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Abstract 
 
Bolts are used for joining and mounting parts; further, coating is applied to 
hold them in place and prevent loosening of the connection. Regarding the 

quality of the coating application, various types of defects are distinguished, 

such as insufficient coating, insufficient coating length, no coating, and 

foreign substances. Currently, coating quality is assessed by naked eye 
inspection or vision scanners; these procedures, however, mean slow 

screening, high labor cost or a limited view angle. In addition, existing 

screening methods are limited to the qualitative identification of only one or 
two types of above defects. In this study, we developed machine learning and 

by processing some of the captured images and using some quantitative 

screening algorithm that overcomes above problems and is capable of finding 
defects that were previously difficult to detect. First, for quantitative 

determination of the coating over the bolt’s full circumference with only one 

camera a rotating jig is designed. After applying various techniques such as 

color space transformation, size adjustment and specific color detection 
algorithms, grayscale and contour detection to the captured images, the 

coating length is determined from the difference in pixel color values. For 

defect type detection, support vector machine is employed. The screening  
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algorithm is found to show excellent accuracy in image classification and to 

be effective in binary classification. Using verification data, we find that 99 

% of the images were classified correctly, which shows that application of 
our screening system can significantly improve accuracy and reduce 

personnel cost and screening time. 

 

Key words: Bolt with anti-loosening coating, Color Detecting, Color Space 
Conversion, reprocessing, Support Vector Machine. 

 

1 Introduction 
 

Bolts are used in automobiles, railroad equipment, and large/small 
electronic products for joining and fastening of parts. Bolt loosening occurs 

because of decrease in contact force caused by vibration and shock, slippage 

of joints, and contraction and expansion of screws caused by temperature 
changes [1]. To prevent bolt loosing and improve clamp force, anti-loosening 

coating is used, as shown in Fig. 1 [2, 3]. In general, automated machines are 

used for coating with a coating solution, which is the most important task in 

manufacturing coated bolts, and the following four-step processes are 
performed: bolt insertion, coating with a coating solution, drying, and 

screening. Many defects occur due to characteristics of processes, and the 

screening process is important for quality improvement and uniformization 
of coated bolts. 

At present, the screening process is primarily performed by visual-

inspection and secondarily by vision-based automatic screening devices. 

However, visual inspection increases labor costs, and fatigue due to 
repetitive carrying out of the same task is likely to result in reduced accuracy. 

Furthermore, screening results differ because defect judging criteria are 

subjective. Therefore, vison-screeners are used to supplement the problem of 
visual inspection. A vison-screener requires at least four cameras to capture 

images of a bolt and determines defects based on such images. Here, defects 

with difference in size and shape occur in each bolt. Algorithms are loaded 
on a conventional vision-screener to determine defects through simple 

comparison of bolt shape information and acquired images.  

Therefore, it is impossible to distinguish products based on coating 

length accuracy because they cannot be screened when the shape of the 
product or the color of the coating changes and judgement can only be made 

regarding the presence (or absence) of the coating color. Available screening 

devices have difficulties identifying fine differences in coating color, which 
limits defect detection regarding size and location. Further, since bolts are 

round, depending on camera position and angle of view, blind spots are 

likely, even if multiple cameras are used.In this study, a machine vision 
system for inspection of anti-release coating bolts that overcomes the 

problems of existing vision screening machines is developed.  
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Unlike conventional vision screening machines, image processing 

techniques and machine learning are used to determine various sizes and 

locations of defects. First, a bolt was rotated at a constant speed on a fixed 
position while a single camera captured continuous images, thereby 

obtaining images of all sides.Defects regarding the coating length were 

determined using these images, and the algorithm used could perform 
detection of certain colors, image preprocessing, and contouring. Machine 

learning was applied to detect defects such as coating color differences and 

insufficient coating defects, which are conventionally difficult to detect. 
Machine-learning models, such as SVM [4, 5], kNN [6], K-Means, or 

decision-tree, are methods of learning patterns and rules from collected data 

to make decisions and predictions. Among them, the support vector machine 

(SVM) is effective for binary classification and usually used for data 
classification and regression analysis. In previous studies, SVM was shown 

to be effective and to have excellent prediction accuracy [7, 8]. Therefore, 

SVM was applied in this study to detect the defect of insufficient coating. As 
SVM is a supervised machine learning model, learning was performed based 

on large data containing various insufficient coating categories. Data is 

finally classified into two categories; defect and non-defect. The performance 

evaluation was performed based on learning results to investigate the 
accuracy through comparisons of precision, recall, and harmonic mean. 

