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Abstract: In the semiconductor industry, achieving a high production yield is a very important issue.
Wafer bin maps (WBMs) provide critical information for identifying anomalies in the manufacturing
process. A WBM forms a certain defect pattern according to the error occurring during the process,
and by accurately classifying the defect pattern existing in the WBM, the root causes of the anomalies
that have occurred during the process can be inferred. Therefore, WBM defect pattern recognition
and classification tasks are important for improving yield. In this paper, we propose a deep convolu-
tional generative adversarial network (DCGAN)-based data augmentation method to improve the
accuracy of a convolutional neural network (CNN)-based defect pattern classifier in the presence
of extremely imbalanced data. The proposed method forms various defect patterns compared to
the data augmentation method by using a convolutional autoencoder (CAE), and the formed defect
patterns are classified into the same pattern as the original pattern through a CNN-based defect
pattern classifier. Here, we introduce a new quantitative index called PGI to compare the effectiveness
of the augmented models, and propose a masking process to refine the augmented images. The
proposed method was tested using the WM-811k dataset. The proposed method helps to improve
the classification performance of the pattern classifier by effectively solving the data imbalance
issue compared to the CAE-based augmentation method. The experimental results showed that the
proposed method improved the accuracy of each defect pattern by about 5.31% on average compared
to the CAE-based augmentation method.

Keywords: wafer bin map; wafer defects; deep learning; data imbalance; data augmentation

1. Introduction

As the Fourth Industrial Revolution has continued to develop, the semiconductor
market has also continued to grow rapidly. In addition, the emergence of 5G, artificial intel-
ligence (Al), and the Internet of Things (IoT) have contributed to further driving demand
in the semiconductor market. High-performance integrated circuit (IC) chips are currently
used in many industries that are receiving a considerable amount of attention, such as Al,
IoT, autonomous vehicles, smartphones, and smart devices. Accordingly, the demand for
high-performance IC chips has significantly increased. To meet this demand, the modern
semiconductor manufacturing industry has developed to include mass production systems
that entail numerous processes. Since the productivity of semiconductors derives from
the yield of the involved wafers, various studies have been conducted to increase this
yield [1-3]. Since the manufacturing processes for semiconductor ICs are sequential, minor
anomalies in a given process can lead to potential yield degradation in the subsequent pro-
cess. Therefore, it is important to effectively control the manufacturing process to achieve
high yields [4]. In particular, for semiconductors, the time from design to production
is relatively long; thus, if errors cause delays, significant losses accumulate. Therefore,
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quickly identifying the root causes of process anomalies and solving problems early are
important tasks for achieving a high yield in semiconductor manufacturing. However, as
semiconductor ICs continue to be miniaturized and design complexity increases, many
defects continue to occur in the semiconductor manufacturing process [5].

Various methods are being studied to determine the root cause of such errors so that
they can be corrected quickly. One such method uses the wafers generated during the
overall manufacturing process. Prior to performing the packaging process, various electrical
tests are performed on a generated wafer to ensure the function of the semiconductor
product. As a result, a wafer bin map (WBM) can be obtained from the test result. A wafer
is composed of a large number of dies, and a WBM refers to a wafer map that records
spatial information of good and failed chips on a wafer, as determined through probe
testing. In semiconductor manufacturing, WBMs are used to visualize defect patterns
and identify potential process anomalies. Failed dies on wafers tend to form clusters [6],
and the type of defect pattern that appears on the wafer provides process engineers with
indirect information regarding the root causes of errors in the manufacturing process.
Figure 1 shows examples of the various potential defect patterns of a wafer map. Here,
failed dies are shown in yellow, good dies are shown in green, and non-wafer areas are
shown in purple. As can be seen in Figure 1, the defect patterns in a WBM can be visually
classified according to the spatial shape in which defect clusters are located on the wafer.
These classified defect patterns provide information related to issues encountered in the
semiconductor manufacturing process based on the defect type [7]. For example, ‘center’
patterns can occur when there is a problem with wafer thickness uniformity during the
chemical-mechanical planarization process; an ‘edge ring’ pattern can occur because of
a problem during the etching process; an ‘edge location” pattern can occur when there
is a problem in the thin film deposition process; and ‘scratch” patterns can occur due to
improper handling of the wafer [8,9]. Engineers can infer how defect patterns arise based
on the visual information obtained through WBMs and their domain knowledge. Based
on this inference, an abnormal process can be corrected to improve the yield. Therefore,
accurately and efficiently classifying defect patterns is an effective means for identifying
the root cause of a defect and improving both the yield and process reliability. However,
most companies rely on the eyes and experience of skilled engineers to identify specific
WBM defect patterns. This is highly labor-intensive and time-consuming work. In addition,
since WBMs are classified according to specific defect patterns in keeping with the domain
knowledge and judgment of each engineer, there is a problem in that the classification
standard is not constant. To address this problem, several studies have been conducted to
classify defect patterns of WBMs through automated processes [10].

In a recent study, several researchers applied various machine learning (ML)- and
deep learning (DL)-based [11] approaches to WBM analysis to improve the performance of
the involved automated processes. To achieve a high automation performance with ML-
and DL-based approaches, a sufficient number of WBMs for each defect pattern is required
to classify each defect pattern. However, in the semiconductor manufacturing process, the
incidence rates for each defect pattern differ. In addition, even if classified as belonging to
the same defect pattern, the spatial location, shape, and size of the clustered defects on a
given wafer may vary depending on the WBM in which the defect occurs. A new WBM
that has not been used for classifier training can degrade the classification accuracy of the
classifier, which is one of the reasons it is difficult to improve the performance of WBM
defect pattern classifiers through ML and DL techniques. Therefore, achieving a high WBM
classification accuracy requires an appropriate WBM augmentation method to solve the
data imbalance problem as well as an index to evaluate it.
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Figure 1. Examples of WBM defect patterns.

7

In this paper, we discuss an appropriate augmentation method for improving WBMs
defect pattern classification performance when the data imbalance in the available WBMs
data is extreme. To confirm the effectiveness of the proposed method, we used two aug-
mentation models—a deep convolutional generative adversarial network (DCGAN)-based
model and a convolutional autoencoder (CAE)-based model—which were trained using
real-world data generated during the semiconductor manufacturing process. We performed
comparative experiments to assess the classification accuracy and effectiveness of each
augmentation method. The classification accuracy according to each defect pattern was
calculated from a convolutional neural network (CNN)-based defect pattern classifier. The
experimental results showed that the DCGAN-based augmentation method can provide an
improved WBM classifier performance compared to the CAE-based augmentation method
when augmenting a very small amount of WBM defect data. In the present work, we
propose a new index with which to quantify the performance of augmentation methods
and evaluate the effectiveness of augmentation methods using this index.
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This paper is organized as follows. In Section 2, we present a brief overview of the
related works. In Section 3, we introduce the proposed method in detail. In Section 4, we
describe the experimental setup and results, and conduct an analysis. In Section 5, we
discuss the experimental results. Finally, we conclude this work with a look towards future
work in Section 6.

