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Cross-grained recognition method for aircraft sheet metal
parts based on machine vision
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Abstract : Aircraft sheet metal parts need to be painted after forming. The classification and recognition of a large number of different
kinds of sheet metal parts after batch painting has been performed manually, which is a tedious and difficult work. An image-based cross-
grained recognition method for aircraft sheet metal parts is proposed to deal with this tough problem. A specific image collection platform
is designed and constructed to take the images of the sheet metal parts in both top and side angles. The images of the sample parts,
together with the extracted ten-dimensional ( 10D) feature vectors composed of shape factors and invariant moments, are stored in a
database for the later use of recognition. According to the features of numerous kinds of sheet metal parts and the existence of groups of
sheet metal parts with high similarity, the coarse-grained recognition method is designed. Through traversing and comparing the 10D
feature vectors, the 2 candidate targets of the given sheet metal part to be recognized with top similarity are found from the database.
Then, the fine-grained recognition method, which is a man-machine cooperation process, is used to achieve the finally recognition of the
expected sheet metal part. In the experiments on 20 different kinds of aircraft sheet metal parts, the proposed method achieves a
recognition accuracy of 96. 0% , and the whole recognition procedure is simple, convenient and efficient.

Keywords :image recognition; shape factor; invariant moment; cross-grained recognition; sheet metal part
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Fig.1 Different kinds of aircraft sheet metal parts after painting
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Fig.2 Digital models of high similarity aircraft sheet

metal parts
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Fig.3 Basic flow chart of the recognition method of

sheet metal parts
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Fig.4 The image collection hardware structure
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Fig.5 The side view image of the sample sheet metal part

in the database after processing

(a) TR TS BB R

(a) Compositeimagebeforealignment

(b) XI5/ B BUER

(b) Compositeimageafteralignment

K6 Sei A P S L 5 | A 5 R 15
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Table 1 Coarse-grained feature data and relative Euclidean distances of the sample SMPs and the SMP to be identified

F

P, S, s, s, S, S, S, S, S,

A(X10°) 4.752 4.750 4.744 3. 068
Mbb(x10°) 8.752 8.823 8. 691 17. 837
Pe(x10%) 5.131 5.133 5.248 6.013
La(x10%) 1. 506 1.473 1. 490 1. 985
Sa(x10%) 0.459 0.465 0.456 1. 003
MO(x10%) 8.209 8.201 8.123 11. 305
Hu, 6.234 6.212 6.219 5.109
Hu, 12. 675 12. 629 12. 645 10. 606
Zy 0.115 0.117 0. 120 0. 167

Zy 0.536 0. 490 0. 456 0.271

D; - 0. 002 0. 059 3.236

Se; /% - 99. 99 99.77 87.43

3.065 6. 462 6. 463 0. 340 0.341

17.921 21.300 21.422 0.514 0.523
6.078 6.516 6. 603 0. 821 0. 826
1. 987 1.722 1.719 0.258 0.256
1.001 1. 009 1. 026 0.178 0. 181

11. 300 10. 659 10. 572 1.415 1. 401

5.121 5.887 5. 884 6.774 6.773
10. 636 12. 401 12. 403 14.014 14. 017
0. 170 0. 081 0. 086 0.224 0.224
0.279 0.322 0.280 0.267 0.277
3.331 3.912 4.391 5. 406 5.410
87.06 84.81 82.95 79. 00 78.99
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Table 2 Fine-grained similarity calculation results of 10 pairs SMPs with high similarity
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S
7Y A

(b) P SXFRE G T R
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Fig.7  Contour before and after alignment with ICP algorithm
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