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Interpretable method for mechanical fault diagnosis based on condition
metric transfer learning

Lu Feiyu',Tong Qingbin'?, Jiang Xuedong',Xu Jianjun', Huo Jingyi'
(1. School of Electrical Engineering, Beijing Jiaotong University, Beijing 100044, China; 2. Key Laboratory of
Vehicular Multi-Energy Drive Systems ( Beijing Jiaotong University) , Ministry of Education, Beijing 100044, China)

Abstract : Transfer learning techniques can reduce the distribution difference between source and target domain features. However, in
cross-device scenarios, existing research is often difficult to measure and reduce the differences in the conditions of data between different
devices, resulting in the knowledge obtained by the model in the source domain cannot be migrated to the target domain. Additionally, in
real-world failure diagnostic scenarios, decision-makers usually need to understand why the model classifies a specific type of fault. Due

to the complexity of deep learning models, they are often seen as "black boxes,"

making it difficult to explain their internal workings.
To address these issues, an interpretable fault diagnosis method based on conditional metric transfer learning is proposed. Firstly,
Hilbert envelope spectrum analysis is used to convert time-domain signals into frequency-domain signals. Secondly, a deep twin
convolutional neural network and classifier are built to extract high-dimensional features from both source and target domain data in the
frequency domain and perform classification training. Then, the interpretable Conditional Kernel Bures is embedded into the loss function
of unsupervised learning to enhance feature adaptation and model interpretability under conditional distribution. Finally, the SHAP
method from game theory is used to conduct post-event interpretable analysis of the model diagnosis results based on the envelope
spectrum. Tests were conducted on 12 cross-equipment bearing fault diagnosis tasks across three types of mechanical equipment,

evaluating the proposed method against other related methods. The results show that the proposed method could effectively improve the
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accuracy of cross-equipment mechanical fault diagnosis, achieving an average diagnostic accuracy of 99.47%. It also identifies which

frequency points played a crucial role in the model’s decision-making process.

Keywords : condition metric; mechanical fault diagnosis; transfer learning; SHAP
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TR 27 ) B B AL b, R e R X (E 22 S 45K pR R
( maximum mean discrepancy , MMD ) F1 X 5t 2 > Il &, 52
BT L A B B A B2 WA 55 Sy i 28 I DR Ao
He 5 k5T

2) WXL F B & W R 4% (deep adversarial
subdomain adaptation network, DASAN) , DASAN J& & ¥t
2 —FP RS AL I W IR B A A T A R A
KRB T B R B B B2 T

3) ~5) TEAS S I EAESE S | i Sl 5T 461 2K R
Bl By MMD | BB 5 die R 29 (H 22 53 450 2K BRI (joint
maximum mean discrepancy , JIMMD) L4 K F i & K {H 22 5+
K PREL (local maximum mean discrepancy, LMMD) . M
X EE CKB 45 2% RECTE T $12 75125 B i AR P

AR F T80 AT 95 BOE , BT 38 XS A i 12
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A=6 FifE45, HAERUL, —HHF A—>B,A—C,B—A,
B—C,C—A,C—B 6 FES B i 2T 55, L A—>B
Uh, TR PR ROk A TR A, H ARk A T
# B, SEEEURAEBOE T, S5 CHR[ 20 ], O 1 kA KL
P A5 2 | ARSI 14 58 5 M 24 ) 43 DI 5 4 Al 3 4
BEREASHC B D 1200 4> rd . Pl R Al i 4 1y
PRy 0.5, st 2 11 25 4R R0 2 1 A AR Bl i 4 oy
4x500, TESLH LR, Ry T R AR AL S | S ) O 2%
T 7 AR R 5 YRS 1) Y (R AR o 25 4 g die &
HIIZIIEE R . TEANAY 28000 8 40 : Ranger f b S5 80
RRANTE S v A R 2o 72 vh S 8O B i D RE R, B 2Rk
B 200, HEAEER/N A 128, Hemz 2] R g 0. 002, 1.2 F
FIRFRECN 0. 005, SLHAEEICA ik b AT, A FES A
AMD Ryzen 95 900HX with Radeon Graphics, 3.30 GHz,
GPU >4 3080,16 G, python 3.9. 13, pytorch 2. 0.0,
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WAL S5 h s Witk i, R T 3 Fhvkge PEAL 45
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score, F1)FIHZE T m AL (area under curve, AUC), N T
B 1R PRI SE g0 1R 25 SR 5 USSRV S (B AR 1 22 | ik
FEIZWRG E Ge it & SR an g 3 R,

M 3 ATLAE M S 10 Y 5 B SE B T o e 1Y 2 WK
B MORE BE N 99. 47% ,A—C,B—C,C—A 115 L
MRS WO EE ] 100% ,ARifEZEN 0, KW T BT ikl
WA 2 B Y S T RE