2. Related Works
2.1. Deep Learning

Deep learning is being widely used in various fields, not just in the industrial sector,
to solve difficult problems that were previously considered unsolvable. With its ability
to analyze and learn from vast amounts of data, deep learning has proven to be effective
in fields such as healthcare, finance, and even entertainment [12]. It has been used to
diagnose diseases, predict market trends, and create personalized recommendations for
users. The versatility and potential of deep learning make it a valuable tool for solving
complex problems and advancing various industries. Alabdulkreem, Eatedal et al. pro-
posed a Metaheuristic with Weighted-Fusion-Based Insider Data Leakage Detection and
Classification (MWEF-IDLDC) model, which applies three DL techniques including LSTM
(Long Short-Term Memory), GRU (Gated Recurrent Unit), and SAE (Stacked Autoencoder)
for ubiquitous computing systems [13]. Yang Yu et al. applied a 2D CNN-based model
to predict the torsional strength of reinforced concrete (RC) beams. They showed that
their proposed 2D CNN model performed better than other machine learning models [14].
Additionally, in [15], they proposed a novel hybrid framework of optimized deep learning
models combined with multi-sensor fusion.

2.2. Wafer Map Defect Pattern Classification

To effectively increase productivity, various studies have been conducted to minimize
unexpected process abnormalities that occur during the manufacturing process [16-18].
In particular, as mentioned in Section 1, the spatial defect pattern shown on the wafer
map provides information to help identify errors in the related processes. Therefore,
several studies have been conducted to improve yield by identifying the root causes of
the related processes through the spatial patterns shown in WBMs. J. Blue et al. proposed
a spatial analysis spectrum method by which to characterize spatial variations in wafers
without prior knowledge of wafer patterns [19]. Youngji Yoo et al. proposed an analytical
methodology that predicts the results of package testing from the properties obtained by
analyzing the defect patterns of wafer maps at the chip level [20].

In recent studies, ML and DL approaches to analysis have been actively examined.
Cheng Hao Jin et al. proposed a WBM defect pattern detection method that can simul-
taneously detect single defect patterns and mixed defect patterns of WBMs using the
density-based spatial clustering of applications with noise (DBSCAN) [8,21]. DL-based
classifiers using CNN methods [22] in image classification tasks have exhibited partic-
ularly high performance. Since CNNs achieved state-of-the-art performance in image
classification in 2012, DL has shown excellent performance in image classification and
computer vision to date [23,24]. Yang et al. experimented with WBM pattern classi-
fiers through various ML structures (SVM/AdaBoost/XGBoost), including CNNs. They
showed that the proposed CNN model performed better in the WBM classification task
than other ML-based classifiers [25]. As such, various methods have recently been studied
to create better-performing WBM pattern classifiers using various ML /DL approaches.
However, achieving a high-performance defect pattern classification accuracy with ML /DL
approaches typically involves a large amount of defect pattern data.

2.3. Data Augmentation

In the manufacturing industry, since the number of normal products far exceeds the
number of defective products, it is difficult to secure a large quantity of defective data. If the
number of defect patterns used in the model learning is significantly low, the model cannot
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sufficiently learn features to accurately classify these defects. This reduces the classification
accuracy of the model. Additionally, the number of each defect pattern collected through
industrial data is imbalanced because the frequency of occurrence for each defect pattern
varies depending on the abnormality occurring in the process. To address this problem,
various data augmentation methods are used to improve the performance of classifiers.
Data augmentation is a method used to increase the size of the training set to be used
for classifier learning by artificially generating a training sample. The generated samples
should be as close to authentic as possible, and ideally should not allow us to determine
whether they were artificially generated or not. Classical image data augmentation methods
include resizing, rotating, or inverting the training data, as well as changing the brightness
of, cropping, or enlarging the image. This is an effective data augmentation method for
learning several image classifiers. However, some of these methods are unsuitable for use
in classifying wafer map defect patterns because these methods destroy the characteristics
that distinguish the defect patterns present on WBMs. For example, when the middle
region of a WBM with a ‘center” defect pattern is cropped and used for model learning,
the classifier fails to fully learn the important features that distinguish ‘none” from ‘center.’
As such, training the classifier by augmenting the data in a way that is not suitable for
the characteristics of the data degrades the performance of the model. Therefore, in order
to improve the performance of the classifier, it is important to select an appropriate data
augmentation method. The following two strategies are widely known as methods for
improving the classification performance of such imbalanced data.

(1) Transfer learning [26]: Transfer learning is not a data augmentation method, but it
is a way to improve the classification performance of imbalanced data. Transfer learning is
a method that can be generalized to classify a small number of data using a pre-trained
model with a large amount of data.

Zongli Shen et al. showed that in the case of a wafer map with a significant class
imbalance problem, the transfer learning structure proposed in their paper identified
defects better than a general CNN structure [27]. However, the disadvantage of transfer
learning is that it requires a lot of effort to tune the hyperparameters to fit the model being
used.

(2) Sampling techniques: Another way to improve the classification performance is
to use sampling techniques to address data imbalance. Two types of sampling methods
are typically used. The first is the under-sampling method of reducing the number of
relatively large classes compared to other classes to evenly match the overall ratio, and the
other is the over-sampling method of increasing the data of insufficient classes compared
to other classes. Under-sampling methods can be used to balance classes, but insufficient
samples per class can result in the loss of useful characteristics for classifiers in learning
class diversity. It could be alleviated by means of over-sampling methods. In the context
of classifier training, it is crucial to consider not only the quantity but also the quality and
diversity of data to prevent classifiers from being biased towards certain areas of the image.
A classifier trained on a small amount of data may exhibit overfitting, causing it to be
overly biased towards the given training data. Similarly, a large amount of training data
alone does not guarantee generalization if the diversity of the data is lacking. Hence, it
is essential to ensure the quality and diversity of data when securing data for classifier
training. Therefore, the over-sampling method is needed to increase the number of samples
in an appropriate manner. Furthermore, appropriate data augmentation methods should
be applied to over-sampling methods to prevent overfitting.

