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Abstract

Deep learning has achieved significant improvements in a variety of tasks in com-
puter vision applications with an open image dataset which has a large amount of
data. However, the acquisition of a large number of the dataset is a challenge in real-
world applications, especially if they are new eras for deep learning. Furthermore,
the distribution of class in the dataset is often imbalanced. The data imbalance
problem is frequently bottlenecks of the neural network performance in classifica-
tion. Recently, the potential of generative adversarial networks (GAN) as a data
augmentation method on minority data has been studied.

This dissertation investigates using GAN and transfer learning to improve the per-
formance of the classification under imbalanced data conditions. We first propose
a classification enhancement generative adversarial networks (CEGAN) to enhance
the quality of generated synthetic minority data and more importantly, to improve
the prediction accuracy in data imbalanced condition. Our experiments show that
approximating the real data distribution using CEGAN improves the classification
performance significantly in data imbalanced conditions compared with various stan-
dard data augmentation methods.

To further improve the performance of the classification, we propose a novel su-
pervised discriminative feature generation method (DFG) for minority class dataset.
DFG is based on the modified structure of Generative Adversarial Network consist-
ing of four independent networks: generator, discriminator, feature extractor, and
classifier. To augment the selected discriminative features of minority class data
by adopting attention mechanism, the generator for class-imbalanced target task is
trained while feature extractor and classifier are regularized with the pre-trained
ones from large source data. The experimental results show that the generator of
DFG enhances the augmentation of label-preserved and diverse features, and clas-
sification results are significantly improved on the target task.

In this thesis, these proposals are deployed to bearing fault detection and diag-
nosis of induction motor and shipping label recognition and validation for logistics.
The experimental results for bearing fault detection and diagnosis conclude that
the proposed GAN-based framework has good performance on the imbalanced fault
diagnosis of rotating machinery. The experimental results for shipping label recogni-
tion and validation also show that the proposed method achieves better performance
than many classical and state-of-the-art algorithms.
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1 Introduction

1.1 Motivation

Deep learning has achieved significant improvements in many machine learning and
computer vision applications, such as object detection, image classification, medical
diagnosis, autonomous vehicles, image restoration, and image segmentation. It is
also widely applied in natural language processing and speech recognition where
they outperform conventional machine learning models [2]. Convolutional neural
networks (CNN) which is a representative deep learning model, is composed of a
number of convolution, pooling, and activation layers and fully connected layers. The
complex architecture of CNN requires significant computational power for training
the networks and plenty of data. In other words, the significant improvement by deep
learning technology has been achieved with the power of data, using a large number
of images, instances, and examples to train to fit complex and huge models. However,
the acquisition of large datasets is a challenge in real-world applications, especially
if they pertain to new areas in deep learning. For training deep neural networks, the
quantity of data is as important as the quality because training with only a small
dataset often results in degradation of the neural network performance or introduces
an over-fitting problem. Attempts have been made to establish a large training
dataset in various fields; however, the annotation of a dataset still remains expensive,
laborious, and time-consuming. Learning from small datasets is still a challenge
and becomes a more difficult problem when it is augmented with other challenging
problems, e.g., data imbalance, variations within the class, and similarities between
classes among others. Especially, the distribution of classes in the dataset is often
imbalanced. Training a network under class-imbalanced conditions can produce a
detrimental effect on neural network performance and a biased classification result
[3, 4, 5]. The performance of machine learning algorithms, such as CNN, deteriorates
under imbalanced data conditions as the classification results show a bias in the
majority data class.

The data imbalance problem has occurred in a wide range of applications. Most of
them are classification and recognition problems, where the minority classes are the
interested target to recognize or classify from the other classes. In this dissertation,
the proposals are deployed to fault detection and diagnosis for rotating machinery,
and shipping label recognition and validation for logistics, as real industrial appli-
cations.
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1 Introduction

1.1.1 Application: Fault Detection and Diagnosis for Rotating
Machinery

Fault detection and diagnosis (FDD) in manufacturing facilities is very important for
(1) improving productivity by preventing undesired downtime and (2) guaranteeing
safe working conditions [6]. Bearing is widely used in various mechatronic systems,
such as induction motors, turbines, aircraft machines, and vehicles. More than 50
% of the failures of induction motors are due to the degradation of the bearings [7].
Thus, it is important to predict future health conditions and to warn of failure to
prevent catastrophic accidents by the corresponding maintenance. Prognostics and
health management (PHM) technology collects status information from industrial
systems, such as manufacturing machines, facilities, and power plants, to detect
failures of the system and enable maintenance schedule in advance by predicting the
point of failure through analysis and predictive verification [8]. One of the PHM
technologies in the rolling element bearings is to predict the remaining useful life
(RUL) to prevent unexpected failures and improve reliability [9, 10]. A large number
of studies have been developed for RUL prediction, which can be categorized into
model-based [11] and data-driven methods [12, 13].

Model-based methods detect the bearing faults and estimate the RUL through
analytical models based on physical laws and mathematical functions [14, 15, 16].
These methods include physics-based methods, empirical-based methods [8], Kalman
filter [17], and particle filter [18]. However, they require expert domain knowledge
and it is difficult to build a precise model in the industrial systems becoming in-
creasingly complex [19]. In addition, because physical models are highly dependent
on individual specifications, user configuration is needed when the model is used in
a specific facility.

To overcome the problems of physical models, assorted data-driven FDD methods
that use machine learning and statistics, such as support vector machine [20, 21] and
fuzzy logic [22], have been proposed. However, these conventional data-driven FDDs
still require a complicated pre-processing step before training the models. Recently,
data-driven methods have become more and more attractive with the significant
development of machine learning and little requirement of expert knowledge. the
data-driven methods capture the direct relationship between collected machine data
and degradation status with machine learning techniques. In [23, 24, 25, 26, 27],
time-domain, and frequency-domain features are extracted in data processing, and
then an FDD model is applied for motor status classification. In [28, 29], vibra-
tion image generation with signal analysis was utilized for feature extractions. The
feature extraction method itself can be automated using these approaches, but estab-
lishing such models requires complicated signal processing steps. Automatic feature
extraction using an auto-encoder has been proposed [30], but the computation cost
of the DNN model itself is quite high. To realize the wide adoption of data-driven
FDD to industry, simpler and more efficient methods are required in both data-
processing and DNN models. Furthermore, these data-driven methods have shown
great performance with low domain knowledge requirements, but problems related
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(a)

Inner race drilled (1, 3 mm)

Outer race drilled (1, 3, 5 mm)

(b)

Figure 1.1: Test bench and bearings. (a) test bench (model: EMOD FKFIE2100LA,
Pmech: 3 kW, nnom: 1440 /min, Vnom: 400V, Inom: 6.4A, cosϕ: 0.78),
(b) bearings with different faulty conditions

to the quantity and quality of data still remain.
Data imbalance is common in FDD because normal condition data are more com-

mon than faulty condition data in real manufacturing environments [31]. Such imbal-
anced conditions degrade data-driven FDD, especially for the convolutional neural
network (CNN)-based classifiers. Among oversampling [24, 32], down-sampling [33],
and ensemble learning [34], all of which have been proposed to solve the data imbal-
ance issue, oversampling is most suitable for industrial FDD because of severe data
imbalance ratios.

