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Surface Flaw Detection of Cold-Rolled Steel Strips
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ABSTRACT

This paper presents a method of detecting surface flaw of cold-rolled steel plate using image processing
technique and a neural network classifier. The amount of steel plate surface image data is reduced by the
wavelet transform. Features are extracted from the co-occurence matrix of the partial image corresponding to
the low-frequency region, and a MLP neural network classifies into predetermined surface flaw categories.
Simulations show the neural network classifier outperforms conventional vector quantization method.
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Table 1. Classification result

EEEE
0 1 2 3 4 5 6 7 8 9 rEg
CLba

1 44 1 0 0 97.7
38 0 1 2 92.6

3 33 1 0 97.0
29 1 1 90.3

3 1 31 0 96.8
1 27 1 93.1

p ) 100
37 100

5 1 0 38 0 974
1 1 32 1 914

6 0 1 30 0 96.7
1 1 25 1 89.2

7 1 0 0 21 95.2
0 1 1 18 90

8 0 1 34 97.1
1 2 30 90.9

9 0 0 1 39 97.5
1 1 0 35 92.1
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