Takeshi Nakazawa et al. created a synthetic wafer map with a specific defect pattern.
The authors showed that a CNN model trained only on synthetic wafer maps for network
training could classify real wafer maps with a high accuracy. The authors showed that the
network was not significantly overfitted by using real wafer map images as a validation
data set [28]. Shon et al. proposed automatic techniques using a policy search strategy
to reduce the human effort required to augment WBM data. They considered rotation,
flipping, shifting, shearing range, and zooming as data augmentation methods to effec-



Appl. Sci. 2023,13, 5507

6 of 22

tively solve data imbalance problems [29]. Kang proposed a rotation-based augmentation
method as a way to mitigate the decrease in the accuracy of the classifier due to the lack of
WBM defect patterns [30]. The author augmented wafers by seven times compared to the
original wafer by rotating it by 90 degrees and flipping the rotated wafer horizontally. From
the experimental results, the author argued that CNN models that learn augmented data
through rotational augmentation methods can achieve a higher classification performance
by providing consistent predictions of rotational variations. YongSung Ji and Jee-Hyong
Lee proposed a DCGAN-based augmentation model to generate imbalanced WBM defect
patterns. The authors showed that a classifier that has learned wafers generated from a
DCGAN:-based augmentation model exhibited a higher classification performance than
a classifier that has learned wafers generated from rotation-based augmentation tech-
niques [31]. As such, several studies have been conducted on data augmentation methods
to improve the classification performance of WBM defect patterns. In addition, because it
is difficult to collect abundant industry data, predicting the appropriate sample size of the
training data required for training a classifier is the most common limitation to consider
in reality. Addisson Salazar et al. proposed a ‘proxy approach’ to measure the degree of
convergence of other functions related to the final error probabilities of the classifiers to
predict the optimal learning sample size required for learning the classifiers [32]. Instead of
calculating the actual error probability of the classifier according to the training set size,
they calculated a proxy curve represented only by the training set size and a function repre-
sented by feature space dimension to obtain the optimal training sample size. However,
the results of studies on numerical analysis related to the efficiency of the methods applied
to solve the data imbalance problem remain unclear.

2.4. Generative Adversarial Networks

Generative adversarial networks (GANSs) [33] are widely used as a generative model.
GAN:Ss are deep-learning algorithms of unsupervised learning. A GAN learns the features
of the input data to generate new data. Fundamentally, a GAN consists of two types of
networks: generator networks denoted by D(x), and discriminator networks denoted by
G(z). The generator receives random noise as an input value and generates data through
the generator network. The discriminator network determines whether the real data
and generated data from the generator network are ‘real’ or ‘fake’. Next, the generator
network updates the network so that the generated data are determined to be ‘real” from the
discriminator network. Through this process, the GAN can generate more realistic images.
In [28], the relationship between G(z) and D(x) is defined by the two-player-minimum
game and expressed by the following:
log D(x)] + Ezp, () log[1 — D(G(2))] ©)

mGin max V(D,G) = Exp,.(x)]
where x ~ pgu.(x) is sample x from the real distribution, z ~ p;(z) is the sample latent
vector z from the Gaussian distribution, 0 < D(x) < 1,and 0 < G(z) < 1.

Since the GAN was first introduced by Ian Goodfellow in 2014, various studies
have been conducted to improve its performance, with the DCGAN in [34] being one.
To better learn the features of images, the DCGAN adds a convolutional layer to the
conventional GAN. In the present work, we constructed a DCGAN-based WBM defect
pattern augmentation model to address data imbalances.

3. Proposed Methodology
3.1. Overview

In this paper, we propose a DCGAN-based WBM augmentation model as a data
augmentation method for improving the performance of WBM defect pattern classifiers
on extremely imbalanced WBM datasets. Figure 2 shows a schematic of the proposed
methodology. First, (a) the WBMs to be used for augmentation for each defect pattern are
selected. Here, the number of WBMs for each defect pattern selected for augmentation was
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limited to not exceed 20% of the corresponding defect pattern to maintain the imbalance
between each defect pattern and the deficiency of the number of defects. Next, (b) a
DCGAN-based WBM augmentation model is trained using the selected WBM. Then, (c) the
wafer augmented with a DCGAN-based model is refined using a masking process. This
step corrects errors in the augmented WBM without manual intervention and improves
the quality of the generated WBM. After this, (d) the refined WBM is used to train a CNN-
based WBM defect classifier. We constructed a CNN-based WBM defect pattern classifier
to determine the quality of WBMs generated by CAE-based augmented methods and
DCGAN:-based augmented methods, comparing the two types of methods based on the
accuracy of the model. Additionally, we propose an index for numerically estimating the
polymorphism of generative models and compare the performance of generative models
using the index, which we named the polymorphic generative index (PGI).

‘ Select WBMs for Augmentation of Defect Pattern |

l

‘ DCGAN-based WBM Augmentation |

l

‘ Masking Process |

!

‘ WBM Defect Pattern Classification |

l l

‘ Accuracy ‘ ‘ PGI |

Figure 2. Schematic of the proposed methodology.

For defect pattern recognition and classification of the experiments, we defined each
WBM via classification as one of the nine defect patterns represented in Figure 1. We used
the WM-811k dataset [35] for our experiments. The WM-811k dataset was used to train
and test the WBM augmentation model and the CNN-based WBM defect pattern classifier.

3.2. Dataset and Pre-Processing

The WM-811k dataset includes the largest quantity of publicly available WBM data.
The WM-811k consists of approximately 811,000 WBMs produced by the semiconductor
industry. In the WM-811k dataset, labeled wafers account for 21.3% of the total data, or
172,950 wafers, and among the labeled wafers, those labeled with defect patterns account
for 3.1% of the total, or 25,519 wafers. When labeling, the WM-811k dataset assumed that
one wafer map had one defect pattern. Here, the label consisted of a total of nine defect
patterns, including the ‘none’ pattern (i.e., no defect on the wafer).

To reliably train defect pattern classifiers and generative models, dependable and
clearly labeled data are required. As mentioned above, the WM-811k dataset has a signifi-
cant amount of unlabeled data, and the wafers that make up this dataset are of 632 different
sizes. Therefore, it is not suitable to use the WM-811k dataset directly for experiments, and
appropriate preprocessing steps must be performed.

We preprocessed the WM-811k dataset in the following order. First, we selected all
(26, 26)-sized WBMs. Since the WBMs of wafer size (26, 26) had all been labeled by domain
experts, this was an effective way to obtain WBMs that were well refined and uniform
without performing unnecessary work for data preprocessing. Table 1 shows the number
of WBMs of (26, 26) size in the WM-811k dataset. As shown in Table 1, most defects
were classified as ‘none’, and the frequency of the occurrence of each defect pattern was
significantly less than that of the ‘none’ pattern. In addition, the frequency of occurrence
for each defect pattern was extremely different. We used two different data augmentation
methods to address these data imbalance problems and compared the performances of
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each method. Figure 3 shows the proportion of each defect pattern, excluding the ‘none’
pattern, among the (26, 26)-sized WBMs selected for experiment in the WM-811k dataset.

Table 1. The number of each defect type in the WM-811k dataset wherein the wafer size is 26 x 26.