In this study, the data-driven FDD of bearing faults in an induction motor under
data imbalance conditions is investigated. The purpose of the fault detection method
is to detect bearing faults and diagnose the fault types. Among the various fault
types, inner race, outer race, and contaminant faults are considered. As an initial
step, we collected two channels (the horizontal and vertical axes) of vibration signals
for normal and faulty conditions using the apparatus shown in Figure 1.1 (a). To
measure faulty condition data, bearings were artificially damaged by the following
methods. For inner and outer race faults, we drilled into the middle of the inner
and outer raceway in the bearings after removing the metal shield and the grease in
the bearing. The drilling diameter was 1, 3, and 5 mm for low, medium, and high
severity, respectively. For the contaminant, we inserted metal chips in the cage. The
bearings with different faulty conditions are shown in Figure 1.1 (b).

1.1.2 Application: Shipping Label Recognition and Validation for
Logistics

Shipping labels are widely used in logistics. A common shipping label contains bar-
codes and the addresses of the sender and receiver which are important to identify
a package and its destination. However, with the rapid rise of the logistics delivery
market, the annual cost associated with failed delivery has also increased. In 2015,
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this annual cost was estimated to be approximately 1.5 billion dollars for the postal
service and 20 billion dollars for the mailing industry in the United States of Amer-
ica [35]. One of the main causes of misdelivery is incorrect shipping labels, which
may contain falsely given addresses or may be damaged during the logistics process.
Packages with problematic labels lead to not only cost loss during unnecessary deliv-
ery to undeliverables and return but also damage to the manufacturer’s and seller’s
reputations. A process for screening undeliverable addresses and error-containing
barcodes in the shipping label that is used for identifying packages and their desti-
nations is required. Recently, an automatic inspection system with high speed and
accuracy to recognize barcodes and verify the addresses is highly desirable to the
logistics and manufacturing industries.

To verify the information in the shipping label, the commonly used approaches
are optical character verification (OCV) and optical character recognition (OCR).
These approaches capture an image using a vision system or smartphone, detect
regions of interest (ROIs), and recognize optical characters in the ROIs. Several
traditional image processing methodologies have been applied for OCV and OCR,
but deep-learning-based approaches have been shown to be effective for these tasks
[36, 37, 38, 39, 40]. However, unlike the food package application, the quality of the
barcode also has to be inspected for the shipping label. The printed address not
only has to be compared to the user-typed address, but its validity also has to be
verified. Like OCV, there exist several barcode quality and printed label inspection
systems, but they are mostly off-the-shelf and black-box commercial ones [41] and
the systems usually cost high and support only a limited number of shipping label
formats. Though the address verification is available in [42], their service is to
verify the delivery address requested by customers, not the address in the printed
shipping label. Therefore, it could not be inspected in the process after packaging.
Furthermore, the performance of OCR engines and text detection engines is sensitive
to image quality and defects on target objects. The quality of the captured image
can be affected by many degradations caused during image acquisition. During
the packaging and delivery processes, the shipping label can be damaged. Thus,
proper assessment and classification of the captured image and object are required
to improve the text detection and recognition processes. Four poor conditions of
captured images are defined, and example images of collected datasets are shown in
Fig. 1.2.

The shipping label inspection system [43] involves six steps: input image quality
verification, calibration, salient region detection, image enhancement, text recogni-
tion, and address validation. The flowchart of the shipping label inspection system
is demonstrated in Fig. 1.3.

In the first step, the proposed input image quality verification process [44] classifies
the five image types: normal, contaminated address, unreadable image, handwritten
address, and damaged shipping label. The unreadable image and the damaged label
are reported to the user to acquire the image properly or check the condition of the
shipping label. The contaminated and handwritten addresses provide information
on the address area for image enhancement and/or text recognition processes. In the
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(a) (b) (c) (d) (e)

Figure 1.2: Examples of the annotated dataset of the shipping label. (a) normal, (b)
contaminated, (c) unreadable, (d) handwritten, (e) damaged.Shipping Label Inspection
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Figure 1.3: Flowchart of the shipping label inspection system

collected dataset, the number of normal images is by far more than other types and
it is severely imbalanced. In the second step, the shipping label images have to be
enhanced to improve the performance of text recognition. However, for a shipping
label image having a large background region portion, prediction can sometimes
misclassify parts of the background region as foreground. In the final step, the
address in the shipping label needs to be recognized and validated.

1.2 Data Imbalance Problem
The data imbalance problem is frequently the bottleneck of the neural network per-
formance in classification. The data imbalance is a terminology used to describe the
situation where the class distributions are not equal, i.e., when one class, which calls
majority class, exceeds by far the other classes, which calls minority classes. It is
the case when different classes have a significantly different number of samples. Due
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to the data imbalance problem, the training algorithm gives more attention to the
class(es) with the majority of samples, which results in biased classifiers, i.e., clas-
sifiers that give more attention to samples belonging to the majority classes. If the
empirical training and test distributions are the same as the true data distribution,
it is in the right direction that the training process minimizes errors on the training
set. In this case, Minimizing errors on the training dataset improves the accuracy
of the test dataset. Data imbalance is not an issue in the three cases as follows.
First, classes are easy to be separated under the data imbalance condition. Second,
the number of available samples is quite large enough to cover all aspects of the
true data distribution, in which case undersampling can be used to balance the data
distribution and improve the performance of the classification. Last, the variation
within the majority class is very low, which means that most of the samples in the
majority class are distributed within a certain space. Thus, the data imbalance can
be an issue only if all classes are essential or the minority classes are more important.
However, the data imbalance problem is easily unveiled in numerous fields including
computer vision [45, 46, 47, 48, 49], medical diagnosis [50, 51, 52], fault detection
[31, 53], and others [54, 55, 56].

Figure 1.4 provides an example of classification under four different data imbalance
conditions expressed with four different colors. The data samples by class were
marked with circular points of four different colors, and the classification results were
expressed in the background colors of different areas. Case 1 falls under the balanced
data condition and a trained classifier predicts the four classes well. However, as
imbalanced conditions worsen from case 2 to case 4, the classifier tends to classify
samples of the minority classes as instances of the majority class. In particular,
as the number of samples in classes C and D decreases from case 2 to case 4, the
classification rates for classes C and D decline considerably. In other words, the
classifier trained with imbalanced data tends to predict a class belonging to the
majority ones. Thus, it ignores the effect of the minority or blends it with the
majority.

1.3 Overview of State-of-the-art Methods

Among the main approaches to deal with the data imbalance problem, the rebal-
ancing of the class distribution at the data level, such as oversampling [24, 53, 32],
undersampling [33], and ensemble learning [34], is a general solution without the
dependency of the classifier. Between them, the oversampling technique, which re-
sults in the generation of artificial data for the minority class, has proven to be
the most effective way to handle the class imbalance for the CNN model on image
classification [5].

In this dissertation, the data imbalance ratio (IR) and the adjusted IR (A-IR) are
frequently used.

