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Defect detection in fastening nuts is critical for ensuring product reliability in
manufacturing. This paper proposes optimal combinations of image preprocessing
and visualization techniques to enhance the reliability and interpretability of
machine-learning-based nut defect prediction algorithms. Polarization images
were preprocessed using methods, such as region-of-interest extraction, flattening,
Canny edge detection, and binarization. A VGG16-based convolutional neural
network was trained for prediction. To analyze the decision-making of the model,
various visualization techniques, including Grad-CAM, Grad-CAM-++, and
Score-CAM, were employed. The results showed that the prediction performance
was sensitive to preprocessing, yielding an improvement of up to 3.7% in
accuracy. Furthermore, visualization facilitated a comparative analysis of the
focus areas of the model, enabling the identification of the optimal preprocessing—
visualization combination. These findings demonstrate that the proposed
approach can significantly contribute toward developing reliable and explainable
Al-based defect prediction algorithms applicable directly to manufacturing sites.
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Fig. 1 Generation of intensity image from four polarized images
(a) polarization images and (b) calculated intensity image
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Fig. 2 Sample of image using contrast enhancement methods
(a) HE, (b) CLAHE and (c) Gamma correction

Fig. 3 Sample of image using edge and texture enhancement
methods (a) Unsharp, (b) Sobel, (C) Canny and (d)
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Fig. 4 Sample of image using geometric transformation methods
(a) BBox, (b) ROI and (c) flattening
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Fig. 5 Visualization by Grad-CAM and CNN'"
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Fig. 6 Nut imaging setup with ring lights
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Table 1 Specification of camera

Camera CREVIS MG-A500P-22

Sony IMX264MZR CMOS

Sensor (polarized 0°, 45°, 90°, 135°)

Sensor size [inch] 2/3

Maximum resolution 2448 x 2048

ROI region 800 x 800(center)

pixel size [pm] 3.45%x3.45

Frame rate [fps]
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Fig. 7 Visualization results of CAM variants for an NG image

(®)
Fig. 8 Examples of visualization-based quantitative evaluation
(a) Canny with Grad-CAM++ and (b) flattening
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Table 2 Classification accuracy and NG precision by image
preprocessing methods

Method Accuracy Precision(NG)
Intensity 0.956 0.938
HE 0.986 0.993
CLAHE 0.990 0.986
Gamma 0.993 0.972
Sharpen 0.990 0.980
Sobel edge 0.986 1.000
Canny edge 0.986 0.973
Gabor edge 0.986 0.972
BBox 0.990 0.973
ROI 0.993 1.000
Flatten 0.936 0.908
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Table 3 Visualization method of the best mean distance for each
image preprocessing methods

Preprocessing CAM Mean distance [%)] Rank
Sharpen Eigen 1.98 1
Gamma XGrad 2.35 2
Intensity Ablation 2.65 3

ROI Grad 3.09 4
CLAHE Eigen 323 5
BBox Grad 3.51 6
Sobel XGrad 3.85 7
Canny Ablation 4.28 8
Gabor Eigen 4.86 9
Flatten Score 4.88 10
HE XGrad 8.42 11

Table 4 Overall mean distance by image preprocessing methods

Preprocessing Mean distance [%] Rank
Gamma 3.04 1
Sharpen 3.06 2
CLAHE 4.00 3
ROI 4.20 4
Intensity 4.42 5
Gabor 5.28 6
BBox 5.65 7
Sobel 5.96 8
Canny 6.00 9
Flatten 6.32 10
HE 12.9 11
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Table 5 Mean shift analysis across visualization methods

Rank CAM Mean shift [%]

1 Ablation 9.39

2 Grad 9.45

3 Gard EW 10.1

4 Layer 10.1

5 Score 10.2

6 XGrad 10.2

7 HiRes 10.3

8 EigenGrad 10.5

9 Eigen 11.1

10 Grad ++ 11.3
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Table 6 Mean shift analysis across image preprocessing methods

Rank Preprocessing Mean shift [%]
1 Sharpen 1.00
2 Gamma 232
3 ROI 2.86
4 Intensity 2.70
5 BBox 3.95
6 CLAHE 4.03
7 Gabor 5.96
8 Sobel 6.34
9 Canny 6.89
10 HE 242
11 Flatten 253

l
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