Defect Type Number of Samples
Center 90
Donut 1
Edge-Location 296
Edge-Ring 31
Location 290
Near-Full 16
Random 74
Scratch 72
None 13,489
40
35 /
30
25
20

15
10

N\

X

Frequency of Defect Pattern (%)

N\
@ (‘ o N Q) N
Q,(\ Q Q;'\/ 9‘* A2 Y (\b &
¢S &5 & P

Figure 3. Defect pattern frequency of WM-811k at size 26 x 26, excluding ‘none’ pattern.

Next, the selected (26, 26) WBMs were resized to (64, 64). This preprocessing procedure
helps the WBMs generated through the generative model to include more diverse types
of defect bits compared to the case wherein the 26 x 26-sized WBM is used for generative
model learning. After resizing, we mapped the ‘good’ die, ‘failed” die, and ‘non-wafer areas’
to different channels. In the WM-811k dataset, a WBM is composed of a combination of
numbers 0, 1, and 2. We reconstructed the original dataset of (26, 26) shape into a (64, 64, 3)
shape, specifying that only one of the same coordinates of each reconstructed channel had
a value of 1, while the rest had a value of 0. In other words, the (n, m) coordinates of the
reconstructed WBM had one of the values of [1, 0, 0], [0, 1, 0], or [0, 0, 1], where 0 < n < 63,
0<m <63.

As shown in Figure 3, there were extreme differences between the frequencies of the
occurrence of defect patterns. This data imbalance is common in industry data. To prove
the effectiveness of the proposed generative model on extremely imbalanced data, we
selected only a part of the original data and used it for augmentation model learning; the
remaining original WMBs were not used for learning. At this time, the data were selected
so that the imbalanced nature of the original data was maintained. In Figure 4, the ratio of
the number of the WBMs selected for augmented model learning to the number of original
WBMs with the (26, 26) shape in the WM-811K dataset is shown for each defect pattern. As
can be observed in Figure 4, we selected WBMs at various ratios from a minimum of 2.7%
to a maximum of 18.75% for each defect pattern, except for the ‘donut” pattern. As shown
in Table 1, there was only one ‘donut’ WBM in the WM-811K dataset with a 26 x 26 shape.
Since there was only one original WBM for this pattern, the accuracy of the classifier may
indicate how similar the WBM generated using the defect pattern was to the original WBM,
but not how much diversity the generative model can augment for that defect pattern. In
this paper, we compare the classification accuracy of the generated WBM and the original
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WBM using two types of augmentation models, respectively. We also cross-validate the
classification accuracy of WBMs generated via two different augmentation methods to
numerically compare the efficiency of each augmentation model. In addition, we quantify
the augmented effects of both augmentation models through the PGL

100
90
80
70
60
50
40
30
20

10
0 2|

Selection rate (%)

Figure 4. Percentage of WBMs selected for augmentation among the specified WBMs for each
defect pattern.

3.3. DCGAN-Based Generative Model

Figure 5 shows the architecture of the proposed DCGAN. As described in Section 2.4,
DCGAN consists of two types of networks: a generator network and a discriminator network.
Tables 2 and 3 show the detailed structures of the generator network and the discriminator
network of the DCGAN-based model to augment each defect pattern, respectively.

Real WBMs

(64x64%3) Discriminator

Fake WBM

Random (64x64x3)

Noise
(100)

Figure 5. The architecture of the proposed DCGAN.

Table 2. Generator network architecture and hyperparameters.

Layer Kernel Size, Stride No. of Parameters Output Shape
Input - - (100)

Dense - 6,553,600 (16, 16, 256)
Reshape - - (16, 16, 256)
Convolutional 5x5x128,1 819,200 (16, 16, 128)
Batch Normalization - 512 (16, 16, 128)
Convolutional 1x1x128,1 16,384 (16, 16, 128)
Batch Normalization - 512 (16, 16, 128)
Convolutional 5x5x64,1 204,800 (32,32, 64)
Batch Normalization - 256 (32,32, 64)

Convolutional 5x5x3,1 4800 (64, 64, 3)
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Table 3. Discriminator network architecture and hyperparameters.

Layer Kernel Size, Stride No. of Parameters Output Shape
Input - - (64, 64, 3)
Convolutional 5x5x64,2 4864 (32,32, 64)
Dropout (0.4) - - (32,32, 64)
Convolutional 5x5x128,2 204,928 (16, 16, 128)
Dropout (0.4) - - (16, 16, 128)
Flatten - - (32,768)
Dense - 32,769 1

The generator network configured as shown in Table 2 received 100 noise vectors
following Gaussian distribution and generated a WBM image of (64, 64, 3) shape. The
activation function of the generator network was scaled as the exponential linear unit
(SELU), and the tanh function was used as the activation function of the last convolutional
layer. The generator network consisted of a total of three convolutional layers. Usingal x 1
convolutional layer on CNN was shown to be effective in reducing the dimensionality of
the model, reducing computational requirements, enhancing nonlinearity, and preventing
overfitting [36,37].

The WBM of (64, 64, 3) shape augmented from the generator network was used to train
the discriminator network, and the discriminator network was trained to discriminate the
authenticity of the images generated by the generator network. The discriminator network
was composed of two 5 x 5 convolutional layers and two dropout layers. The leaky
rectified linear unit (ReLU) (« = 0.2) was used as the activation function of the discriminator
network, and the sigmoid function was used as the activation function for the dense layer.

3.4. Masking

In order for the augmentation method to be applied in the industry, stable aug-
mentation performance must be guaranteed. However, it is already widely known that
GAN-based models are difficult to train and easily become unstable due to issues such
as mode collapse, Nash equilibrium, and non-convergence. These problems degrade the
quality of the augmented WBMs and cannot guarantee the quality of the generated WBMs.
Moreover, there was a problem with broken edges in some wafers in the WM-811k dataset.
Augmented WBMs using imperfect WBMs, such as broken-edge WBMs, are a factor that
can impact the overall quality of the classification model’s reliability. To alleviate the
imperfections of the augmented WBM and ensure the reliability of the generative model,
it is effective to properly calibrate the augmented wafer. In [38], the authors improved
the quality of augmented wafers through wafer repair when the shape of the wafer was
deformed, or when a good bit or failed bit was in the wrong location on the wafer map
(e.g., outside the wafer area).