 

anti-loosening coating

 
Fig. 1: Bolts with anti-loosening coating and their use in various products 

 

2 Methods 

2.1 Defect Criteria 
 

Fig. 2 shows the criteria for determining defective/non-defective coated 
bolts. The total length of screw thread is 25 mm and the coating solution 

must be coated with 2–3.2 mm gap from the top to be non-defective. The 

coating length with coating solution is 16–17 mm from there. Here, the 
coating area should be devoid of any blank (uncoated) or disconnected part 

in the middle. If these criteria are not satisfied, a bolt is regarded as defective. 

Defects can be classified into four types: insufficient coating, insufficient 
coating length, no coating, and foreign substance on coating. No coating 

refers to a case in which screw threads are not coated with a coating solution. 

When the coating length is different from the standard, it is called 

insufficient coating length defect.  
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If a different substance other than the coating solution exists in the 

coating area, it is classified as foreign substance on coating defect. If the 

coating is insufficient or has scratches, it is classified as insufficient coating 
defect. 

l 1Coating 
area

l 2

2
5

m
m

no coating insufficient

coating length

foreign substance

on coating

insufficient

coating

- l1 = 2.0 ~ 3.2 mm

- l2 = 16.0 ~17.0 mm

 
Fig. 2: Defect classification criteria of coated bolts 

Among these, no coating defect can be detected through visual 

inspection or vision-screening, but the screening criteria change if the bolt 

shape or size changes. In visual screening, coating length and foreign 
substance-related defects are judged based on different criteria for each 

screening, so it is impossible to determine the exact defect by roughly 

judging the length dimensions. Measurement tools are also time consuming 
and inefficient. Existing vision screening devices have a limited screening 

area and only detect color, making it impossible to identify poor length and 

foreign objects. In the case of insufficient coating, too, the visual screening 

criteria are vague, and the use of vision screening machines can cause 
screening errors due to the wide ranges of defect locations and sizes and 

result in blind spots, depending on the location of the camera. 

The number of sample bolts used for the algorithm development was 
250, and, among these, the proportion of insufficient coating, insufficient 

coating length, foreign substance, and no coating defects was 50, 30, 15, and 

5%, respectively. The sample numbers for insufficient coating and 

insufficient coating length are high because these two types of defects are 
difficult to detect using a conventional vision-screener. These defects are 

therefore the focus in the our development of a screening algorithm. 

 

2.2 Image Capturing Method 
 

A conventional vision-screener sorts defects/non-defects by capturing 
images of coated bolts with at least four cameras. However, even if four 

fixed cameras are used, the view of the angle for image-capturing is still 

limited. Particularly, blind spots exist due to light reflected by illumination 

for all sides of the bolt, having a columnar processing shape (Fig. 3). In the 
case of insufficient coating defect that accounts for a half of all defects, the 

accuracy of screening considerably decreases because size and shape of the 

defect are not uniform and the defect is distributed in uncertain positions in 
the coated area. Therefore, the image-capturing method of the vision-

screener should be enhanced to accurately inspect the entire area of the bolt.  
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This study used a measurement jig that rotates a bolt to overcome the 

limitation of the conventional image-capturing method. The inspection of all 

areas of the bolt was facilitated by continuously capturing images of the 
rotating bolt. The rotating axis was processed not to move considering the 

precision when processing the images.  

As bolts and jig are made of magnetic materials, an electromagnet was 
used to increase the convenience of mounting/dismounting and to strengthen 

the power of holding the bolt when capturing images. The rotational speed of 

the jig was set to approximately 20 rpm for smooth image-capturing of all 
areas of the bolt. The fabricated jig and all areas of the bolt captured using 

this method is illustrated in Fig. 3. 

Considering the practicality, a smartphone (iPhone XS) camera was used 

instead of expensive image-capturing devices (Table 1). One camera was 
fixed at a predetermined position to capture images, and data were built by 

saving images at every specified number of frames. Conventionally, multiple 

expensive cameras are used, but this study aimed to minimize the cost using 
only one camera. Furthermore, the accuracy of screening defects 

considerably increases because this method facilitates the determination of 

coating existence/non-existence and coating state on all areas of a coated 

bolt. 

 
Fig. 3: Existence of blind spots in conventional image-capturing of a bolt and 

coated- bolt rotating machine/jig and respective images captured for all areas of a 
coated-bolt 

Table 1: Specification of camera 
Full resolution 1125ⅹ2436 pixels 

Frame rate at full resolution 60 fps 

Minimum exposure 1/22000s 

ISO min 15 ISO, max 1440 ISO 

Aperture f / 2.4 

Focal length 51 mm 

 

2.3 Screening the Insufficient Coating Length Defect 
 

Park et al. [9] measured the length by detecting an area of interest in a 
captured image and recognizing a certain feature. They processed images 

using methods such as median filter and Gaussian mask. Expanding these 

methods, this study compared pixel color values for a captured bolt image 
and separated the boundary between the coating area and the bolt.  
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The coating length measurement algorithm was composed based on 

various image processing techniques such as image size adjustment, color-

space conversion, grayscale conversion, and contouring. Using this 
algorithm, the corresponding defect was determined. The coated area and 

also its starting point are important for the coating length; thus, to distinguish 

the starting point and the coating length, l1 and l2 were used. If the 
measurement value does not satisfy the non-defect criteria at the same time, 

it is determined as defective (Fig. 4). 

