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Abstract

Aeroengine is an important component of aircraft. Its mechanical structure is very complex and
can produce strong power to support the operation of aircraft. The metal blades, which is the core
part of the whole engine, are responsible for sucking the air outside the aircraft into the combus-
tion chamber of the engine while discharging the gasoline exhaust. The blade inside the engine is
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prone to cracks, edge notches, skin peeling and other damages. This paper designs and imple-
ments an engine blade damage identification algorithm based on fast R-CNN model, starting with
the knowledge of traditional image processing and convolutional neural network. The experimental
results show the proposed algorithm can identify cracks, edge notches and skin peeling with high
identification accuracy and good robustness.
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Figure 1. Anchor frames of different sizes and aspect ratios
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Figure 2. Faster R-CNN structure diagram
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Figure 3. The training process
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Figure 4. Crack image recognition
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Figure 5. Ablative image recognition
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Figure 6. Foreign body picture prediction
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Table 1. Algorithm detection results
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