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Research Challenges
The previous study was very successful in reducing the amount 
of data requiring re-inspection by inspectors compared to the 
existing method. However, when the threshold was set strictly to 
avoid missing anomalies, half of the data required re-inspection, 
as was the case with the existing method. Therefore, this study 
aims to improve the accuracy by improving the second 
inspection model.
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Background 
One of the major problems facing society as a whole 
these days is the dwindling workforce based on the 
declining birthrate and aging population. In order to 
solve or replace the labor shortage in factories, 
research on AI-based product inspections is being 
actively conducted. abnormality detection by AI can 
reduce human error and guarantee stable quality. It 
can also improve productivity by allowing employees to 
spend more time on more creative work.

Evaluation

General Introduction

Prior Research
This study was conducted in collaboration with a company. The company actually 
has an automatic detection system in place. However, since the threshold is 
strictly set to prevent missing anomalies, about half of the data is determined to 
be abnormal. To solve such problems, we introduced a two-step inspection 
system. This new system has succeeded in reducing over-detection and has 
contributed to the reduction of inspectors' workload.

My Approaches
We attempted to improve the model by converting the 2-class
classification "abnormal" and "normal" in abnormality detection
into a multi-class classification. The class classification method
is set to specify the location of the abnormality. We hypothesize
that this classification method will improve the model's ability to
distinguish between abnormal and normal data by allowing the
model to pay more attention to anomalies.
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0.9 0.99 0.999
TP 135 135 135 135
TN 1096 1076 956 586
FP 4 4 4 4
FN 12 7 2 0
Reject ---- 25 150 522
Accuracy 0.987 0.990 0.994 0.994
Precision 0.971 0.971 0.971 0.971
Recall 0.986 0.950 0.985 1.0

23 24 25
TP 131 131 131 131
TN 1098 1088 1080 1066
FP 2 2 2 2
FN 16 2 1 0
Reject ---- 24 33 48
Accuracy 0.985 0.996 0.997 0.998
Precision 0.984 0.984 0.984 0.984
Recall 0.891 0.984 0.992 1.0
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Achievement Factors
By performing a multi-class transformation,
we were able to improve the sorting ability
of the classification model. We consider
the main reason for the results to be the
acquisition of features with higher sorting
ability and the improvement of the
associated outputs. We can clearly see a
difference with respect to the amount of
features. This figure was obtained from
dimensionality reduction by UMAP.
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