As mentioned above, GAN-based augmentation model learning can be unstable,
which can sometimes lead to the production of low-quality augmented images. It is labor-
intensive to manually remove these low-quality augmented images, and even if such
manual work is performed it is difficult to solve the problem of deviation in the quality
of the augmented WBMs due to problems caused by worker bias. Therefore, we refined
the augmented WBMs through a defined process. We performed the masking process
on the augmented WBMs to correct the errors in the WBMs. The masking process was
performed with the following steps. First, assuming that the size of the generated WBM
was 2r X 2r, a circle with a radius of » was formed. The circle formed was called the
masking wafer. The inner region of this circle was assumed to be the inner area of the
original wafer. After overlapping the masking wafer and the generated WBM, the good bits
and the failed bits which formed outside the wafer of the generated WBMs were removed.
The removed bits were marked as areas outside the wafer. Figure 6 shows the process of
refining the WBMs via the masking process (Figure 6a is an example of a WBM augmented
with poor quality by an augmentation model). Then, the masking wafers on the augmented
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WBMs were covered, as shown in Figure 6b,c. The good/failed bits were removed from
the areas outside the wafer. The masking process had the advantage of being able to check
whether a defect pattern occurred at the incorrect spatial position on a given wafer. A WBM
augmented through the DCGAN-based model tended to be augmented by focusing on the
features constituting the defect pattern on the wafer rather than the absolute spatial shape
of the wafer; thus, the boundary between the wafer itself and the outside of the wafer may
appear ambiguous. The masking process thus ensures that the generated WBM maintains
the shape of the original wafer. It is possible to ensure the quality of the augmented wafer
while reducing the labor (human power) required for manual operation by an engineer.

Failed bits formed outside
the wafer area

o

~

A .. I

(b) (c)

Figure 6. Masking process for wafer refining: (a) augmented WBM with poor quality; (b) masking
wafer; (c) refined augmented WBM.

3.5. Prediction Model

In this study, to verify the performance according to the generated WBMs, a CNN-
based classification model was used to test the classification accuracy according to each
defect pattern. As noted in Section 2, the CNN is effective in classifying WBM defect
patterns. We constructed a deep CNN model with three convolutional layers, three max-
pooling layers, and two fully connected layers for the experiment. Table 4 shows the CNN
structure and hyperparameters constructed for the experiments. In the CNN structure,
all convolutional layers used the ‘same’ padding and the ReLU function as an activation
function. ReLU was used as the activation function of the first fully connected layer, and the
softmax function was used as the activation function of the second fully connected layer.

Table 4. CNN architecture and hyperparameters.

Layer Kernel Size, Stride No. of Parameters Output Shape
Input - - (64, 64, 3)
Convolutional 3x3x321 896 (64, 64, 32)
Max-Pooling 2x2,2 - (32,32, 32)
Convolutional 3x3x64,1 18,496 (32,32, 64)
Max-Pooling 2x2,2 - (16, 16, 64)
Convolutional 3x3x64,1 36,928 (16, 16, 64)
Max-Pooling 2x2,2 - (8, 8, 64)
Flatten - - (4096)
Fully Connected - 1,048,832 (256)
Fully Connected - 2313 )

3.6. Polymorphic Generative Index

To evaluate the effectiveness of the proposed generative model, a quantitative index is
needed to evaluate how diversely the model augments the data. Although many studies
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have been conducted to evaluate the performance of the generative model, agreed-upon
criteria for evaluating the GAN model have not yet been clearly established. The most
common and intuitive method for evaluating the performance of GAN is manual evaluation,
which entails a visual evaluation by human judges, such as via the use of Rating and
Preference Judgment and the use of Rapid Scene Categorization. However, this qualitative
method is subjective because the indicators vary based on the evaluator’s stereotypes or
biases, and its application is limited because it is greatly influenced by the evaluator’s
domain knowledge. In addition, it is difficult to verify the problem of GAN methods, such
as mode collapse. Therefore, to solve this problem, the need for quantitative evaluation
indicators has emerged.

In general, GANs are evaluated in terms of ‘quality’, or how similar the generated
images are to the original images, and ‘diversity’, i.e., whether they can generate a variety of
images across different kinds of noise vectors. The representative metrics used to evaluate
GAN are IS (inception score) [39] and FID (Fréchet inception distance). In general, IS is
measured using the ImageNet pre-trained model, Inception v3, and the calculation of IS is
performed as follows:

IS = exp (Ex~py, Dxr(P(y | %) || P(y))) @)

where x ~ pj,, means that x is an image sampled from p;u,; D (P(y | x) || P(y)) is
the Kullback-Leibler divergence between the distributions P(y | x) and P(y); P(y | x) is
the conditional class distribution; and P(y) = [, P(y | x)Pja(x)dx is the marginal class
distribution for noise vectors z. In the present work, IS was calculated for each class
according to the preceding equation, with a large IS value indicating that the generation
model had a better generation performance.

However, IS has the following disadvantages: large IS values are achieved even if the
augmentation model repeatedly generates one good quality identical image for each class of
the classifier. This means that IS cannot measure inner diversity within a class of generative
models. In other words, IS is vulnerable to mode collapse evaluation. Furthermore, high
IS values are achieved even when a GAN replicates training data exactly. When the
augmentation model generates only one image per class, P(y) comes close to a uniform
distribution, even if the diversity is low. This causes IS to exhibit a distorted performance.
Additionally, unlike human cognition, deep learning networks consider style to be more
important than content. That is, image classification networks consider texture more than
shape in terms of input data [40,41]. Thus, even if the augmented model outputs results that
differ from human thinking, IS can achieve high numbers. Therefore, sometimes IS may
not be suitable for evaluating the performance of the augmentation model. Furthermore, IS
uses the Inception v3 model, a pre-trained model based on the ILSVRC 2012 dataset, which
implies that it is best suited to the evaluation of the 1000 object types used in the ILSVRC
2012. This means that IS is not suitable for the evaluation of all aspects of interest to us.

IS evaluates performance using only the distribution of the generated images, while
the FID compares the distribution of generated images with the distribution of a set of real
images of the target domain. The FID uses Inception v3 as a feature extractor to extract
the activation map between the real image and the generated image. Then, the FID is
obtained by measuring d?, which is the two-Wasserstein distance between the probability
distribution of the real image r and the probability distribution of the generated image g.
The FID is calculated as follows:

FID(, o) = d® = ||t — pgll3 — Tr (T + Zg — 25,%) ©)
where py, jig, and ¥, ¢ represent the mean and covariance matrices of feature vectors’
output by the real images of the target domain and the generated images via the Inception
v3 model, respectively. Tr is the sum of the diagonal component of the matrix.

The FID obtained by measuring the distance between the activation distributions of
the two images has a lower value, as similar images are obtained. The FID entails that the
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distance between sets of images of the same class is closer than that of other images of the
class, and the distance between completely different sets of images is further than that of
other images of the class. Therefore, a generated image with a low FID can be considered
similar in probability distribution to the real image, which can be evaluated as generating
a high-quality image given that the FID of the augmentation model is measured lower.
Furthermore, the FID is able to evaluate the quality of the generated image more robustly
than IS because the distance value is higher if the model generates only one image per class.
For example, the generated image is more sensitive than IS when it contains noises such as
blurring and mosaic compared to the original image.

