essence of distribution. Thus, the effective integration of data is critical for achieving comprehensive
information about large-scale systems. Correlation analysis examines the intricate relationships among subsystems or nodes. It elucidates
mutual interactions and uncovers dependencies and influences. Meanwhile, consensus analysis focuses on the communication topology
of the nodes, ensuring that all nodes converge to a unified data state at any instant. Finally, the practical applications for evaluating the

performance of distributed data-driven fault-diagnosis methods are summarized. The potential trends are also highlighted, including

qualitative and quantitative methods integration, improved diagnosis robustness, and data security assurance.

KEY WORDS large-scale systems; fault diagnosis; data-driven; dynamic properties; distributed approach
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Table 1 Standard cases and practical processes for evaluating fault-diagnosis methods for large-scale systems
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