• IR = (# of majority class data) : (# of minority class data),
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CASE1

D

C

B

A

CASE2 CASE3 CASE4

0 1 2 3

Figure 1.4: The example of the effect of the imbalanced data conditions for the
classifier

• Adjusted IR (A-IR) = (# of majority class data) : (# of minority class data)
+ (# of augmented data of minority class)

A traditional oversampling method in the computer vision domain to augment
the training dataset and reduce overfitting consists of geometric transformations
such as rotation, image cropping, flipping, and color conversions [57, 58]. However,
the images generated with these methods are merely simple and redundant copies
of the original data in many cases. Additionally, the geometric transformations
do not improve the data distribution determined by the high-level features as they
only lead to an image-level transformation through depth and scale [57]. Thus, the
oversampling technique is needed to estimate the data distribution and generate
data, not just to augment the training set.

The standard oversampling algorithm is the synthetic minority oversampling tech-
nique (SMOTE) [59], which generates new data samples for minority classes based on
the similarities between the original minority class samples in the feature space. It is
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one of the most widely used algorithms to generate synthetic minority class samples
to improve the performance of the classification [60]. However, it can produce noisy
results when the appearances of the majority and minority classes are ambiguous
[61]. For this reason, extensions including borderline SMOTE [62] and ADASYN
[63] have emerged, attempting to increase classification accuracy by sharpening the
boundary between the two classes. However, these oversampling techniques can fail
to generate new samples that are similar to the original data at first glance but
different in detail, especially when extracting features in a regularized way from the
imbalanced dataset is difficult. When these oversampling techniques target high-
dimensional imbalanced data, such as images and audio, they cannot reduce the
classification bias towards the majority class [64]. Moreover, the Euclidean distance
used in SMOTE is not a suitable metric to measure the similarity between samples
in high dimensional spaces [65]. In certain cases, the Euclidean distance between
the target sample and the nearest neighbor is larger than the distance between the
sample and the furthermost neighbor.

Recently, generative adversarial networks (GAN) [66] have emerged as a class
of generative models approximating the real data distribution. Conditional GAN
(CGAN) [67] and auxiliary classifier GAN (ACGAN) [68] also extend GANs by
conditioning the training procedure on the class labels for the classifier. Douzas et
al. [69] demonstrate that the data generated by CGAN improves the performance
of the classification.

However, GAN and conditional GANs, such as CGAN and ACGAN, have limi-
tations. The instability of the training process remains these GANs as a challenge
in practice. The other problem is the influence of noise. As the generator of the
GANs takes as input a random noise vector and outputs a synthetic image, we need
the classifier for the conditional GANs to consider the influence of noise. Also, con-
ditional GANs perform well in the hypothesis that the class boundaries are clear.
In a real-world dataset, this hypothesis does not hold because the boundaries be-
tween classes are often unclear and ambiguous. In this dissertation, a classification
enhancement generative adversarial networks (CEGAN) [70] is proposed to gener-
ate synthetic minority data to enhance the classification under the data imbalanced
conditions. The proposed method deploys the objective formulation of Wasserstein
generative adversarial network with gradient penalty (WGAN-GP) [71], which im-
proves the stability and performance of the classification under imbalanced data
conditions [53, 72].

Furthermore, one of the general approaches to improve neural network perfor-
mance under small and biased datasets is transfer learning. The weights of deep
neural networks are firstly pre-trained on a large-scale dataset, which is called source
task, and then fine-tuned using the data from the target task with a small number of
data [73]. In the case of fine-tuning in CNN, the weights in the first few convolution
layers are fixed by pre-train the last convolution layers are fine-tuned by the tar-
get task. During fine-tuning, the parameters of the target model can be driven far
away from the pre-trained parameter values, and it leads to incorporating informa-
tion relevant for the targeted problem, and overfitting to the target task, so-called
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catastrophic forgetting [74].
During the past few years, several transfer learning approaches with regulariza-

tions have been proposed to constrain parameters on preserving pre-trained knowl-
edge on the source dataset. Li et al. [75] proposed L2-SP that weight parameters
are constrained to be driven to the pre-trained weight parameters by minimizing
the distance of weights between source and target networks. Li et al. [1] proposed
DELTA, which utilizes discriminative knowledge in feature maps from outer layers
outputs through re-weighting the feature maps by the attention mechanism. These
regularization approaches achieved significant improvement and alleviate the catas-
trophic forgetting problem by drawing weight parameters close to pre-trained values
or aligning transferable channels in feature maps. To further improve the perfor-
mance of the classification with a small training dataset or class imbalanced dataset,
a novel discriminative feature generation (DFG) method [76] using attention maps
in the feature space is proposed in this dissertation. The proposed method is a
combination of transfer learning and adversarial feature augmentation to comple-
ment their drawbacks. The baseline is transfer learning with regularizations, and
the features are augmented using a GAN with the weight of the activation level of
the feature maps in each class.

1.4 Contributions of This Thesis
Several important research issues in imbalanced data learning are investigated in this
dissertation. The data imbalance problem is common in a wide range of applications
and GAN can be utilized in many various applications. The proposals have been
deployed to fault detection and diagnosis for rotating machinery [53, 77, 78], shipping
label recognition [43, 44, 79], medical CT image synthesis and segmentation [80, 81],
and text classification [82]. The representative two applications are selected from
the publications in the dissertation, and the already published contributions of this
work are summarized as follows.

• Classification Enhancement Generative Adversarial Networks (CE-
GAN): The CEGAN is proposed to enhance the quality of generated synthetic
minority data and to improve the performance of the classification under the
data imbalanced condition. A novel GAN structure containing a classifier, that
induces the generated data, has more features for classification. The classifier
has the functionality of reducing the impact of noise input and the ambiguity
between classes. This study is demonstrated with five benchmark datasets.
The results indicate that approximating the real data distribution using CE-
GAN improves the classification performance significantly in data imbalanced
conditions compared with various standard data augmentation methods. The
CEGAN method was published in the journal Neural Networks [70].

• Discriminative Feature Generation (DFG): The DFG method is pro-
posed using attention maps in the feature space. This method is a combina-
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tion of transfer learning and adversarial feature augmentation to complement
their drawbacks. The main contribution is a novel feature generation and
augmentation using the proposed GAN structure to unravel the data imbal-
anced problem and improve neural network performance. For the generation
of meaningful features for the classification of small-sized target data, transfer
learning with regularization and class-wise attention is adopted. The proposed
method is evaluated with various pairs of source and target datasets to show
general applicability to classification in the class-imbalanced conditions. The
DFG method was published in the journal Pattern Recognition [76].

• Generative Oversampling Method on Bearing Fault Detection and
Diagnosis (FDD): A novel data-driven FDD method for bearing faults in
induction motors where the fault condition data are imbalanced is proposed.
The bearing fault detection method is based on CNN, in which the vibration
signals from a test bench are used as inputs after an image transformation pro-
cedure. Furthermore, a novel data-driven health state division method based
on CNN and a generalized feature extraction method for remaining useful life
prediction of bearing based on GAN are also presented in this dissertation. The
CNN-based FDD model and the health state division method were published
in the journal Applied Sciences [53] and the journal Sensors [77], respectively.
In addition, the generalized multiscale feature extraction method is available
online [78].