However, the FID has the following disadvantages. (A) ILSVRC 2012-based pre-
trained models such as Inception v3 are required. As noted in the description of IS, ILSVRC
2012-based pre-trained models may not be suitable for specific domains such as WBM
classification; (B) it is recommended that FID is calculated using a minimum sample size of
10,000, otherwise, the true FID of the augmentation model may be underestimated [42]. As
such, it is difficult to obtain the 10,000 sample data entries recommended for FID evaluation
when the deviation between normal and abnormal data is large and collection is difficult,
as it is for industrial data. In this paper, we propose PGI as a new index to numerically
verify the effectiveness of an augmentation model. The PGI is obtained by comparing the
number of original data used in augmentation model learning to the number of original
data for each class correctly inferred through the preceding classifier; the corresponding
equation is as follows:

PGI — Ncorrect @)

NAugment
where Ncyrect is the number of original wafers correctly classified through the classifier,
N Augment is the number of original wafers used to augment the data, and 0 < PGI < Ncorrect-

The PGI is obtained for each defect pattern. The obtained PGI can be expressed as
PGlcenter, PGlponut, PGIp. for each defect pattern. In the present work, the PGI was
used to numerically verify how many various defect patterns can be formed with respect
to the original defect pattern per WBM used for data augmentation. We estimated the
quantitative effect of the augmentation model by calculating the PGI. The closer the PGI
was to Ncgrrect, the higher the performance of the augmentation model for the class; the
closer the PGI was to 0, the lower the performance of the augmentation model.

4. Experimental Results

In this section, the DCGAN-based augmented WBMs and CAE-based augmented
WBMs were found through the CNN described in Section 3.5, and then the classification
accuracy and PGI of each model were used to compare and analyze the performance of the
generative model.

Our experimental environment was Windows OS (Redmond, Microsoft, WA, USA)
with an Intel i9-10920 x 3.60 GHz CPU, GeForce RTX 3060 GPU, and 64 GB of memory.
The models were trained on Keras 2.5.1 (with Tensorflow 2.5) using Python 3.8.5.

4.1. CAE-Based Generative Model

As described in Section 2, there have been several studies that have applied CAE-
based augmentation methods to resolve the data imbalance in WBMs. CAE is used as
an effective unsupervised learning method that can be applied even when there is an
imbalance between classes in the training data [43].

Table 5 shows the structure of the CAE-based augmentation model used in the ex-
periment to compare the performance of the DCGAN-based augmentation model. Data
augmentation using a CAE is performed by adding noise to the latent vector generated as a
result of passing the CAE encoder learned through the original data to generate data similar
to the WBM used for learning. After the training of the CAE-based model is completed, the
encoder and decoder generate a WBM that is similar to the input by passing it through the
network. We used ReLU for the activation function of all layers except for the activation
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function of the output layer of the decoder; we used mean squared error (MSE) as the cost
function, and Adam as the optimizer. Sigmoid was used for the activation function of the
output layer of the decoder.

Table 5. Convolutional autoencoder architecture and hyperparameters.

Part Layer Kernel Size, Stride  No. of Parameters Output Shape
Input - - (64, 64, 3)
Convolutional 3x3x64,1 1792 (64, 64, 64)
Max-Pooling 2x2,2 - (32,32, 64)
Encoder Convolutional 3 x3x128,1 73,856 (32,32, 128)
Max-Pooling 2x2,2 - (16, 16, 128)
Convolutional 3 x3x256,1 295,168 (16, 16, 256)
Max-Pooling 2x2,2 - (8, 8, 256)
Conv. Transpose 3 x3x256,1 590,080 (8, 8, 256)
Up-Sampling - - (16, 16, 256)
Conv. Transpose 3x3x128,1 295,040 (16, 16, 128)
Decoder Up-Sampling - - (32,32, 128)
Conv. Transpose 3x3x64,1 73,792 (32,32, 64)
Up-Sampling (64, 64, 64)
Conv. Transpose 3x3x31 1731 (64, 64, 3)

o = 0.2 was used for the noise added to the latent vector. Here, o means a value to
be multiplied by a random value that follows the normal distribution added to the latent
vector generated through the encoder of the CAE so that the CAE-based model can form
more diverse defect patterns. The shape of the WBM generated using a CAE depends on the
value of ¢ to be multiplied by the Gaussian noise added to the latent vector. When a small
value of ¢ is used, the WBM generated from the CAE simply forms a highly similar shape
to that of the original WBM. In this case, there is a concern that the augmented dataset
may be biased toward specific defect patterns. On the other hand, if ¢ is set too high, the
generated WBM may show a defect pattern deviating from the pattern characteristics of the
original WBM. In this case, the generated WBM may not satisfy the classification criteria of
the dataset.

4.2. Augmented Results

Figure 7a—c show examples of WBMs with a ‘donut” defect pattern generated through
each augmentation model. Figure 7a shows the original WBM used to train the augmenta-
tion model, and Figure 7b,c show the output results of each augmentation model trained
using the original WBM. As shown in Figure 7b, the CAE-based model produced almost
the same results as the original WBM. However, as shown in Figure 7c, the DCGAN-based
model created more diverse types of WBMs while maintaining the characteristics of the
defect patterns of the original WBM. This applies not only to the ‘Donut’ defect pattern,
but to all defect patterns learned by the DCGAN-based model. Figure 7d displays de-
fect patterns and their labels randomly generated from DCGAN-based models. These
results demonstrate that the DCGAN-based model can generate more diverse WBM defect
patterns than the CAE-based model, not only for the ‘Donut’ pattern but also for several
other defect patterns. Randomly generated WBM defect patterns from the DCGAN-based
model can create WBMs with meaningful variations while maintaining the characteristics
of the defect patterns for all WBMs learned during training. Similar to WBMs generated in
DCGAN-based models, WBMs generated to have more diverse shapes while maintaining
the characteristics of defect patterns alleviate the overfitting of classifiers to specific defect
patterns. This can be seen in the experimental results of Section 4.3.1 and Section 4.3.2.
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Figure 7. Results generated by each augmented model for the ‘donut’ defect pattern: (a) original
wafer (‘donut’); (b) augmented wafers from the CAE-based model (¢ = 0.2); (c) augmented wafers
from the DCGAN-based model; (d) randomly generated defect patterns and their labels from the
DCGAN-based models.

4.3. Performance Evaluation
4.3.1. Comparison of Original Data Classification Performance of Models Trained via
Augmented Wafers

Tables 6 and 7 show the classification performance of the WBM defect pattern classifier
trained through the DCGAN-based model and the WBM defect pattern classifier trained
through the CAE-based model, respectively. As can be seen in Tables 6 and 7, the difference
in the classification accuracy for each defect pattern of the CNN classifier trained with
augmented WBMs in the two augmented models varied from a minimum of 0.57% to a
maximum of 10.81%. Furthermore, for all defect patterns, the performance of the CNN
classifier trained using augmented data from the DCGAN-based model was higher than
that of the classifier trained using augmented data from the CAE-based model.
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Table 6. Confusion matrix of classifier trained with augmented data from DCGAN-based model.