 
Fig. 4: Flowchart for determining the coating length defect/non-defect 

 

2.3.1 Certain Color Detection and Image Preprocessing 
 

As a bolt is coated with a different color of coating solution, defects can 

be determined based on the color difference or the coating length. Every 

image is composed of pixels on a computer, and because each pixel has a 

color and a depth, the coating solution and the bolt can be distinguished. A 
pixel color is expressed using three primary colors of light, and the additive 

color mixture method is applied whereby the color becomes brighter as more 

colors are mixed. A pixel has a value of 0–255 and its color is determined 
using an RGB value. The color of the coating solution selected in this study 

was (164, 255, 255). According to Kim [10], data evaluation changes 

according to the type of color-space and there is a limitation in applying the 
RGB to a product classified with color because the expression of brightness 

and saturation is constrained. To obtain more accurate results, a process of 

converting RGB to HSV space that uses hue, saturation, and value was 

utilized. To detect a certain color value only after color-space conversion, the 
remaining color spaces were additionally removed. The corresponding range 

value of certain color value extracted earlier was maintained and the 

remaining spaces were converted to 0, thereby separating the image. As 
shown in Fig. 5, matrix transformation was performed for the converted 

image pixels and the grayscale was used to easily measure the length.  
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The grayscale conversion is an image processing method that coverts 

pixel colors to a single channel of two colors, black and white. The uncoated 

and coated areas on a bolt are expressed in black with a pixel value 0 and 
white with a pixel value 255, respectively. For the length calculation, the 

image converted to grayscale was converted to a pixel-matrix. 

 
2.3.2 Insufficient Length Defect Determination 
 

The aforementioned image preprocessing method was applied to measure 
the starting point of coating and the length of the coated area. An image 

converted to a pixel-matrix can be expressed with x and y coordinates, and 

here, the coordinate on the left upper side is (0, 0). Based on the origin, the 

right-side direction has +x value and the lower-side direction has +y value. 
All pixel coordinates of an image are defined using (0, 0), …, (xn, yn). When 

(xa, 0) is defined as column a and row 1, the pixel values are sequentially 

checked from the row 1 of each column, and a value (yna) changed from 0 to 
255 is found and saved (Fig. 5). Based on this method, for all the saved 

values, the length from the starting point of coating (ln) can be measured by 

converting according to the actual bolt dimension ratio. Likewise, the coating 

length l2 can be derived with lm and ln. 

 
Fig. 5: Image Processing and the coating length measurement algorithm 

 

2.4 Insufficient Coating Defect Screening by SVM 
 

Insufficient coating defect refers to a defect in which an uncoated blank 

space exists between screw threads because the coating solution is not 

efficient. When visually inspected, defect/non-defect can be determined 

according to the blank space area, but the screening criteria vary between 
workers because accurate area measurement is difficult. Furthermore, a 

vision-screener cannot determine the defect regarding insufficient coating. 

SVMs have a good performance in image classification and are therefore 
appropriate for identifying coating defects of different size and location. As 

mentioned before, the insufficient coating defect accounts for about 50% and 

there are diverse types of insufficient coating. This study aims to identify the 

insufficient coating defect through feature extraction after learning 
defective/non-defective bolts using large amounts of data based on SVM.  
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SVM is a supervised learning model and is often used for binary 

classification. When there exist two different classes as in Fig. 6, the data can 

be separated by a plane. The distances between data belonging to different 
classes are measured and the two planes with the maximum distance 

separating the data are determined.  

The optimum hyperplane with the maximum margin between the classes 
is computed and the data classified accordingly. The data closest to the 

hyperplane are called support vectors. To screen insufficient coating defects 

by SVM, we trained and validated data as shown in the flowchart of Fig. 7. 
Image data related to coated bolts were collected and defects and non-defects 

were classified. Here, more accurate judgment was facilitated as more data 

were collected due to the characteristic of SVM algorithm. Therefore, more 

images were captured for screening the insufficient coating defect compared 
to the insufficient coating length defect. 80% (432 data) of total data were 

used as the training dataset of insufficient coating defect and the remaining 

20% (108 data) were used as the validation dataset. Each image was labeled 
and the value of cost, a parameter of SVM, was set prior to training. The cost 

refers to allowable error, and setting an appropriate value is important as it 

affects the margin. The model trained using the SVM was validated and the 

accuracy was checked. 
 