• Robust Shipping Label Recognition and Validation for Logistics: a
verification and recognition system for various types of shipping labels by using
deep neural networks was developed. To effectively detect barcode and address
areas, a popular deep learning-based object detection algorithm, You Only
Look Once (YOLO) [83], is adopted for the shipping label dataset and the angle
of the image is calibrated by the angle estimated from the barcode. To inspect
the quality of an input image, an input image quality verification method
combining global and local features is also presented in this study. Finally, a
two-stage color document image enhancement and binarization method using
GAN is proposed to improve the accuracy and efficiency of text recognition in
the shipping label. The verification and recognition system of shipping labels is
published in ICIP 2019 [43] and the input image quality verification method is
published in ICPR 2020 [44]. The color document image binarization method
is available online [79].

1.5 Thesis structure

This dissertation is organized as follows. Chapter 2 explains the background tech-
niques related to imbalanced data classification, GAN, and transfer learning. The
advantages and limitations of related work and state-of-the-art research are summa-
rized and discussed. Chapter 3 introduces the CEGAN method. The experimental

10



1.5 Thesis structure

results on five benchmark datasets indicate that approximating the real data distri-
bution using CEGAN improves the classification performance significantly in data
imbalanced conditions compared with various standard data augmentation methods.
Chapter 4 presents the discriminative feature generation method for the classifica-
tion of imbalanced data. In Chapter 5, the generative oversampling method for
imbalanced data on bearing FDD is presented and the evaluation shows that the
GAN-based method improves the performance of the FDD and predicts the remain-
ing useful life well. Chapter 6 shows another application in shipping label recognition
and validation. It shows the CNN-based image quality inspection method and the
GAN-based document image binarization method. Finally, Chapter 7 summarizes
the achievements and contributions and proposes future research directions.
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2 Background and Related Work

2.1 Synthetic Oversampling Methods

The oversampling method adds the minority class samples to an imbalanced training
set. The traditional oversampling methods can be categorized into random oversam-
pling and synthetic oversampling methods. Random oversampling is a non-heuristic
method that adds samples through the random replication of the minority class
samples [84, 85]. In the computer vision domain, the random oversampling con-
sists of geometric transformations such as rotation, image cropping, flipping, and
color conversions [57, 58] to augment the training dataset and reduce overfitting.
However, the random oversampling methods create very specific rules, leading to
oversampling [86]. Additionally, the geometric transformations do not improve the
data distribution determined by the high-level features as they only lead to an image-
level transformation through depth and scale [57]. Thus, the random oversampling
technique is needed to estimate the data distribution and generate data, not just to
augment the training set.

As an alternative to the random oversampling method, the synthetic oversampling
methods add new samples to balance the training dataset by generating synthetic
minority class samples. The generated samples add essential information to the
original data set that may help to improve the performance of the classification.
A standard synthetic oversampling method is the synthetic minority oversampling
technique (SMOTE) [59], which aims to create synthetic examples based on original
samples according to the similarities among existing minority instances. It is one
of the most widely used algorithms to generate synthetic minority class samples
to improve the performance of the classification [60]. The procedure of SMOTE
is as follows. The first step is to select example samples from a minority class in
the training dataset. Then, SMOTE finds the k nearest neighbors of the selected
samples. Lastly, one of the k instances is randomly chosen to generate a synthetic
sample by interpolation, which calculates the euclidean distance between the sample
the selected nearest neighbor. The difference is then multiplied by a random number
between 0 and 1. SMOTE can be expressed as follows. Given two samples from a
minority class, such as xi, xj ∈ Rd, new samples are generated.

xnew = xi + r(xj − xi), where r ∈ [0, 1] (2.1)

where xnew is the generated sample, and r is a random number ranging between
0 and 1. Compared with the random oversampling method, SMOTE causes the
decision boundaries for the minority class to be spread further into the majority
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class space, prevents the overfitting problem to a certain degree, and improves the
performance of the classification. However, it can produce noisy results when the
appearances of the majority and minority classes are ambiguous [61].

For this reason, many extensions to the SMOTE algorithm have been devel-
oped. borderline SMOTE [62] generates synthetic samples along the borderline
between minority and majority classes for better classification results. The border-
line SMOTE assumes that the samples close to the borderline are more significant
for classification. The first step of the borderline SMOTE is to find the k nearest
neighbors of every sample in the entire training set, not only from a minority class.
For every sample xi, let k′ be the number of majority samples in K nearest neigh-
bors of x. If k′ = k, all k nearest neighbors are majority samples, which means
this sample can be regarded as noise. If k/2 ≤ k′ < k, the number of majority
nearest neighbors is larger than the number of the minority one, so xi can be easily
misclassified and put into a set DANGER. The algorithm finds k nearest neighbors
from the minority class in the DANGER set and generates s new synthetic minority
samples between xi and its nearest neighbors.

yj = xi + rj(x̃j − xi), j = 1, 2, ..., s (2.2)

where yj is the generated sample, x̃j is j-th nearest neighbor, and rj is a random
number between 0 and 1. Similarly, safe level SMOTE [87] accounts for the nearest
neighbors for both the minority and majority classes and defines the number of
positive instances in k nearest neighbors. If the safe level of an instance is close
to zero, the sample is considered as noise. Only samples with sufficient safe levels
are used to generate more samples. Each synthetic instance is generated in a safe
position with the safe level ratio of instances.

SMOTE using support vector machine algorithm (SVM-SMOTE) [88] is proposed
using an alternative of borderline SMOTE where an SVM algorithm is used instead
of a k nearest neighbor to establish the decision boundary between classes. The
Majority Weighted Minority Oversampling Technique (MWMOTE) [89] is a complex
oversampling algorithm to handle overfitting problems. MWMOTE comprises three
stages to make synthetic data: identification of the hard-to-learn minority class
samples on datasets, importance weighting for each hard-to-learn minority class
sample, and synthesis of the new samples following a strategy similar to SMOTE.
The results of the MWMOTE can reduce the degree of bias or noise and produce
synthetic data with better accuracy.

Another SMOTE extension ADASYN [63] is proposed to balance the skewed data
distribution by generating data samples adaptively based on the data distribution
and using k nearest neighbors. ADASYN uses the data distribution to decide about
the number of synthetic samples to be generated for each minority sample by adap-
tively changing the weights of the different minority samples to compensate for the
skewed distributions, whereas SMOTE generates the same number of samples for
each minority sample. This inspired other similar techniques to incorporate mecha-
nisms that control the number of synthetic data [90, 91].
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2.2 Data Augmentation using GAN

However, most of the synthetic oversampling methods were designed for the im-
balanced datasets in two-class, the majority, and minority classes. Additionally,
the synthetic oversampling methods seldom showed their superiority when the tar-
get data contains more complex or high-dimensional features. In the other words,
when these oversampling techniques target high-dimensional imbalanced data, such
as images and audio, they cannot reduce the classification bias towards the ma-
jority class. The synthetic oversampling methods cannot reduce the classification
bias towards the majority class for the classifier and are even less effective than the
random undersampling method, dealing with complex high-dimensional imbalanced
data [64].