Actual Predicted . . Donut Edge-Loc  Edge-Ring Loc Near-Full Random Scratch None
Center (63.532"/0) 0 0 2 0 0 0 1 (33.33%0/0)
Donut 0 (10(1)%) 0 0 0 0 0 0 (09/0)

Edge-Loc 1 0 (361.22%) 1 12 0 0 4 (541.8&(3)0/0)
Edge-Ring 0 0 0 0 s 0 0 0 0 pr 9

(64.51%) (35.48%)

Loc 21 0 32 0 (30%%% ) 0 0 50 (351.8;1%)
Near-Full 0 0 0 0 0 (101060/0) 0 0 (09/0)
Random 2 1 23 0 9 1 (47,3259%) 3 (Og/o)

Scratch 0 0 0 0 1 0 0 (29?116%) (69.54(31%)

None 7 0 3 0 20 0 0 . (91;:1’)102)

Table 7. Confusion matrix of classifier trained with augmented data from CAE-based model.

Actual Predicted Center Donut Edge-Loc  Edge-Ring Loc Near-Full Random Scratch None
Center (53%%%) 0 0 0 ' ’ ’ ’ (35%260/ 0
Donut 0 (10(1)%) 0 0 0 0 0 0 (09/0)

Edge-Loc 0 0 (27%02%) 34 3 0 0 v (431;2%)

Edge-Ring 0 0 4 (58})53()0/0) 0 0 0 ? (29,3013%)

Loc 23 0 13 0 (22_6%%) 0 2 69 (4112?%)
Near-Full 0 0 0 0 0 (1(}06%) 0 0 (09/0)

Random 2 2 26 0 7 2 7 8 ,

(36.48%) (0%)

Scratch 0 0 0 0 2 0 0 (26.13980/0) (70.58130/0)

None 3 0 11 1 27 0 0 108 (915,55‘2)

In evaluating industrial data classifiers, distinguishing abnormal from normal is as
important as the classification accuracy of each abnormality. The misclassification rate of
all original WBMs was 1.41% lower in classifiers trained with DCGAN-based augmented
wafers than in classifiers trained with CAE-based augmented wafers. In addition, the
classification accuracy for each defect pattern was approximately 5.31% higher in the
classifier trained with DCGAN-based augmented wafers than in the classifier trained with
CAE-based augmented wafers. This showed that the WBMs generated by the DCGAN-
based model had a probability distribution which was more similar to the original WBMs
than the WBMs generated by the CAE-based model.

4.3.2. Comparison of the Performance of Different Augmented Data Classification Models
Trained via Augmented Wafers

Table 8 shows the classification accuracy for each defect pattern in the WBMs gener-
ated by the CAE-based augmentation model using the classifier trained with the WBMs
generated by the DCGAN-based augmentation method. In the same way, Table 9 shows
the classification accuracy for each defect pattern in the WBMs generated by the DCGAN-
based augmentation model using the classifier trained with the WBMs generated by the
CAE-based augmentation method. The experimental results showed that each defect
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pattern-specific accuracy of a model trained via a WBM generated by a DCGAN-based
model was always higher than each defect pattern-specific accuracy of a model trained via
a WBM generated by a CAE-based model, as well as being 14.26% higher on average. Fur-
thermore, the experimental results also showed that WBMs augmented using a CAE-based
model were fully classified by defect patterns in a classifier trained with DCGAN-based
augmented wafers, while some WBMs augmented with a DCGAN-based model were
not accurately classified by a classifier trained through CAE-based models. These results
intuitively show that the DCGAN-based model formed diverse defect patterns compared
to the CAE-based model.

Table 8. Confusion matrix of the classifier trained with data augmented by DCGAN-based model
when using data augmented by CAE-based model as a validation dataset.

Actual Predicted Center Donut Edge-Loc Edge-Ring Loc Near-Full Random Scratch None
Center (13(())30) 0 0 0 0 0 0 0 (OE’)/o)
Donut 0 (1?)(())(0)/0) 0 0 0 0 0 0 (09/0)

Edge-Loc 0 0 (1389/0) 0 0 0 0 0 (09/0)

Edge-Ring 0 0 0 500 (100%) 0 0 0 0 (09/0)

Loc 0 0 0 0 (1?)?)8/0) 0 0 0 (09/0)

Near-Full 0 0 0 0 0 (1339/0) 0 0 (09/0)

Random 0 0 0 0 0 0 (155(())9/0) 0 (09/0)

Scratch 0 0 0 0 0 0 0 (1?](())9/0) (09/0)

None 0 0 0 0 0 0 0 2 (93.96%/0)
Table 9. Confusion matrix of the classifier trained with data augmented by CAE-based model when
using data augmented by DCGAN-based model as a validation dataset.

Actual Predicted Center Donut Edge-Loc  Edge-Ring Loc Near-Full Random Scratch None
Center (1321/0) 0 0 0 13 0 0 4 (Oj%)
A 0 0 17 0 0 %

Edge-Loc 0 0 (;?)6; ) 0 13 6 1 0 (310/50)
Edge-Ring 4 0 12 (23.06%’/0) 2 0 0 22 (713.?;/0)
Loc 1 0 14 0 (93.76%/0> 0 0 0 (2.142"/o>

Near-Full 0 0 0 0 0 (1339/0) 0 0 (09/0)

Random 0 4 8 0 19 %0 (73%9“/0) 10 (09/0)
Scratch 5 0 0 0 1 0 0 (9§ZZ/O) (5.%;/0)
None 0 0 0 0 0 0 0 4 (9;1.926%)

4.3.3. Comparison of PGI

Table 10 shows the PGI for each augmentation method calculated according to the
results of Tables 6 and 7 in Section 4.3.1, above. The selection rate in Table 10 refers to the ra-
tio of WBM used for augmentation to the number of original WBMs for each defect pattern.
As shown in Table 10, the DCGAN-based model had the same or higher PGI compared to



Appl. Sci. 2023,13, 5507

18 of 22

the case of the CAE-based model for all defect patterns. Notably, there was no correlation
between the PGI and the proportion of the original WBMs used for augmentation.

Table 10. Comparison of PGI according to each defect pattern.

Defect Pattern PGIpcgan PGIcag Selection Rate (%)
Center 14.25 12 4.44
Donut 1 1 100
Edge-Location 13.5 10 2.7
Edge-Ring 10 9 6.45
Location 9 6.7 3.37
Near-Full 5.33 5.33 18.75
Random 17.5 13.5 2.70
Scratch 2.5 1.9 13.89
Average 9.135 7.429 19.04

There are several limitations of the PGI when the quantity of the original data is
highly scarce. First, as seen in the “donut’ defect pattern, the PGI cannot exceed 1 when
Npefect = 1, where Npert is the number of WBMs used to generate each defect pattern. In
this case, it is difficult to use the PGI as an indicator reflecting how many distinct defect
patterns the augmentation model can form. Moreover, it is difficult for the PGI to reveal
how many more diverse defect patterns can be formed by augmented models, even when
augmented results using only some defect patterns can generate accurately classifiable
data for all original defect patterns not used for augmentation, as in the case of near-full’
patterns. In other words, the PGI cannot be regarded as a true PGI. In this case, PGI may
be considered to have a value of PGI > Npefect / Naugment- To alleviate the problem of PGI
not reflecting a true PGI, we recommend referring to the results produced via verifying
each augmented data entry using classification models trained using different augmented
models, such as those in the experiments outlined in Tables 8 and 9.

