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[Abstract]

In manufacturing companies that focus on small-scale production of multiple product varieties,
defective products are manually selected by workers rather than relying on automated inspection.
Consequently, there is a higher risk of incorrect sorting due to variations in selection criteria based on
the workers' experience and expertise, without consistent standards. Moreover, for non-standardized
flexible objects with varying sizes and shapes, there can be even greater deviations in the selection
criteria. To address these issues, this paper designs a quality inspection system using artificial
intelligence-based unsupervised learning methods and conducts research by experimenting with accuracy

using a dataset obtained from real manufacturing environments.
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I. Introduction
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Fig. 1. abnormal data(b)
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Fig. 3. System Flow Chart

Table 1. Pretrained Auto encoder Architecture

BatchNorm2d [-1,128,32,32] 0
LeakyRelLU [-1,128,32,32] 131,136
ConvTranspose2d [-1,64,64,64] 128
BatchNorm2d [-1,64,64,64] 0
LeakyRelU [-1,64,64,64] 32,800
ConvTranspose2d [-1,32,128,128] 64
BatchNorm2d [-1,32,128,128] 0
LeakyRelU [-1,32,128,128] 1,539
ConvTranspose2d [-1,3,256,256] 0

3. Al based Quality Inspection Algorithm

Training g Pretrained Autoencoder = Qutput y

Latent z O

Encoder Decoder

Compute

256x256image

centroid
Testing Shsize

Layer Output Shape Param
Input [-1,3,256,256] -

Conv2d [-1,16,128,128] 32
InstanceNorm2d [-1,16,128,128] 0
LeakyRelU [-1,16,128,128] 8,224
Conv2d [-1,32,64,64] 64
InstanceNorm2d [-1,32,64,64] 0
LeakyRelLU [-1,32,64,64] 32,832
Conv2d [-1,64,32,32] 128
InstanceNorm2d [-1,64,32,32] 0
LeakyRelU [-1,64,32,32] 131,200
Conv2d [-1,128,16,16] 256
InstanceNorm2d [-1,128,16,16] 0
LeakyRelU [-1,128,16,16] 524,544
Conv2d [-1,256,8,8] 512
InstanceNorm2d [-1,256,8,8] 0
LeakyRel U [-1,256,8,8] 2,097,664
Conv2d [-1,512,4,4] 1,024
InstanceNorm2d [-1,512,4,4] 0
LeakyRel U [-1,512,4,4] 8,389,632
Conv2d [-1,1024,1,1] 102,500
Linear [-1,100] 1,639,424
ConvTranspose2d [-1,1024,4,4] 2,048
BatchNorm2d [-1,1024,4,4] 0
LeakyRelLU [-1,1024,4,4] 8,389,120
ConvTranspose2d [-1,512,8,8] 1,024
BatchNorm2d [-1,512,8,8] 0
LeakyRelLU [-1,512,8,8] 2,097,408
ConvTranspose2d [-1,256,16,16] 512
BatchNorm2d [-1,256,16,16] 0
LeakyRelU [-1,256,16,16] 524,416
ConvTranspose2d [-1,128,32,32] 256

Encoder =

Latent z

256x256image

Fig. 4. Deep SVDD Framework
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IV. Experiment Results
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Table 2. Results of Confusion Matrix based on the

Score Threshold

Score . F1 Accuracy

Test Threshold Precision | Recall Score %)

1 0.001 0.97 0.99 0.97 96.15

2 0.005 0.99 0.98 0.99 98.45

3 0.01 1 0.983 0.99 98.45

4 0.015 1 0.982 0.99 98.35

5 0.02 1 0.982 0.99 98.3
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Fig. 7. Example of normal, False Positive, False Negative
sample data
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Fig. 8. Proposed vision system

Fig. 82 AA| A& 7ol ZX]d v|d A|A”I] 5
ojct. Y% ojnxJoflA] WM 4 xJof| Fiu|etr} ]

of L, W U IR0 E2lA AlErt e Lk Al
S MR 925 ojolxlo] X2 Yo AU S A
Aste] atel onz BUES WS Yus 74 Fck

V. Conclusions
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