Moreover, the Euclidean distance used in SMOTE is not a suitable metric to
measure the similarity between samples in high dimensional spaces [65]. In certain
cases, the Euclidean distance between the target data and the nearest neighbor is
larger than the distance between the data and the furthermost data.

Furthermore, the introduced synthetic oversampling methods can fail to generate
new samples that are similar to the original data at first glance but different in
detail, especially when extracting features in a regularized way from the imbalanced
dataset is complex.

2.2 Data Augmentation using GAN
2.2.1 Generative Adversarial Networks
Vanilla Generative Adversarial Networks

Generative adversarial networks (GAN) [66] represent a class of generative models
based on a game theory scenario in which a generator network G competes against an
adversary, D, a discriminator. GAN aims to approximate the probability distribu-
tion function that certain data is assumed to be drawn from. The objective function
of the min-max game between the generator and the discriminator is expressed as
follows:

min
G

max
D

Ex∼Pr(x)[log D(x)] + Ez∼Pz(z)[log(1−D(G(z)))], (2.3)

where x is real data sampled from the real data distribution Pr(x), z is the noise
vector sampled from a uniform distribution Pz(z), and the generator G generates
a synthetic image G(z). The equation shows that treating the discriminator as
a classifier minimizes the Jensen-Shannon (JS) divergence between the real data
distribution and the one assumed by the generator.

In other words, in each iteration of the training process, the discriminator is
trained to fit to maximize the JS divergence to distinguish real and synthetic fake
data while the generator is given. On the other hand, the generator is trained
to fit to minimize the JS divergence to generate fake data looks real when the
discriminator is fixed. Thus the training of GAN is a min-max game between the
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generator and the discriminator. However, in practice, the training process of GANs
is extremely unstable and struggles to have the problem of mode collapse, where the
generator generates simple modes of images, which cannot be distinguished by the
discriminator since the generated image looks real. Thus, it is difficult to train in
practice and it cannot improve the performance of the classification vastly. For this
reason, much of the recent work has been focused on improving the stability and
promising diversity of generated image mode.

Conditional Generative Adversarial Networks

The conventional vanilla GAN is an unsupervised model. Conditional GAN (CGAN)
[67] is the first conditional variant of GAN to control the generated data samples,
which applies the generated antagonistic network concept to the supervised learn-
ing method and achieve a corresponding effect between labels and the generated
data samples. CGAN takes conditional label inputs for the generator and the dis-
criminator to train the networks under the conditions. The objective functions of
conditional GAN are as follows:

min
G

max
D

Ex∼Pr(x)[log D(x|y)] + Ez∼Pz(z)[log(1−D(G(z|y)))], (2.4)

where y is the corresponding class labels of input data x.
Isola et al. [92] proposed Pix2Pix GAN for the general purpose of image-to-image

translation using CGAN. The generator of the Pix2Pix GAN model is trained via
adversarial loss, which encourages the generation of plausible images in the tar-
get domain and minimizes the measured L1 loss between the generated image and
the expected output image. The discriminator is provided with both the source
image and a target image and determines whether the target image is a plausible
transformation of the source image. Pix2Pix GAN was demonstrated on a range
of image-to-image translation tasks such as conversions of maps to satellite pho-
tographs, black-and-white photographs to color, and product sketches to product
photographs.

Auxiliary classifier GAN (ACGAN)[68] is a class-conditional extension of GANs
and offers a simple method for providing varying amounts of control in the image
generation process by adding a classification layer to the discriminator. The objec-
tive function consists of two parts: source and classifier loss. The source loss with
class labels is identical to the objective function in GANs, Eq. (2.3), generating
synthetic images indistinguishable from the real ones and distinguishing real and
synthetic data. The source loss is expressed as follows:

Lsrc =Ex∼Pr(x)[log D(x)] + Ez∼Pz(z),cg∼P (cg)[log(1−D(G(z, cg)))], (2.5)

where cg is the sampled class label from the conditional data vector found in the
training dataset and represented by the categorical distribution P (cg).
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Figure 2.1: Overall framework comparison of ACGAN to a vanilla GAN and CGAN

The classifier loss is employed to ensure that the images are classified into the
right categories and at the same time forces the generator to produce synthetic data
belonging to the target class.

The classifier loss is defined as

Lr
cls = Ex∼Pr(x),cr∼P (cr)[− log C(c = cr|x)]

Lg
cls = Ez∼Pz(z),cg∼P (cg)[− log C(c = cg|G(z, cg))],

(2.6)

where C(c|x) represents a probability distribution over the class labels computed
by an auxiliary classifier C in the discriminator, x and cr are a pair from the real
data and class labels of the training dataset. In Eq.(2.6), the auxiliary classifier C is
trained to classify real data with the corresponding class label cr and the generator
G is optimized to generate synthetic images classified as the target class cg by the
auxiliary classifier C.

Finally, the full objective functions involved in training the ACGAN are expressed
as follows.

LD = −Lsrc + λrLr
cls + λgLg

cls

LG = Lsrc + λrLr
cls + λgLg

cls.
(2.7)

λr and λg are hyper-parameters of the classifier losses for real and synthetic data.
The discriminator D is trained to minimize LD and the generator G is trained to
minimize LG. Figure 2.1 compares the ACGAN network architecture with that of
vanilla GAN and CGAN and Figure 2.2 displays the ACGAN architecture.

Nevertheless, the reliability of ACGAN still needs to be improved and the quality
of the data generated is incomparable with that of the real training data, although
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the images generated are both diverse and discriminable [68]. The main cause of
the unstable training process is that the JS divergence in the GAN formation is
discrete; therefore, it tends to result in a stationary discriminator and to suffer from
the gradient vanishing problem during the training. Furthermore, the quality of each
model trained is measured in a subjective manner as smaller losses do not guarantee
better results.

Wasserstein Generative Adversarial Networks

To solve the stability problem mentioned above, the Wasserstein GAN (WGAN) [93]
uses the Wasserstein-1 distance, also known as the earthmover (EM) distance, which
is a continuous and more appropriate metric for measuring the distance between two
distributions. The EM distance does not suffer from vanishing gradients; by contrast,
the JS divergence in the GAN does not supply useful gradients to the generator [93].
The objective function of the WGAN is provided in Eq.(2.8).

max
w∈W

Ex∼Pr(x)[fw(x)]− Ez∼pz(z)[fw(G(z))] (2.8)

Eq.(2.8) is the EM distance between the probability distribution of the real data
and one of the generated data points. W denotes a set of K-Lipschitz functions and
a function fw is modeled as the discriminator and one of the K-Lipschitz functions.
To ensure the discriminator fw belongs to the K-Lipschitz functions, the weights w
for each layer of the discriminator are confined within the range [−c, c] [93]. Thus,
the training procedure for the WGAN first trains the weights w of the discriminator
in Eq.(2.8) to yield the exact distance between two probability distributions. As
a next step, the generator is trained by estimating the gradients of the objective
function −EPz (∇fwG(z))) to minimize the distance between two distributions while
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the discriminator fw is fixed. Consequently, the losses of the generator and the
discriminator by the WGAN correlate well with the image quality and the WGAN
provides stable updates to the generator and the discriminator, in contrast with the
original GAN.

