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Recently, there has been an increasing attempt to replace defect detection inspections in the manufacturing industry using deep
learning techniques. However, obtaining substantial high-quality labeled data to enhance the performance of deep learning models
entails economic and temporal constraints. As a solution for this problem, semi-supervised learning, using a limited amount of
labeled data, has been gaining traction. This study assesses the effectiveness of semi-supervised learning in the defect detection
process of manufacturing using the MixMatch algorithm. The MixMatch algorithm incorporates three dominant paradigms in the
semi-supervised field: Consistency regularization, Entropy minimization, and Generic regularization. The performance of semi-supervised
learning based on the MixMatch algorithm was compared with that of supervised learning using defect image data from the metal
casting process. For the experiments, the ratio of labeled data was adjusted to 5%, 10%, 25%, and 50% of the total data. At
a labeled data ratio of 5%, semi-supervised learning achieved a classification accuracy of 90.19%, outperforming supervised learning
by approximately 22%p. At a 10% ratio, it surpassed supervised learning by around 8%p, achieving a 92.89% accuracy. These
results demonstrate that semi-supervised learning can achieve significant outcomes even with a very limited amount of labeled
data, suggesting its invaluable application in real-world research and industrial settings where labeled data is limited.
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+  Exploration of existing research and technologies
«  Selection of semi-supervised learning algorithms

Literature Review

«  Data preprocessing

Data Preprocessing +  (lassification of labeled and unlabeled data

+  Design of a suitable deep learning model
+ Implementation of semi-supervised leaming
+  Hyperparameter tuning

Model Design and
Training
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Results Analysis and + Accuracy comparison
Comparison +  Results interpretation
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<Figure 1> Research Process
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<Table 1> Semi-supervised Literatures Classified Application

Item Case Study Author | Year

This paper introduces a semi-supervised road damage detection method with pseudo labels. It outperforms| Chun

Road Surface a labeled-only model, showing improved precision and a high Fl-score, despite a slight recall reduction. | et al.[4] 2019

Plasma Etch This. study-enhances semicondpotor manufacturing With' a high ‘95.2% accuracy FDC system us.ing Lee 2020
Equipment semi-supervised learning and equipment status data with optical emission spectroscopy during silicon etching. | et al.[14]

Underground This study improves crack area detection by. 0.25% on average using adversarial learning with neural networks,|  Sim 2020
Structure enabling efficient deep learning for precise crack detection. et al.[16]

This paper proposes a semi-supervised electricity load anomaly detection method based on MixMatch. Sun
Electricity Load |Experimental results demonstrate a significant improvement in AUC when compared to traditional machine et al[18] 2021
learning methods. '

This study introduces a novel semi-supervised approach for precise fault diagnosis in EV charging equipment Gao
using Tri-training and deep belief networks (DBN). It achieves over 90% accuracy for all fault types, 2022

o et al.[5]
even with limited labeled data.

Charging Equipment
of Electric Vehicle

The paper presents the AMFM model for industrial product defect inspection, combining AugMix and Shin
Metal Surface Defects | RandAugment. It achieves exceptional 99.8% and 100% accuracy in semi-supervised learning, surpassing et al[17] 2022
existing models. ’

Electronic Control |This study introduces an Al-based IDS for the vulnerable CAN protocol, efficiently detecting over 99% |  Lee

Unit of attacks with just 1,000 data points, compared to 200,000 in conventional supervised learning. et al.[12] 2023
Potholes Occurring on | The paper improves pothole image c!assiﬁcation using Mean Teacher in semi-supew'ised leami'ng, achieving| Kim 2023
Paved Roads an average accuracy of 90.41%, with 2-9% performance difference from supervised learning. et al.[8]
3. 4HE 3.1 LM HF3HConsistency Regularization)
2 &A= MixMatch ate]Fol AFEEE 75 W FAESEE TLT dolEdd da Mz i e
HES AWtk MixMatch &arg]5e opefiol 22 Wy = S ol o] E=d tigh A3tghel] dddE 7HA
B5 sto] ghilo] gl dlolHE &83 Bl FHE of gtk wpebA Ay Gt 7L unlabeled Hlo]H 9
et ol 53} labeled FlolE]e] o5 3to] d¥Ads SAS AL
{Table 2> Notation and Definition Used in the MixMatch Algorithm
Notaion Definition
A labeled example, used as input to a model
P A (one-hot) label
L The number of possible label classes(the dimentionality of p)
X A batch of labeled examples and their labels
X A batch of augmented labeled examples derived from X
X’ A batch of processed labeled examples produced by MixMatch
u An unlabeled example, used as input to a model
q A guessed label distribution for an unlabeled example
U A batch of unlabeled examples
U A batch of augmented labeled examples derived from U
U’ A batch of processed unlabeled examples with their label guesses produced by MixMatch
H(p,q) Cross-entropy between “target” distribution p and “predicted” distribution ¢
0 The model’s parameters
Puodel W | #;60)| The model’s predicted distribution over classes
Augment (z) A .stlochastic‘ data gugmentatign function thaF returns a mod'iﬁed version of x. For exar.nple,‘Al%gmfent(-) could implement randomly
shifting an input image, or implement adding a perturbation sampled from a Gaussian distribution to x.
A A hyper-parameter weighting the contribution of the unlabeled examples to the training loss
e Hyperparameter for ther Beta distribution used in MixUp
T Temperature parameter for sharpening used in MixMatch
K Number of augmentation used when guessing labels in MixMatch
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3.4 MixMatch Algorithm [2]
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* Stochastic augmentation of labeled data
Data Augmentation
+ K-fold stochastic augmentation of unlabeled data

1

+ Deep learning model used to predict label distribution
for K augmented unlzbeled data instances

Label Estimation

+ Employ the Sharpen function to minimize the entropy
of the averaged distribution

H

*  Merge the labeled data with the estimated labels of the

ConCat & Shuffle unlabeled datz, then shuffle and mix the dataset

H

+ Form pairs from the shuffled dataset and apply the

MixUp MixUp algorithm to blend data points and their labels

1

» Compute the loss for both supervised and
Loss Function unsupervised learning, then determine the final loss

Calculation

+  Tiain the model to minimize this final loss

<Figure 4> MixMatch Algorithm Process
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{Table 4> Research Result
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5 0.6809 0.8718 0.4595 0.6018 0.9019 0.8821 0.9021 0.8906
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25 0.9722 1.0000 0.9495 0.9741 0.9474 0.9307 0.9555 0.9412
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