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Fig.1 Network structure diagram of SW-YOLO
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Fig.7 Two typical damage types in borescope dataset
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Table 1 Comparison of experiments before and after

CBAM attention improvement

Mean average precision  Detection speed
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Table 3 Comparison of two types of blade damage
detection results

Item Damage types Average precision
Ablation 0.759
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Fig. 10 Comparison of test results
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Mean average precision Detection speed
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Real time detection of aircraft engine blade damage
based on SW-YOLO model

HE Yuhao', CAO Xueguoz, LIU Xinliang] , JIANG Haokun', WANG Jingqiu1

(1. National Key Laboratory of Science and Technology on Helicopter Transmission, Nanjing University of
Aeronautics and Astronautics, Nanjing 210016, China;
2. Engine Division of Engineering Department, Guangzhou Aircraft Maintenance Engineering Co. Ltd.,

Guangzhou 510470, China)

Abstract: Borescope detection technology is one of the main means for detecting damage of aero—engine
blades, but currently it mainly relies on manual operation and is time—consuming and labor—intensive. This paper
proposes a SW=YOLO model for aero—engine blade damage borescope video detection. The model includes
4 modules: input terminal, backbone network, neck network and head network. Firstly, by adding a space chan-
nel attention module Spatial Channel-Convolutional Block Attention Module (SC-CBAM) to the backbone net-
work to alleviate the loss of location information and improve the ability of target boundary regression, and its av-
erage accuracy P,@0.5 increases by 5.4% compared with YOLOvS. Secondly, the structure of Feature Pyramid
Network (FPN) is improved in the neck network, and the low—level features are fused to expand the receptive
field of the model, which has a better detection effect for the smaller damage area, such as ablation, and the aver-
age accuracy is improved by 8.1%. At last, compared with YOLOvS, Faster R—CNN and SSD models, the experi-
mental results show that the average precision mean of the SW—=YOLO model has been improved about 7%,
6.2%, 6.3%, respectively, and the detection speed meets the real-time detection requirements, which is condu-
cive to improving the automation and intelligence level of aero—engine blade damage borescope detection.

Key words: Aircraft engine; Blade damage; Deep learning; Borescope detection; Object detection;

Real-time detection

Received:2023-02-27;Revised:2023-06-15.
Foundation item : National Key Laboratory of Science and Technology on Helicopter Transmission(HTL-A-21G03).
DOI:10.13675/j.cnki. tjjs. 2302058

Corresponding author: WANG Jingqiu, E-mail: meejqwang@nuaa.edu.cn

2302058-7