However, this method is still not optimal in terms of convergence and high-quality
data generation because of the weight clipping procedure needed to satisfy the Lip-
schitz constraint. As a consequence of weight clipping, the WGAN cannot fit a
complex distribution and the confinement of the weights to a small range in each
layer can lead to gradient vanishing or exploding. To satisfy the Lipschitz constraint
without clipping the weights in each layer of the discriminator, the Wasserstein
GAN with gradient penalty (WGAN-GP) is proposed [71]. The loss function of the
WGAN-GP is defined as follows.

L =Ez∼pz(z)[D(Gθ(z))]− Ex∼Pr(x)[D(x)] + λEx̂∼Px̂(x̂)[(∥∇x̂D(x̂)∥2 − 1)2], (2.9)

where λ is the penalty coefficient and Px̂ is the uniform sampling along straight
lines between pairs of points from the real data distribution Pr and the distribution
generated. The motivation for this is that the constraint is enforced uniformly along
the line as the optimal discriminator consists of straight lines connecting the two
distributions. The WGAN-GP provides a training procedure that is faster and more
stable than the WGAN.

2.2.2 Data Augmentation at Input Level

Data augmentation enhances the size and quality of the training dataset. Techniques
range from simple data augmentation, such as flip, shift, and rotation, to deep
generative models based on generative adversarial networks (GAN) [66], where a
small training dataset is augmented at the input data level. Because GANs can
approximate the distribution of the real input data and generate realistic samples
from a generative model, many recent studies have shown that augmenting a small
training dataset using a GAN can improve the classification performance in real
applications. Huang et al. [94] proposed stacked GAN (SGAN), which is trained to
invert the hierarchical representations of a bottom-up discriminative network. Guo
et al. [95] proposed a discriminative variational autoencoding adversarial network,
which learns a latent two-component mixture distributor and alleviates the class
imbalance for deep imbalanced learning. Cui et al. [96] proposed a class-balanced
loss for long-tailed distributions. The class-balanced loss re-weights losses inversely
with the effective number of samples per class. However, such data augmentation at
the input level showed limited improvement in the performance, because balancing
the data distribution has weak relation to the enhancement of feature extraction
in the minority dataset. Although the generated synthetic data can balance the
distribution between the classes, the classification performance is limited due to no
guarantee enhancing the feature extraction ability of the classifier, when it is an
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independent network of the GAN. In Chapter 3, the CEGAN method is proposed
to generate synthetic data at the input level to improve the performance of the
classification. Even if GAN is trained with the classifier together, GAN has the
limitation to generate real-looking synthetic data on large-scale images. According
to [97, 98], the state-of-art GAN has the limited generating capability on large-scale
images. When the size of the input image is large, this augmentation method is not
applicable. In other words, not-qualified synthetic data is not able to improve the
performance of the classification significantly.

2.2.3 Feature Augmentation
Unlike GAN-based data augmentation at the input data level, Volpi et al. [99] firstly
proposed to perform data augmentation using the GAN scheme in the feature space.
The adversarial feature augmentation generates domain-invariant features and the
size of the minority classes in the feature space without regarding the modality
of the input data. A feature extractor is trained with the source dataset under
supervised learning, and then a feature generator for the unlabeled target dataset
is trained in the CGAN framework [67] against the feature extractor. Zhang et
al. [100] developed a more general feature generation framework for imbalanced
classification, inspired by the adversarial feature augmentation approach. These
methods can generate domain-invariant features without considering the modality
of the data. Consequently, they achieved better performance than unsupervised
domain adaptation methods.

However, the improvement of the classification under the class-imbalanced condi-
tion is still not significant. The dimension of the features in the feature extractor
is considerably lower than the input data. Such a low dimension may not be suffi-
cient to present the data distribution of a small amount of minority class data. The
generated features should be domain-invariant and modality-free.

2.3 Transfer Learning
Transfer learning is a machine learning method that transfers knowledge learned in
a source task to a target task [101, 73]. Transfer learning is useful when the volume
of the target task is much smaller than that of the source task. The weights of deep
neural networks are first pre-trained on a large-scale dataset, which is called the
source task, and then fine-tuned using the data from the target task with a small
number of data [73]. In the case of fine-tuning in convolutional neural networks,
the weights in the first few convolution layers are fixed by pre-training. The last
convolution layers are fine-tuned by the target task. During fine-tuning, the param-
eters of the target model can be driven far away from the pre-trained parameter
values, leading to the incorporation of information relevant to the targeted problem
and overfitting to the target task, so-called catastrophic forgetting [74]. This simple
method cannot guarantee good performance because it may in many cases burden
the network of the target task with irrelevant information. Donahue et al. [102]
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Figure 2.3: DELTA Framework [1]

employed a classifier trained with features extracted from a pre-train, and a large
number of parameters of the source task are reused in the target task. This simple
method cannot guarantee performance, because it may aggravate the network of the
target task with irrelevant information in some cases. Yosinki et al. [103] quantified
the transferability of features from each layer to learn transferable representations.
For constraining catastrophic forgetting in inductive transfer learning, L2-norm reg-
ularization was proposed in [75]. The key concept of L2-SP is “starting point as
reference” optimization, which tries to drive weight parameters to pre-trained val-
ues by regularizing the distance between the parameters of source and target tasks.

Instead of regularizing the weight parameters, deep learning transfer using a fea-
ture map with attention (DELTA), which is a regularized transfer learning frame-
work, was proposed by Li et al. [1]. Figure 2.3 illustrates the framework of DELTA.
Inspired by knowledge distillation for model compression [104, 105, 106], DELTA
employs the ideas of “inactivated channel re-usage” and feature map regularization
with attention. These regularization approaches achieved significant improvement
and alleviated the catastrophic forgetting problem by drawing weight parameters
close to pre-trained values or aligning transferable channels in feature maps. It con-
strains the difference between the feature maps generated by the convolution layers
of the source and target networks with attention. DELTA selects the discriminative
features from the outer layer outputs using a supervised attention mechanism. The
overall loss functions are expressed as follows.
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min
θT

∑
i

L(C(xi, θT ), yi) + Ω(θT , θS , xi, yi, C) (2.10)

where θS and θT are weight parameter vectors of the source and target networks,
(xi, yi) is the input tuple, L(C(xi, θT ), yi) refers to the classification loss, and Ω is
the regularization loss.

Ω(θT , θS , x, y, C) = αΩ′(θT , θS , x, y, C) + βΩ′′(θT \θS) (2.11)

where α, β are two non-negative tuning parameters, Ω′ is behavioral regularizer, Ω′′

constrains the L2-norm of the private parameters in θT . Behavioral regularizer is
defined as follows.

Ω′(θT , θS , xi, yi, C) =
∑

j

(Wj(C, θS , xi, yi) · ∥FMj(C, θT , xi)− FMj(C, θS , xi)∥22

(2.12)
where FMj(C, θT , xi), FMj(C, θS , xi) are feature maps extracted from the j-th filter
and the i-th image in target and source, respectively, and the behavioral difference
Ω′ is measured using Euclid distance. Wj(C, θS , xi, yi) refers to the weight assigned
to the j-th filter and the i-th image for a supervised attention mechanism and is
defined as follows.