Despite the limitations of the PGI listed above, it remains an effective index for the
performance evaluation of augmented models. The PGI has the following advantages:
first, it is simple and intuitive to calculate. As mentioned in Section 3.6, FID and IS are
the typical metrics used to evaluate the performance of GAN-based generative models.
However, these calculations require pre-trained models, such as the Inception v3 model.
The PGI does not require an additional model for calculation. A large amount of sample
data is required to evaluate the FID. Due to the nature of industrial sites, it is difficult to
obtain a true FID because it is difficult to obtain sufficient abnormal data. Therefore, it may
be difficult to use the FID as an evaluation index of the generation model. The calculation
of the PGI uses relatively fewer sample data compared to FID. The PGI can be used as
an evaluation index for generative models of images specialized to specific areas, such as
industrial data, where it is difficult to apply pre-trained classifiers based on ImageNet. The
PGI reflects the diversity of each class. However, IS is vulnerable to mode collapse due to
its inability to consider inner diversity. For the above reasons, the PGl is easy to use as an
intuitive index for evaluating the performance of a generative model.

5. Discussion

The experimental results in Tables 8 and 9 can be suspected not because the DCGAN-
based model generates more diverse defect patterns than the CAE-based model, but because
the DCGAN-based model creates a completely different type of WBM from the existing
defect patterns. However, the results in Tables 6, 7 and 10 show that this is not a useful
doubt. If the accuracy of the original WBM according to the classifier trained through
the WBM generated from the DCGAN-based model is lower than the classifier trained
through the WBM generated from the CAE-based model, it can be assumed that the WBM
generated from the DCGAN-based model does not reflect the defect pattern characteristics
of the original WBM. However, the experimental results showed that DCGAN-based
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WBM augmentation methods always have a higher classification accuracy for each defect
pattern compared to CAE-based WBM augmentation methods. For example, comparing the
accuracy of ‘random’ defect patterns in Tables 8 and 9, the DCGAN-based model showed
about a 26.2% higher classification performance difference for ‘random’ defect patterns,
and the accuracy of the ‘random’ defect patterns in Tables 6 and 7 was also about 10.81%
higher. The results showed that for all defect patterns, the classification performance of
WBMs augmented from a CAE-based model was lower than that of WBMs augmented
from a DCGAN-based model. Moreover, the CAE-based model tended to form relatively
restrictive defect patterns for all defect patterns compared to the DCGAN-based model.

6. Conclusions

In this paper, we have proposed a DCGAN-based model as an effective way to
augment defect patterns to improve the WBM defect pattern classification performance
in WBM data where class imbalance in datasets is extremely severe. To confirm the
effectiveness of the proposed method, the WBMs generated through two augmented
methods trained using real-world data generated in the semiconductor manufacturing
process were compared in terms of the pattern classification accuracy and the effectiveness
of each augmented method. We have proposed a new quantitative index called the PGI to
compare the effects of the augmented models. We have also proposed a masking process as
a method for solving the problem of the quality degradation of augmented WBMs due to
the tendency to augment by focusing on the defect pattern characteristics on wafers rather
than absolute coordinates, which is one of the drawbacks of DCGAN-based models. In the
masking process, the augmented WBMs were refined using a masking wafer.

We experimentally confirmed that DCGAN-based models can be applied to address
the extreme data imbalance problem which is common in industrial data. The experimental
results show that the accuracy of each defect pattern of the classifier trained using WBMs
generated by the DCGAN-based model was always higher than that of the classifier trained
using WBMs generated by the CAE-based model, on average about 14.26% higher for
all defect patterns. Furthermore, the experiments show that WBMs augmented with
CAE-based models are fully classified into defect patterns by classifiers trained with
DCGAN:-based augmented wafers, while some of the WBMs augmented with DCGAN-
based models are not accurately classified by the classifier trained with CAE-based models.
These results intuitively demonstrate that the DCGAN-based model formed various defect
patterns which were better than the CAE-based model. Furthermore, we quantitatively
evaluated the improvement efficiency of each augmentation model through the proposed
evaluation index. The proposed evaluation index, PGI, does not require a pre-trained
model such as Inception v3 to calculate the index. In addition, the PGI has the advantage
that calculation is simple and intuitive, as well as relatively free from the demand for a
large amount of original sample data, as required for index evaluation such as FID. The
PGI can be used as an evaluation index for image generation models specialized for specific
domains, such as industrial data, where it is difficult to use a pre-trained model based on the
ImageNet dataset. The proposed index is expected to be used for a quantitative evaluation
of augmentation models in cases such as extremely small and imbalanced industrial data,
for which it is difficult to use existing evaluation indicators such as FID or IS. Through
experimental results, we have shown that the proposed DCGAN-based augmentation
model produced a better performance than the CAE-based augmentation model.

However, the PGI has the following issues:

- When Np, st = 1, the PGI cannot exceed 1. In this case, it is difficult for the PGI to
reflect how various defect patterns can be formed by the augmentation model.

- When PGI = Npefect/ Naugment, it is difficult for the PGI to indicate how many more
diverse defect patterns the augmented model can form. In this case, the PGI can be
considered to have a value greater than or equal to at least Np,fect / Naugment-

- The PGI depends on the performance of the classification model. When images
generated from the same augmentation model are used to train classification models
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composed of different structures, PGIs may differ depending on the structure of the
classification model. Therefore, in order to compare the PGIs of different augmentation
models, the results calculated from the same classification model should be used.

Nevertheless, due to the aforementioned advantages, the PGI is an effective quantita-
tive evaluation metric for generative models.

Our future work will investigate more sophisticated generative models for the augmen-
tation of extremely imbalanced data. We will further investigate the improvement of the
proposed augmentation model based on DCGAN and explore WBM handling techniques
that are better suited to the tasks of WBM defect pattern recognition and classification
beyond the masking process. Additionally, we plan to study the structure of a generally
applicable generative model for data classification with sparse classes. This is related to the
expansion and variability of the proposed method. Furthermore, we intend to research to
improve the limitations of PGI to make it more suitable for various application in general
generative models. Furthermore, we plan to study new metrics by which these augmen-
tation models can be evaluated. Ultimately, we plan to improve our research to make it
suitable for augmenting all types of extremely imbalanced data.
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