DCTLN J5iE7E 6 FiE AL 55 L iV 22 Wik i
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) 5 TERR M IE RS AT 55 v Xt ) SR XA AL 5] 1 171
ERMER, WATS5 C—A HIBWIRERE R 50%
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DCTLN A2 RS B | 32 R DASAN 7€ DCTLN A&
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FAT B A AL T 43 AT, T L R M 2 i B 15 i B 12 W T
JE o XS I A A TR B AT 55, 5 R S R A
RSO R RN E RS AT 55 28 B S A BEAY AN Qg 5
AU Sl AR5 F A S s B | rUE S .
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P A2 W J7 2 0% i E0 RO AR B, 25 R A 5 R .
AR Y FRHAd T b 7 A L, A8 SO 7 AT AR AT B 6
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He/N Rl Bg e K, X2 T CKB % 8 T 440 i
HFIME B R T A SO R E X e RE SR L
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Table 3 Test results of various methods in cross-device fault diagnosis tasks
BTSSRI A—B A—C B—A B—C C—A C—B FH{E
DCTLN Ace 84.86+6.79 63.62+10. 12 58.31+7.74 76.87+18. 43 50. 00+0. 00 92.91+14.25 71. 10
F1 0. 82+0. 10 0.59+0.07 0.47+0. 10 0.75+0.19 0.47+0. 04 0.92+0. 17 0.67
AUC 0.90+0. 05 0.76+0.07 0.72+0. 05 0.85+0. 12 0.67+0. 00 0.95+0. 10 0. 81
DASAN Acc 97.39+2. 50 99.30+0. 70 76. 82+6. 60 98.96+1.53 79.74+12. 15 99. 63+0. 83 91.97
F1 0.97+0. 03 0.99+0. 01 0.70+0. 10 0.99+0. 02 0.79+0. 14 1. 00+0. 01 0.91
AUC 0.98+0. 02 1. 00+0. 00 0. 85+0. 04 0.99+0. 01 0. 86+0. 08 1.00+0. 01 0.95
MMD Ace 91.70+4. 33 100. 00+0. 00 99. 66+0. 38 99. 89+0. 25 92.30+12. 06 97.14+1.95 96. 78
F1 0.91+0. 05 1. 00+0. 00 1. 00+0. 00 1. 00+0. 00 0.91+0. 16 0.97+0.02 0.97
AUC 0.94+0. 03 1. 00+0. 00 1. 00+0. 00 1. 00+0. 00 0.95+0.08 0.98+0. 01 0.98
JMMD Acc 87.50+5. 60 100. 00+0. 00 91. 11x10. 06 100. 00+0. 00 93.76+8. 46 95.84+1.97 94.70
F1 0. 86+0. 06 1. 00+0. 00 0.90+0. 12 1. 00+0. 00 0.94+0. 09 0.96+0. 02 0.94
AUC 0.92+0. 04 1. 00+0. 00 0.94+0.07 1. 00+0. 00 0.96=0. 06 0.97+0. 01 0.97
LMMD Ace 87.97+5.92 94.05+13. 30 94.35+4. 45 100. 00+0. 00 99.97+0. 04 89.99+6. 56 94. 38
F1 0. 87+0.07 0.93+0. 15 0.94+0. 05 1. 00+0. 00 1. 00+0. 00 0.90+0. 07 0.94
AUC 0.92+0. 04 0.96+0. 09 0.96+0. 03 1. 00+0. 00 1. 00+0. 00 0.93+0. 04 0.97
AT Acc 97.61+2.09 100. 00+0. 00 99.39+1. 36 100. 00+0. 00 100. 00+0. 00 99. 82+0. 14 99. 47
F1 0.98+0. 02 1. 00+0. 00 0.99+0. 01 1. 00+0. 00 1. 00+0. 00 1. 00+0. 00 0. 995
AUC 0.98+0. 01 1. 00+0. 00 1. 00+0. 01 1. 00+0. 00 1. 00+0. 00 1. 00+0. 00 0.997
® Source 0 v Source 1 Source 2 Source 3
X Target_0 + Target_1 Target_2 Target_3
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Fig.5 Graphs of t-SNE visualization results

(f) Proposed method
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Table 4 Summary table of Wasserstein and cMMD

results for different method

Frik Wasserstein [ B Sl R 2 5
DCTLN 0. 165 506 806 0. 000 494 510
DASAN 0.214 376 925 0.001 308 235

MMD 1.177 033 163 0. 084 701 472
JMMD 0. 835 665 316 0. 018 384 900
LMMD 0. 126 338 644 0. 000 482 013

ES IS 0. 055 603 957 0. 000 156 746
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Fig. 6  Graph of ablation test results
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Fig. 8 The graph of the performance results of the model

under different signal-to-noise ratios
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153 A1 22 S R IR A - PRI 254 18] 8 s . i it 34
R R T DURS 045 B oA 22 S AR

(2) ZREE A HBFGEEE (U Wasserstein [
BSR4 22 5 ) et AR AN B AR 2 1) Y 25
IS, LRG 6 PN AT AT 55 T R oA 22 55, O
/N [ P i B S S X I RS TSR,

(3) PEREITAL , XA [ M P i B A YRl — A gl
It VPG T AT 7 ik A B B2 W A %

2) G35

FA 03 A 22 S S TR AR A 35 &l 9 Jis .
FTLAFE Hh B TP 5iR 88 ) 1, 8080 =2 ) F) 2 A2 0 A 22
SR, iR E 9 iz Witk fE kA, B E 80%
IS WOHE B2 A Foe A0 I {1, DA 17T 5 A M 7 (9 0 7 25 5 1R
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Fig. 9  Analysis diagram of the limiting conditions of the

proposed model
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Fig. 10  Local sample interpretable while analyzing results of SHAP method on C—B migration task
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