Wj(C, θS , xi, yi) = softmax(L(C(xi, θT \j), yi)− L(C(xi, θS), yi)) (2.13)

where θT \j refers to the modification of the original parameter with all elements of
the j-th filter set to zero. In other words, the weight Wj(C, θS , xi, yi) is characterized
by the potential performance loss as removing the features from the trained network.
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3 Classification Enhancement Generative
Adversarial Networks (CEGAN)

3.1 Framework of CEGAN
3.1.1 Data Augmentation using CEGAN with Noise Reduction
It is necessary to ensure the performance of the classifier in the training procedure
of ACGAN because the discriminator and the generator are trained by using the
classification loss. However, because the auxiliary classifier in ACGAN shares net-
work structure and weight parameters with the discriminator, the performance of
the auxiliary classifier in ACGAN cannot lead to generating high-quality images.
In order to generate data for minority classes to improve the performance of the
classifier and train the generative model stably, we employ the structure of the clas-
sifier to the independent network in the proposed GAN structure. We propose a
classification enhancement GAN (CEGAN) which is composed of three independent
networks: a discriminator, a generator, and a classifier. As indicated in Figure 3.1,
the training procedure comprises of two steps: Step 1 shows the architecture of CE-
GAN. Unlike the framework of ACGAN in Figure 2.2, the class label is classified
by an independent classifier. Step 2 involves training a classifier with the real and
augmented dataset to verify the improvement of the classification performance. C1
is the modified classifier reducing the influence of noise input and C2 is the original
classifier classifying the input dataset.

For the stability of the training procedure and the quality of the generated data,
the objective functions are defined as follows.

LD =− E
z∼pz(z)

[DθD
(G(z))]

+ E
x∼Pr(x)

[DθD
(x)] + λ E

x̂∼Px̂(x̂)
[(∥∇x̂DθD

(x̂)∥2 − 1)2], (3.1a)

LG =− E
z∼pz(z)

[D(GθG
(z))], (3.1b)

Lr
C = E

x∼Pr(x), cr

[− log CθC
(c = cr|x)], (3.1c)

Lg
C = E

z∼Pz(z), cg

[− log CθC
(c = cg|GθG

(z, cg))], (3.1d)

LC =ρLr
C +(1− ρ)Lg

C . (3.1e)

Note that LD, LG, Lr
C , Lg

C , and LC are the loss functions of the discriminator,
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the generator, and the classifier with real and generated images, and the classifier,
respectively. θD, θG, and θC are parameters of the discriminator, the generator,
and the classifier, respectively. cg is a sampled class label from the conditional
data in the training set. w is a hyper-parameter that controls the importance of the
classification for the real and generated data. Whereas the discriminator D is trained
to minimize LD as same as WGAN-GP, the generator G is trained to minimize LG

and Lg
C simultaneously. Furthermore, the classifier C is trained to minimize Lr

C

with the real data and LC with both the real data and the generated data. ρ is
the hyper-parameter for the weighted sum of the classifier loss. The reason why
the classifier C is optimized not only with the real data is to prevent the classifier
from overfitting to the real data because the performance of the classifier with the
real data from the minority classes is not enough to improve the performance of the
classification under the data imbalanced conditions. The training details of CEGAN
are summarized in Algorithm 1.

Additionally, we use the DCGAN architecture model, which is an extended model
of the GAN that uses deconvolution layers in the generator and convolution layers
in the discriminator to extract features [107]. Details on the architecture of the
DCGAN in the proposed CEGAN can be found in Section 3.2.

The classifier in our CEGAN is trained following Algorithm 1. However, the classi-
fier was originally designed for the real dataset, not for the synthetic data generated
by GANs. As the generator takes as input a random noise vector and produces
synthetic data, the classifier in the proposed CEGAN should consider the influence
of noisy input. To actually reduce the impact of the noise in the training procedure
of the CEGAN, we alternate the pooling method and the activation function of the
classifier, such as LeNet5 [108] and VGGNet [109], in CEGAN.

First, we focus on the pooling layer to reduce the impact of noise. If some of the
pixels in the sliding window are noisy, the max-pooling preserves noise and discards
other meaningful pixels. However, we propose to use the average pooling in each
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Algorithm 1 The training of CEGAN. We use default values of λ = 10, nD = 5,
nC1 = 2, nC2 = 10
Require: The batch size m, Adam hyperparameters α, β1, β2, hyper-parameter for

the weight sum ρ.
1: for number of training iteration do
2: for t = 1, ..., nD do
3: Sample {x(i)}mi=1 ∼ Pr a batch from the real data.
4: Sample {z(i)}mi=1 ∼ Pz a generated batch.
5: x̂← GθG

(z)
6: x̂← ϵx + (1− ϵ)x̂
7: θD ← Adam(∇θD

1
m

∑
DθD

(x(i)) − DθD
(x̂(i)) + λ(∥∇x̂(i)DθD

(x̂(i))∥2 −
1)2, θD, αD, β1, β2) ▷ Eq. (3.1a)

8: end for
9: Sample {z(i)}mi=1 ∼ Pz a generated batch.

10: θG ← Adam(∇θG
1
m

∑
−DθD

(GθG
(z(i))), θG, αG, β1, β2) ▷ Eq. (3.1b)

11: iter ← iter +1
12: if iter ≡ 0( mod nC1) then
13: Sample {z(i)}mi=1 ∼ Pz a generated batch and labels {c(i)

g }mi=1.
14: θG ← Adam(∇θG

− 1
m

∑ log CθC
(c = c

(i)
g |GθG

(z, c
(i)
g )), θG, αG, β1, β2) ▷

Eq. (3.1d)
15: Sample {x(i)}mi=1 ∼ Pr a batch from the real data and labels {c(i)

r }mi=1.
16: θC ← Adam(∇θC

− 1
m

∑ log CθC
(c = cr|x), θC , αC1, β1, β2) ▷ Eq. (3.1c)

17: end if
18: if iter ≡ 0( mod nC2) then
19: Sample {z(i)}mi=1 ∼ Pz a generated batch and labels {c(i)

g }mi=1.
20: Sample {x(i)}mi=1 ∼ Pr a batch from the real data and labels {c(i)

r }mi=1.
21: θC ← Adam(∇θC

− [ρ 1
m

∑ log CθC
(c = cr|x) + (1 − ρ) 1

m

∑ log CθC
(c =

c
(i)
g |GθG

(z, c
(i)
g ))], θC , αC2, β1, β2) ▷ Eq. (3.1e)

22: end if
23: end for

pooling layer for the classifier because the averaging can yield statistics for the small
sliding windows and smooth out noise information. Thus, in the case of input data
containing noise, the average pooling can not only lower the computation complexity
but also reduce the effect of the speckle noise. Figure 3.2 shows the examples of the
max pooling and average pooling.

