%910 S F ¥ M Vol. 51 No.9
2023 4E9 ACTA ELECTRONICA SINICA Sept. 2023

FT IR 7 TR RS Ik

FERAEF,FEM AR, K A
(T PRKRF, TEIK 404100)

WOE: A TSRS W A R B SR AR TR, AR A D B [, I Y 2R AR B2 W i 4Th
AT R BEBAR A , A SCER T — S Pl B2 S AR B I2 W 7 v . 8 2 L 2o o BTk M 7 —A>
i TR E BRI i ) B S T B ROIR SR A A U A I AR B R IE R W A R AR B AR 2
) R R 3 3 e 5 3 A T R I e 28 A e s iy i 2, I LA R R RS 3 B AR IR R . I S Ak
JRE 2 2 ST R SEORT E Arda i ) A A A B A I R S5 2R R A e S SRR AR (R 2 . S
VG -T2 L 72 (Tennessee Eastrman Process, TEP) $UE4E | 5256 X A SC 7 vk A H A AR A S B i2 W 7 3k 64T X0 T, 5K
Y5 2% BLBSIE T AR S ¥ X T AR A e 6 0 %) A 0

KB WEISW AR T A 2T s R I ) R s

EE&WA: FTREATRIEFERIAA T H (No.cste2021ycjh-bgzxm0028 ) ; T PR A+ H (No.cste2021ycjh-
bgzxm0028) ; B F AL F 54 1 110 H (No.1010200720170220)

hE SRS TPIS3 XHERARIRED: A XEHS: 0372-2112(2023)09-2572-06

F F 23R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20211681

Zero Sample Fault Diagnosis Based on Transfer Learning
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(Chongqing University , Chongqing 404100, China)

Abstract:  For the problem of difficulty in collecting equipment fault data and the shortage of target fault samples in
industrial fault diagnosis, existing zero sample fault diagnosis method still depends on the fault datasets, a zero sample fault
diagnosis method based on transfer learning is proposed. Through the classic PCA (Principal Components Analysis) algo-
rithm, a discriminant attribute extractor applied to source domain and target domain is constructed, to extract the potential
fine-grained feature representation of source domain data samples as a bridge for knowledge transfer. The shared fine-
grained base group of all known fault classes is obtained from the source domain fault data and transferred as knowledge to
the target domain fault representation. The discriminant matrices of source domain and target domain are learned from the
shared fine-grained basis group, thus the discriminant characteristics of each domain are constructed. Finally, the discrimi-
nant attributes are used to realize zero sample fault diagnosis. Based on the tennessee-eastrman process (TEP) datasets, the
proposed method is compared with other zero sample fault diagnosis methods, and the experimental results illustrates the ef-
fectiveness of our method for zero sample fault diagnosis.
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