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TECHNICAL REPORT

M. KANO    M. MOREILLON    Y. ARAI    A. NAKASE    E. KONDO    Y. YAMASHITA    D. HIBI

Automated visual inspection requires accurate detection of tiny defects. However, deep learning-based image 
classification methods often struggle with low accuracy for small anomalies. To solve this problem, we propose a 
novel approach that integrates image partitioning with data cleansing based on defect locations. Our experimental 
results demonstrate that this method significantly improves classification accuracy, particularly for defects located 
near the center of an image. To facilitate practical deployment in manufacturing environments, we have developed 
an in-house, no-code platform for building and utilizing AI models. This report presents the key features of our 
platform and discusses its potential for widespread adoption in real production settings.
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Development of AI Technology for Automated Visual Inspection

1.  Introduction
As the birthrate and working age population is 

declining in Japan, there are concerns of a deepening 
shortage of personnel in the manufacturing industry. 
To address this problem, JTEKT has positioned 
strengthening manufacturing competitiveness utilizing 
digital technologies as a key initiative of its growth 
strategy, and is working for workplace labor savings 
and automation. For example, the inspection process 
of automotive steering systems – one of JTEKT’s main 
products – (Fig. 1) is performed by a skilled operator, 
however, we are working to automate this process. The 
magnetic particle detection method is used for detecting 
defects at this inspection. When the inspected workpiece 
is magnetized and fluorescent magnetic powder is 

applied, the magnetic powder collects around defects, 
making defects visible as shown in Fig. 21). We used an 
image classification method utilizing deep learning for 
judgment of these defects instead of an inspector. In the 
workplace, and particularly at the inspection process, 
there is much work that depends on the senses of a highly 
experienced inspector, and automation can not only 
prevent dependence on specific individuals, but can also 
stabilize inspection quality.

Generally, image classification utilizing deep learning 
uses features from across the entire image. However, 
it may overlook minute defects and there are issues 
for quality control. Therefore, in this development, 
we constructed a data cleansing method and image 
partitioning method based on defect locations, and 
improved the detection rate for minute defects. Section 2 
of this report describes the details of this method and the 
verification results.

In addition, even if a method that satisfies workplace 
requirements is developed, using an AI model requires 
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program update and reconstruction, which can only be 
performed by personnel with expertise in AI and software 
development. For this reason, we created an AI image 
recognition platform that can train and operate AI models 
without involving coding, and installed the proposed 
method. Section 3 introduces the concept and functions 
of the AI image recognition platform.

2.  �Improving Detection Accuracy for 
Minute Defects2)

For  magne t i c  pa r t i c l e  inspec t ion ,  an  image 
classification method using a convolutional neural 
network (CNN) was adopted for detection of localized 
features in the image, and the images were classified into 
two classes: “Defect present” and “No defects”.

2. 1 Developed Technologies
2. 1. 1 �Improving Learning Accuracy with Image 

Partitioning
At the inspection for rack cracking, it is necessary 

to detect defects with a minimum width of 5 μm. With 
the magnetic particle detection method, due to the light 
emission of the adhering fluorescent magnetic powder, 
defects can be identify as lines approximately 50 μm 
wide. In this report, we acquired 1 080 × 1 050 pixel 
high-resolution images of a 29 mm × 28 mm area. This 
means that one pixel is 30 μm or less, and detection 
of the minimum width defects is possible. Figure 3 
shows a histogram of defect size (length of crack) and 
detectability. The majority of defects are distributed in the 
150 to 400 pixel sizes, and there are many defects of sizes 
100 pixels or less that cannot be detected.

The reason may be that because the area occupied by 
a minute defect in the overall image is small, the features 
indicating defects in the mean output of CNN global 
average pooling (GAP) layer are also smaller. For this 
reason, we tried a method of dividing the image into 
blocks and increasing the area occupied by a minute 
defect in the overall image for classification. For reasons 
that will be explained below, the image was divided so 
that each block overlapped (Fig. 4). The block size after 
division was vertical 400 × horizontal 400 pixels.
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Fig. 3  Defect size distribution

2. 1. 2 �Improving Learning Accuracy with Data 
Cleansing

The images used for learning with the CNN were 
divided into blocks after annotation was performed 
manually to mark areas containing defect. A larger 
number of images is preferred for reasons such as 
improving generalized performance, preventing 
overlearning, and improving robustness. For this reason, 
the number of images was increased by means of data 
augmentation. A variety of methods are used for data 
augmentation, and an example is shown in Fig. 5.

When there are defects located only at the edges of 
a block image, the defect moves out of the block when 
the block is rotated for data augmentation as shown in 
Fig. 6, producing an image that does not contain a defect. 
Therefore, a contradiction occurs with the classified 
“Defect present” label that was added by annotation. 