Secondly, we set the activation function of the nodes in our CNN to reduce the
effect of noise. Normally, a Rectified Linear Unit (ReLU) or a leaky ReLU is used as
the activation function in a CNN as they both provide faster computation and better
convergence. To reduce the influence of noise, we propose the use of the hyperbolic
tangent (tanh) as the activation function for the classifier of the conditional GANs.
The activation function tanh saturates big values, and we can expect it to mitigate
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Figure 3.2: The example of the max pooling and average pooling
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Figure 3.3: Activation functions, (a) ReLU, (b) Leaky ReLU, (c) Hyperbolic tangent
(tanh)

the impact of noise, although ReLU and leaky ReLu are known to accelerate the
convergence of the stochastic gradient descent compared with tanh. As shown in
Figure 3.3, tanh saturates big values, and it is expected to prevent the influence
of noise, though ReLU and leaky ReLu are known that it is to accelerate the con-
vergence of stochastic gradient descent compared to tanh. In the next section, the
experimental results show that the proposed modification reduces the effect of noise
and improves the accuracy of the classifier.

Such a concept of the GAN with an independent classifier is similar to that of
controllable GAN (ControlGAN) [110]. ControlGAN is also composed of three neu-
ral network structures, a discriminator, a generator/decoder, and an independent
classifier/encoder. It employs an equilibrium parameter to balance the learning of
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Figure 3.4: Example of ambiguous classes in fashion-MNIST benchmark dataset

the GAN structure and the decoder-encoder structure. Another noteworthy point
of ControlGAN is that the classification loss with generated data is used only for
training the generator. In contrast, the classifier of CEGAN is trained with both real
and generated data, preventing it from overfitting the imbalanced data. Further-
more, the simple modification of the classifier architecture was proposed to reduce
the impact of the noise in the training procedure.

3.1.2 CEGAN-AR: CEGAN for Ambiguity Reduction

Typical conditional GANs generate a synthetic image by assuming that class bound-
aries are clear. However, the assumption is not applicable in a real-world dataset as
the boundaries between classes are very often unclear and ambiguous. For example,
it is very difficult to distinguish classes such as “Pullover,” “Coat,” and “Shirt” in
fashion-MNIST [111], as shown in Figure 3.4. In many cases, conditional GANs train
the model only to fit discrete labels and do not consider ambiguous relationships
beneath the data.

To overcome this limitation, we develop CEGAN using multiple subsets of class
labels for ambiguous classes and call the developed model classification enhance-
ment GAN for ambiguity reduction (CEGAN-AR). To this end, we propose a three-
step subset extraction method where the resulting n-subsets include the ambiguous
classes. Firstly, in order to extract the n-subsets, we train the classifier with a
dataset that consists of the number of data in all classes equal to the number of
data in the minority class. From the trained classifier network, features are ex-
tracted after the first fully connected (FC) layer. The dimension of the features is
reduced to 100-dimensions by using principal component analysis (PCA) [112] and
further reduced to two-dimensions by using t-Distributed Stochastic Neighbor Em-
bedding (t-SNE) [113]. By this procedure, the features of the dataset are mapped
into a two-dimensional plane. As a second step, we cluster the features into the
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number of the classes by applying KMeans++ algorithm [114]. This allows similar
features to group together and the clustered features can be matched with the cor-
responding class. From each corresponding class, we calculate the class ambiguity
it has with each other class by counting the number of misclassified features. We
can extract highly misclassified combinations, and n-subsets are defined by grouping
these combinations. Examples and details on the method of the subset extraction,
applying to the fashion-MNIST and CIFAR-10 datasets, are presented in Section
3.2.

Using the defined subsets, the classifier of the proposed CEGAN is trained based
on the ambiguous relationship in accordance with the following loss functions:

Lr
C = E

x∼Pr(x),cr

[− log CθC
(c = cr|x)] +

ns∑
k

λr
k E

x∼Pr(x),cr

[− log Ck
θC

(c = cr|x)skcr ]

Lg
C = E

z∼Pz(z),cg

[− log CθC
(c = cg|G(z, cg))]

+
ns∑
k

λg
k E

x∼Pz(z),cg

[− log Ck(c = cg|GθG
(z, cg))skcr ],

(3.2)

where λr
k and λg

k are the hyper-parameters for the weighted sum of the defined sub-
sets. S ∈ Rns×nc is a binary matrix with elements equal to either 0 or 1 determining
the defined subsets, ns is the number of subsets, and nc is the total number of class
labels in a given dataset. For example, in the fashion-MNIST dataset, three subsets
are defined from the result of the proposed subset extraction method as follows.

Subset 1 = Pullover, Coat, Shirt

Subset 2 = Sandal, Sneaker, Ankle Boot

Subset 3 = T-Shirt, Dress, Shirt

Table 3.1 shows the correspondence for class labels for fashion-MNIST, CIFAR-10,
and CINIC-10. Referring to the correspondence index, the matrix S for the three
subsets is defined as

S =

0 0 1 0 1 0 1 0 0 0
0 0 0 0 0 1 0 1 0 1
1 0 0 1 0 0 1 0 0 0

 (3.3)

Note that S is dependent on the definition of the subsets. In Eq.(3.2), the classifier
C and the generator G are optimized similarly as the CEGAN classifier. However,
upon closer inspection, the classifier C undergoes deep training to classify the am-
biguous classes defined by S and the generator G attempts to generate synthetic
data according to the classification of C.
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Table 3.1: Class labels for fashion-MNIST and CIFAR-10/CINIC-10
Labels Fashion-MNIST CIFAR-10/CINIC-10

0 T-shirt/top Airplane
1 Trouser Automobile
2 Pullover Bird
3 Dress Cat
4 Coat Deer
5 Sandal Dog
6 Shirt Frog
7 Sneaker Horse
8 Bag Ship
9 Ankle Boot Truck

Table 3.2: Summary of the benchmark datasets
MNIST EMNIST F-MNIST CIFAR-10 CINIC-10

No.classes 10 10 10 10 10
No.training 5,000 24,000 6,000 5,000 9,000

No.test 1,000 4,000 1,000 1,000 9,000
Classifier model LeNet5 LeNet5 LeNet5 VGGNet-16 VGGNet-16

Depth 1 1 1 3 3

3.2 Experimental Results

3.2.1 Datasets and Models

For the evaluation of the proposed method, we used five benchmark datasets: MNIST
[115], extended MNIST digits [116], fashion-MNIST [111], CIFAR-10 [117], and
CINIC-10 [118]. All benchmark datasets provide labeled training and a test set.
Example images of the benchmark datasets are displayed in Figure 3.5. The LeNet5
[108] classifier model is used for MNIST, EMNIST, and fashion-MNIST, while the
VGGNet-16 [109] classifier model is used for the CIFAR-10 and CINIC-10. A sum-
mary of the five benchmark datasets is shown in Table 3.2.

The datasets provide class-balanced data for training and testing. To generate an
imbalance for evaluation, we adopt the step imbalance type introduced in [5]. The
step imbalance assumes that the classes are divided into two groups: minority and
majority. Then classes in the same group have the same number of data points,
making a step in the data distribution plot. Because each of the five benchmark
datasets is composed of ten classes, we set the number of majority classes as two
and the other as eight to evaluate the worst case. Note that we set the test datasets
under balanced conditions using all test data as shown in Table 3.2.

The experiments were all implemented using Python scripts in the Tensorflow
framework and tested on a Linux system. