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Design and implementation of the blade profile detection
system based on computer vision

Yang Yadong',Liu Peng’, Zhou Guangliang' ,Chen Qijun', Li You’

(1. College of Electronics and Information Engineering, Tongji University, Shanghai 201804, China;
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Abstract: The review of aero-engine compressor blades is an indispensable part of its development cycle. To improve the traditional
manual blade review process, which is time-consuming, laborious, and highly uncertain, an engine blade profile detection system based
on computer vision is designed. Firstly, to achieve the blade measurement of three-coordinate detector commonly used in industrial
production, the batch image extraction for portable document format is completed. The out-of-tolerance judgment of blade image is
completed by using color maiching and Hough transform. Secondly, for the blade image within tolerance, color matching and
morphological operators are used to enhance the blade image, which improves the ratio of valuable information. A residual network is
trained to complete the task of morphological anomaly detection of the blade edges. Finally, to facilitate the labeling task on a massive
image dataset, a universal image classification and labeling program is designed, and a blade quality detection program is designed to
verify the effectiveness of the system for blade out-of-tolerance judgment and anomaly recognition on the blade image dataset. The
experiment shows that the accuracy of the system for identifying anomalies in blades with or without out-of-tolerance reaches 100% and
92.9% , respectively, which could satisfy actual needs of industrial production.
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Table 1 Major evaluation parameters of blade profile
s SHH %

1 H% KJELBE (MAX THICK)
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4 # < (CHORD) (a) Crooked (b) Shrinked (c) Pointed
5 i % X (STACK X) Toamm TRAER| FAEE
6 {1 B Y(STACK Y)
7 {PIERE(SFT T)
8 i1 (BOW TOTAL)
9 BB M (ALT WARP) N . N
10 258 BB (LP) (d) 7% (o) A (H Y04

(d) Flattened (e) Swollen (f) Cut
11 FRGHAERREE(TP)
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Fig.2 Diagram of morphological anomalies
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Fig. 1 Profile drawing of a certain section
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Fig.3  Flowchart of the blade anomaly detection algorithm
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Fig.4 PDF page extraction rendering
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Fig.5 Out-of-tolerance detection rendering
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Fig. 6 Blade edge preprocessing rendering
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Fig. 12 Precision and recall curve of anomaly recognition
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Fig. 13 P-R curve of anomaly recognition
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Fig. 14  Confusion matrix of anomaly recognition
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Fig. 15 Partial enlarged images of anomaly detection results
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