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A Prediction of Number of Faults in New Mechanical Equipment Based on

Deep Transfer
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Abstract In view of the problems that samples are limited in size and difficult in establishing a deep model
for predicting the number of faults to evaluate the support performance of new mechanical equipment at
the stage of testing and identification, a Score evaluation index is proposed by adopting the “transfer learn-
ing” method. Large scale mature equipment data was used to assist in training the new equipment fault
prediction model. Starting from the perspectives of samples, features, and models in transfer learning,
with a focus on deep model-based transfer, this study conducts research on predicting the number of
faults. The example shows that the precision of the fine-tuning based model deep transfer has increased by
46.55% and 164. 87% respectively in the root mean square error and Score, while the standard deviation
has decreased by 86.71% and 91.41% respectively. Far superior to the prediction methods based on sam-
ple and feature in design applications of transfer learning and seven typical comparative models, the data-
driven advantages of deep learning are fully utilized. With better performance in prediction accuracy, effec-

tiveness, and stability, it is conducive to evaluating the support performance of new equipment and promo-
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ting the construction of equipment test and evaluation.
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Fig.1 Diagram for predicting new equipment malfunctions
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Fig.2 LSTM neural network architecture
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Fig.3 Processes of attention mechanism
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Fig. 4 Model based transfer learning
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Tab.2 Performance comparison of prediction methods under

model integration
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FM-JDA 23.400 3 —11.15 9.797 7 —25.40

FT-DM 24.476 1 —7.07 7.686 3 —41.48
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Fig.9 Training curve under traditional deep learning methods
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