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Interpretable triple feature extractor transfer network for intelligent fault diagnosis
of mechanical equipment under variable working conditions
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Abstract: To address the limitations of deep neural networks in terms of interpretability and the inability of current interpretable networks to
perform cross-domain diagnosis tasks, this paper proposes an interpretable triple feature extractor transfer network(ITFETN). For the
interpretability challenge, a multi-layer sparse coding model is established, and its iterative solving algorithm is derived. By unrolling the fast
iterative soft thresholding algorithm, an equivalent network form of the sparse coding model soving algorithm is obtained. This equivalent
network then serves as a feature extractor, forming an interpretable algorithm-structure-equivalent network. To tackle the problem of cross-
domain tranfer diagnosis, a triple feature extractor strategy is constructed. This strategy is designed to extract the shared features from the source
and target domains, as well as their respective private features. Based on the concept of feature adversarial learning, a loss function for the
transfer diagnosis task is designed for the effective training of ITFETN. This effectively extracts shared features with minimized distance
between the source and target domains for cross-domain diagnosis, thereby achieving interpretable transfer diagnosis tasks. Experimental results
demonstrate that ITFETN exhibits improved average accuracy and robustness in two case studies compared to benchmark methods. This

confirms its effectiveness in achieving interpretable cross-domain diagnosis.
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2296 P, DA ek 20 1] 22 555 MIMID A, J2 45033 [ 3
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Tab.3 Diagnosis accuracies of different methods for transfer diagnosis tasks in bearing dataset of CWRU (Unit: %)

EB WS LBP-Net ML-LISTA All-Free-Model DANN Coral MMD ITFETN
T, 94.66 91.55 94.76 92.70 96.18 91.46 97.76
T, 95.93 94.67 92.12 90.81 94.99 96.33 97.47
T, 97.24 92.32 92.32 94.99 94.81 91.48 98.41
T, 93.18 91.38 92.32 89.83 92.75 92.68 97.21
Ts 96.42 96.51 93.07 96.04 90.64 95.54 99.37
Ty 96.51 95.09 93.65 94.71 93.57 95.16 98.88
T, 95.47 92.12 91.63 93.32 95.17 90.84 97.36
T, 96.67 93.54 96.38 95.59 95.87 92.22 98.41
T, 98.35 95.97 95.93 89.33 93.54 92.77 99.40
Ty 95.65 90.92 91.87 91.65 92.40 94.66 96.91
T, 94.62 94.38 95.27 91.28 95.87 96.26 97.78
T, 97.76 95.15 94.69 91.72 94.85 96.51 99.50

FHIME 96.04 93.63 93.67 92.66 94.22 93.83 98.21

R4 ARITFBEEFMRER X HRBERTELEAES T S HERR(BAL: %)

Tab.4 Diagnosis accuracies of different methods for transfer diagnosis tasks in wheelset bearing dataset of Soochow University

(Unit: %)
EB WS LBP-Net ML-LISTA All-Free-Model DANN Coral MMD ITFETN

Q 89.90 91.16 82.89 85.47 91.13 84.97 94.87

Q, 95.07 90.81 87.52 94.35 93.95 86.89 97.69

Q; 96.62 90.85 89.72 91.87 93.22 86.74 98.23

Q, 90.93 85.16 84.35 91.09 94.89 94.45 95.53

Qs 97.10 93.17 92.10 93.17 94.71 90.71 98.82

Qs 9431 89.19 90.67 93.59 91.32 86.44 98.00

Q, 92.74 89.73 86.18 91.02 94.11 92.93 95.97

Qs 93.58 84.56 88.37 91.03 87.41 94.18 97.43

Q, 94.36 93.35 91.94 93.62 90.72 89.68 98.71

Quo 93.46 92.41 82.89 88.25 88.33 93.07 96.82

Qn 90.66 85.83 82.38 85.33 93.13 92.22 96.17

Qu 96.58 93.63 94.30 94.59 89.05 93.22 99.07

FHIE 93.75 89.99 87.78 91.12 91.83 90.45 97.28
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Fig. 10 Confusion matrixes of different methods for transfer diagnosis task Q, in wheelset bearing dataset of Soochow University
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