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Research on small-sample turbine blade
defect identification based on feature embedding

JI Jiaping, HE Fugiang, XIE Dan, ZHOU Yang, SHI Guang

(School of Mechanical Engineering, Guizhou University, Guiyang 550025, China)

Abstract: Defects in aero—engine turbine blades affect engine reliability and service life, and automated defect detection based on
computer vision and deep learning technologies is of practical importance. However, the highly unstructured environment of turbine
blade image acquisition and the substantial variation in defect forms pose challenges to accurate defect identification. To address these
issues, a deep feature embedding prior network is proposed. The core of this approach involves introducing a feature embedding layer
with defect shape prior knowledge to accurately capture the shape characteristics of defects, thereby improving the classification
accuracy of the model under small sample conditions. Experimental results demonstrate that the proposed method achieves superior
performance in small sample turbine blade defect recognition tasks.
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Fig. 1  Architecture diagram of deep feature embedding prior

network
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Fig. 2 Schematic diagram of residual convolution layer
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Fig. 3 Schematic diagram of spatial attention module
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Fig. 4 Feature selection module
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Fig. 6 Change of loss function during model training
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Fig. 8 Accuracy variation curve under different optimizers

HEB R/ %

20 40 60 80 100 120
Epoch

B9 ARFIXZTHEBREZHHE

Fig. 9 Accuracy variation curve under different learning rates
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