Btk > 18 SR OBl 53

BATER
B Technical Data

BE Z ILiEH DS R E B i

FORE BRRETS AR A

Appearance Inspection Technology for Cold Finished Round Steel
Bars

Daisuke MORI, Takao YUTO and Yuji OKAMOTO

Synopsis

Automatic appearance inspection technology for cold finished round steel bars has been developed. Stainless steel is used in
important parts in automobiles, bearings and industrial machines. Such parts are used in harsh environments requiring high heat
conductivity and mechanical strength, and high resistance to heat and corrosion. It is important to have bright round stainless
steel bars for this, so strict surface inspection precision is required. Until now, surface defects were detected by eddy current
nondestructive testing; however in that method, the detection repeatability is unstable and the setup is complicated. So, we
developed an image processing method for surface inspection of bright round bars by a line scan camera, two types of lighting
and Al technology. This has enabled inspection with high speed and resolution, simple setup change, and accurate judgement.
This paper describes the following development results of the image processing method for surface inspection:

(1) Optimization of the image processing method and signal processing.
(2) Solution to problems inherent in round bar steel shape.
(3) Overmark reduction by deep learning, a form of machine learning.

From these results, this development achieved the following performance: "Detect various surface defects by image
processing”, "Correct measurement of surface defects even in the round bar shape”, and "Expected 21% drop in overmark by
applying deep learning”.
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Table. 1 Examples of surface defect by peeling process.
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Fig. 1. Explanation of eddy current inspection method.
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Fig. 2. Image-acquisition method for surface defect.
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Fig. 3. Size change depending on circumferential

position of surface defect.
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Fig. 4. Explanation of why defect width seems to be
small.
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(DCalculate x1 and x2 using image data.

Image data Rotation amount
—

Rotation example . . Projected defect width : wi

T | e

True defect width : w0

@The angles 61 and 2 are calculated
by known material diameters.

Radius:r

8 1=cos™(x1/r)
6 2=cos™'(x2/r)

@Calculate Y using the heights yl and 2
generated by the curvature

Y : Difference in height due to
the influence of curvature

Y=y1-y2
=r(sin@1-sinf2)

wi
w0= v (w1) 2+ (Y)?

Fig. 5. Description of solution.
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Fig. 6. Result of accuracy verification.
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Fig. 7. Conceptual diagram of CNN.
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Table 2. Test development environment.

Windows 10

Python 3.5.2
TensorFlow 1.2.1

Opencv 3.1.0.1

Operation system

Programming language

Preprocessing
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Table 3. Grouping of stainless steel types.

Class Hardness | Brightness Steel type
Group C | Hard Bright [\Russt?éﬂl,ﬁg)s otc.
Cr-stainless

Group B Middle Middle (Martensite), etc.

Electro magnetic
stainless, etc.

Group F Soft Dark
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Table 4. Number of images used for Deep Learning.

Number of images
Image type
Group C | GroupB | Group F
NG Training| 958 866 20
Spiral defect| gt 958 866 20
OK Training| 714 452 7182
Overmark | Tggt 13849 20895 39634

Table 5. Parameter used for Deep Learning (CNN).

Parameters
Item
GroupC | GroupB | GroupF
Layers 3 4
Matrix filter 10, 20, 40 10, 20, 40, 60
Pooling size 3,33 3,333
Pooling stride 2,2,2 2,2,2,2
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Fig. 10. Evaluation results by Deep Learning of spiral surface defect judgement.
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