Block A

Block C

Block A Block B

Block C

Block B

Fig. 4  Image partitioning

Defect Generated image area Defect

Fig. 6  Loss of defects due to rotation

(a) Rotated image (b) Flipped image

Fig. 5  Data augmentation example
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Using this kind of data with labeling errors for learning 
may lower classification performance.

In order to resolve this problem, data where defects are 
only present at the block edges after image partitioning 
were automatically removed, and defect locations were 
limited to those near the center of the block. In this report, 
this operation is referred to as defect location restriction.

The problem with limiting the data is that the amount 
of learning data where defects are located only at the 
block edges decreases. According to a study by Isram 
et al., it is shown that a CNN also uses image position 
information when classifying3). A study by Biscione et 
al. also shows that a CNN is not translation-invariant, 
but can learn to be invariant to translation4). Based on the 
results of these studies, when there is little learning data 
with defects at the block edges, the CNN may learn that 
the block edges are not important for classification.

As a countermeasure to this, a partitioning method 
which overlaps the blocks was introduced. This means 
that a defect located at the edge of a block is located near 
the center of the neighboring block, and therefore, it is 
thought that even if the CNN learns that the block edges 
are not important, there will be no effect and no decline in 
classification performance.

2. 2 Verification of Learning Effects
In order to verify the learning effects from image 

partitioning and defect location restriction, defect 
detection performance was compared for the three 
methods shown in Table 1. With methods B and C, a 
single image is divided into 16 blocks, and the image is 
judged as “No defects” only when the status of all blocks 
is “No defects”. In all other cases, the judgment is “Defect 
present”. This makes it possible to compare learning 
performance with method A, where the pixel dimension is 
different.

ROC-AUC, which is often utilized for binary 
classification, was used as the index of classification 
performance, and out of 10 trials, the one that was 

Table 1  Method to derive results for each image

Method

Conditions of images for learning
Judgment of defect 

presence

Image 
partitioning

Pixel 
dimension

Defect 
location 
restriction

Defect 
present

No
defects

Method 
A

No 1 080× 1 050 No ―

Method 
B

16 
partitions

400× 400 No
1 block
or more

None in
all blocks

Method 
C

16 
partitions

400× 400 Yes
1 block 
or more

None in
all blocks

closest to 1 was used as the evaluation result. As the 
evaluation indexes, the “false negative rate” indicating 
overlooked defects, and “false positive rate” indicating 
false recognition of a normal image as defect, were used. 
The threshold value for judging whether or not a defect is 
present was the value that maximized the F1 score, which 
is the harmonic mean of the false negative rate and false 
positive rate.

2. 2. 1 Evaluation Environment
The CNN used for evaluation is EfficientNet b05). The 

input layer size was vertical 1 080 × horizontal 1 050 for 
method A, and vertical 400 × horizontal 400 for methods 
B and C. The input images were used without resizing, 
and learning used the setting values shown in Table 2.

Table 2  List of hyperparameters

Parameter Value
Number of epochs 50
Batch size 32
Validation split 0.1
Early stopping: Number 
of standby epochs

10

Data augmentation

Random flip
Random rotation (±5°)
Random contrast (±10%)
Random gamma correction

(±10%)
Optimization method Adam
Learning rate 0.001

2. 2. 2 Effects of Data Cleansing
The numbers of images used for learning and 

evaluation are shown in Table 3. The number of image 
data where a defect was present was approximately 60% 
lower for method C than for method B. This means that 
image data where defects were only located at the block 
edges, which are likely to cause labeling errors, accounted 
for approximately 40% of the image data.

Table 3  Number of images

Image 
data

For learning
For 

evaluation
Method A
1 050× 1 080

Method B
400× 400

Method C
400× 400

Defect 
present

2 248 14 232 8 733 932

No 
defects

3 954 85 000 85 000 1 667

Total 6 202 99 232 93 733 2 599
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2. 2. 3 Evaluation Results
The false negative rate and false positive rate for 

the three methods are shown in Fig. 7. Preferably, the 
numbers for both should be low. The false negative 
rate is a particularly important index in order to prevent 
defective products from reaching the market. The false 
negative rate was lower with methods B and C compared 
to method A, confirming the effects of dividing the 
image into blocks. Comparing methods B and C shows 
that both the false negative rate and the false positive 
rate were approximately equal, and effects from defect 
location restriction could not be confirmed. In order 
to identify the reason, the results organized by defect 
image location and size are shown in Fig. 8. In Fig. 8 
(a), the false negative rate was better for method C, and 
in particular overlooking of small defects was reduced 
to 1/5 of method B. However, in Fig. 8 (b), the false 
negative rate of method C is higher. The reason is that as 
a result of defect location restriction, learning of defects 
at the image edges was not performed, and this result was 
expected prior to the evaluation. Based on these results, 
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Fig. 7  False negative and false positive rates
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(a) Comparison of false negative rates at image center
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(b) Comparison of false negative rates at image edge
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Fig. 8  False negative rate by defect size and location

we adopted a method of overlapping the images when 
they are captured as well, and performed defect location 
restriction among the images. This is expected to improve 
the false negative rate because more defects are located 
near the image center.