 
Fig. 6: Optimal hyperplane using the SVM algorithm. 

 

 
Fig. 7: Flowchart for determining the insufficient coating defect 

 



                                                                                                                  
 

 

 

 

 

 

Screening of Bolt Coating Defects using Machine Learning Approach 6297 
 

2.5 Result  
 

According to the flowchart of the length determination algorithm 
presented in Section 2.3, the screening results were investigated for a total of 

ten coated bolts. As mentioned in Section 2.1, a bolt is regarded as non-

defective with respect to the length when 2.0 ≤ l1 (mm) ≤ 3.2 and 16 ≤ l2 

(mm) ≤ 17. First, the ten bolt samples were classified into defects/non-
defects by measuring the length with a vernier caliper.  

This was defined as manual measurement length. The result column of 

Table 2 shows the classification results using the proposed algorithm for the 
manually classified bolts. The lengths l1 and l2 measured using the algorithm 

could also be confirmed. The difference of lengths measured manually and 

using the algorithm was less than 0.04 mm, but the difference of time 

consumed for the measurement was about 5 min. As the number of samples 
used was small, the difference of time consumed would be considerably 

larger with increased number of bolts. Furthermore, considering the 

accumulated fatigue in manual screening, it was appropriate to use the 
algorithm in terms of ensuring the screening accuracy. 

Table 2: Determination of the coating length 

sample # 
l1 [mm] l2 [mm] 

Result 
measurement algorithm measurement algorithm 

1 2.21 2.25 16.14 16.17 OK 

2 2.32 2.31 16.83 16.85 OK 

3 2.04 2.06 16.14 16.13 OK 

4 2.36 2.38 16.10 16.08 OK 

5 2.32 2.31 16.11 16.13 OK 

6 3.51 3.50 15.60 15.63 NG 

7 4.11 4.13 15.96 15.92 NG 

8 3.43 3.44 14.80 14.85 NG 

9 3.44 3.44 13.38 13.36 NG 

10 3.24 3.25 15.12 15.14 NG 

For the insufficient coating defect determination model learned using the 

machine-learning-based SVM algorithm, its accuracy was investigated 

through the validation. Koirala et al. [11] used precision-recall to show the 

performance assessment of the classification algorithm; based on this, it was 
possible to check the impact the data had on the overall accuracy. For the 

SVM algorithm, the precision, recall, and F1-score values are shown and the 

results for overall accuracy are provided in Table 3. Precision (P) refers to 
the proportion of actual non-defects in the data classified as non-defects 

through the developed algorithm; and recall (R) refers to the proportion of 

predicting non-defects among the actual non-defect data. The precision, 
recall, and harmonic mean (F1-score, F1) are expressed in Table 3 to confirm 

the accuracy. This can be expressed as Eqs. (1) and (2).  
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Here, true positive (TP) refers to a value of predicting an actual non-

defect as a non-defect; false positive (FP) refers to a value of predicting an 

actual defect as a non-defect; and true negative (TN) refers to a value of 
predicting an actual defect as a defect. 

Table 3: Validation of the SVM algorithm 

 P R F1 support 

NG 0.98 0.98 0.98 62 

OK 0.99 0.99 0.99 73 

1_, , 2 NG NG
NG NG NG

NG NG

P RFN TN
P R F

FN TN FP TN P R
           (1) 

1_, , 2 OK OK
OK OK OK

OK OK

P RTP TP
P R F

TP FP TP FN P R
           (2) 

There were 62 images of defective coated bolts and 73 images of non-

defective bolts; a total of 135 images were validated and the results were 
summarized in Table 3. For P, R, and F1, the results of 99% non-defects and 

98% defects were obtained, and the total accuracy was 99%. 

 

3 Conclusion 
 

This study used machine-learning and image preprocessing methods to 

develop an algorithm for screening of anti-loosening coated bolts and 
obtained the following conclusions. 

(1) A conventional vision-screener uses four cameras to detect defects 

and this leads to an increase of cost and the occurrence of blind spots such as 
sides of the bolt. Therefore, this study developed a rotating jig to facilitate 

the detection of defects for all areas of bolts; 

(2) Image processing techniques such as certain color detection 
algorithm, grayscale conversion, and contouring were used for the 

insufficient coating length defect. The learning was performed using a 

machine-learning-based SVM and 99% detection accuracy was obtained; 

(3) Through the machine-learning, not only the insufficient coating 
length and insufficient coating defects but also defects related to no-coating 

and foreign substance could be detected; 

(4) In the future, the proposed algorithm can be applied to reduce the 
number of personnel and time for the defect screening. Consequently, 

reduction of manufacturing cost can be expected. Furthermore, the proposed 

algorithm can be applied to screening irrespective of bolt shape. 
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