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A Study on the Detection of Hole in Automotive CV Joint Boot Using
Image Processing and Al Techniques
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Detecting and analyzing defects in components or systems is crucial for maintaining high-quality standards in modern
manufacturing and quality control. Recently, imaging-based defect detection methods have gained popularity across various
engineering fields, highlighting their growing importance. Additionally, the integration of Artificial Intelligence (Al) to improve
accuracy and efficiency is rapidly advancing. This paper presents a system that uses imaging to detect holes in CV joint
boots, as these holes significantly affect the overall performance and durability of the system. Moreover, it introduces a
method for enhancing detection performance by applying Al techniques. Validation tests on actual CV joint boots confirmed
that the proposed method improves detection performance.
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Fig. 2 System for the detection of holes in the CV joint boot
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Fig. 4 Image processing in U-Net method

Table 1 Composing training set and validation set
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o 0 (Normal) 808
Training (80%)
1 (Defect) 152
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Fig. 5 Loss of training and valid sets in U-Net model

Fig. 6 Hole detection results using U-Net method
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Fig. 9 Hole detection results using YOLO method
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Table 2 Confusion matrix of the test set in U-Net method

Predict
U-Net
P N
P 13 (TP) 5 (FN)
Actual
N 4 (FP) 578 (TN)
[Performance]

Accuracy = (13 +578) /(5 +4 + 13 + 578) = 0.985
Precision =13 /(13 +4) =0.765

Recall =13 /(13 +5)=0.722

F1 score = (2 * 0.765 * 0.722) / (0.765 + 0.722) = 0.743

Table 3 Confusion matrix of the test set in YOLO method

Predict
YOLO
P N
P 16 (TP) 4 (FN)
Actual
N 0 (FP) 580 (TN)
[Performance]

Accuracy = (16 +580) / (0 + 4 + 16 + 580) = 0.993
Precision = 16 / (16 + 0) = 1.000

Recall =16/ (16 + 4) = 0.800

F1 score = (2 * 1.000 * 0.800) / (1.000 + 0.800) = 0.889

Table 4 Hole detection performance of the various image processing
techniques

Test sample Final result

# of Al model
No. Gap IS

holes U-Net YOLO
1 0 N o:1/x%x:3 0:0/x:4 0:0/x:4
2 0 N o:l1/x:3 0:0/x:4 0:0/x:4
3 0 Y o:1/x:3 o:1/x:3 0:0/x:4
4 0 Y o:l1/x:3 o:1/x:3 0:0/x:4
5 0 N o:1/x%:3 0:0/x:4 0:0/x:4
6 1 Y o:3/x:1 o:3/A:1 0:4/x:0
7 1 Y o:3/x:1 o:3/A:1 0:4/x:0
8 3 N A3/ x:1 A:3/o:1 0:2/A:2
9 2 N A3/ x: 1 0:2/A:2 0:2/A:2
10 1 N o:3/x:1 0:4/x:0 0:4/x:0

Key: O (Detected) x (Undetected) A (Insufficient detection)

Table 2 ¥ 39 AWE vlgog A2 BEXASPH U-Net
Method” E== 0.985, “YOLO Method” S =E= 0.9930 2
oW BE e RO wold 2 Aot gk e,
Precision, Recall, F1 Score?] IAo|A ‘YOLO Method’7} ¢
O} HLo WA}

FAF S 2 “U-Net Method’= Precision 0.765, Recall 0.722,
F1 Score 0.743& 7]Z3F ¥HH, ‘YOLO Method= Precision
1.000, Recall 0.800, F1 Score 0.889% L}E}T}.

ZF dhdol gigk HIAE AlE 10710 oidt #5E HF dE




o
i
o
12
OH
1
ol
A
=
N
N
4
>
S
fol

October 2025 / 867

i

Fig. 10 Well-classified (left) and mis-classified (right) examples
obtained by IS method

Fig. 11 Well-classified (top) and mis-classified (middle, bottom)
examples obtained by U-Net method
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Fig. 12 Well-classified (left) and mis-classified (right) examples
obtained by YOLO method
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Fig. 13 Execution time for each technique [Unit: sec]
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Fig. 14 Run-time for hole detection of 3 methods

Table 5 Hole detection performances for 3 techniques

- Image Sum(86ms)

Method IS U-Net YOLO
Accuracy Low High Very high
Misdetection High Medium Low
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