2. 3 Introduction to the Mass Production Process
When an inspection equipment that was constructed 

based on the above concept was applied in the rack mass 
production process, it achieved zero overlooked defects.

In order to broadly utilize this method within the 
company, we installed it onto the AI image recognition 
platform that is described below.

3.  AI Image Recognition Platform6)

3. 1 �Development of the AI Image Recognition 
Platform

When a new product number is added to the production 
line, the constructed AI model may be unable to support 
it, and it may be necessary to reconstruct the model 
suitable for the new product number and perform learning 
again. In addition, in AI models, it is known that “drift” 
occurs which adversely affects detection performance7) 
when the input data characteristics change due to the 
passage of time or a change to the manufacturing 
process. Therefore, after the start of operation in the 
mass production process, it is necessary to update the AI 
model through reevaluation and repeated learning before 
performance deterioration of the AI model has an effect 
on the inspection results. This requires human resources 
with special skills such as programming, and the fact that 
there are limited such human resources in production 
workplaces is an issue. For this reason, we constructed an 
AI image recognition platform that can easily construct 
and operate an AI model without requiring programming. 
This made it possible to rapidly update the AI model in 
each production workplace.

3. 2 Features of the AI Image Recognition Platform
The features of the constructed AI image recognition 

platform are its ease of use, which allows it to be used 
without special skills, and the high customizability 
allows the desired functions to be freely installed. As 
shown in Fig. 9, Software KARAKURI combines open-
source software (OSS) as well as software developed 
in-house to create applications. This approach has a 
number of advantages. First, it can decrease reliance on 
vendors and reduce development costs. Because it was 
developed in-house, it is also possible to freely customize 
the application. Furthermore, because functions are 
developed as microservices (a method of development 
that divides applications into smaller functions), it is 
possible to use them in a different new application, and 
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Fig. 9  Advantages of Software KARAKURI Concept

this can contribute to improving the efficiency of other 
development. Therefore, it is possible to implement 
the PDCA cycle in a short period and rapidly make 
improvements as necessary.

Moreover, software KARAKURI can provide solutions 
that combine OSS, no-code, low-code, and pro-code. 
Therefore, the AI image recognition platform can be used 
as a solution to similar issues not only at JTEKT but also 
at Group companies and outside the company as well.

3. 3 Introduction of Application-Specific Functions
As shown by the block diagram in Fig. 10, the AI 

image recognition platform is equipped with three 
functions that are required for visual inspection 

Fig. 10  Block diagram of AI image recognition platform
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using AI. These functions form a cycle that improves 
judgment accuracy through model building, operation 
of inspections, and monitoring of inspection results. 
Following is an explanation of the specific functions for 
each application.
(1) Building an AI model

The platform is equipped with a series of functions 
required for building an AI model, including data 
management, image pre-processing, model learning and 
management, and judgment accuracy evaluation, and 
allows management of evaluation results and versions. 
The application which builds the AI model is shown in 
Fig. 11. This application makes it possible to build an 
AI model while visually checking the learning progress 
status and changes in AI model accuracy from the 
learning status graph.

Learning status graph

Learning progress bar 

Fig. 11  AI model building
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(2) Operation of inspections
The created AI model can be executed on a PC that has 

a GPU so that it can operate in the production workplace. 
Image data captured from a camera can be judged, 
and the results can be output to a PLC or other device. 
Moreover, the inspection results and equipment status are 
displayed in real time on the main screen. In addition, so 
that it can be widely used within the company, various 
cameras and PLCs from various companies are supported, 
and it is possible to easily start inspections by setting the 
inspection flow in the GUI.
(3) Monitoring of inspection results (Fig. 12)

Changes in judgment results, actual inspection 
images, and individual locations judged as defects can be 
visualized, and can be continually checked on a PC that 
is connected to the company network. As a result, it is 
possible to take action quickly when an abnormal trend 
in the judgment results is seen. There is also a function 
that collects the numbers of defect judgments for each 
period and each inspection location so that it is possible 
to identify the cause of the defect judgments which 
occurred.

Histogram Display of locations judged as defects

List of judgment results

Fig. 12  Result monitoring and aggregation

4.  Conclusion
This report introduced a technology for detecting 

minute defects and the AI image recognition platform, 
aiming for automation of visual inspections.

With the technology for detecting minute defects, it 
was confirmed that partitioning the images improved the 
inspection accuracy (the false negative rate dropped from 
6.8% to 3.9%). Extremely high judgment accuracy was 
achieved by applying this method in the mass production 
process and overlapping the images when they are 
captured. Moreover, this technology can be used on the 
AI image recognition platform with no coding.

In the future, we will improve the efficiency of 
operations and achieve workplace labor savings through 
software-based use of digital technologies, and will 
support the future decline in the working-age population.
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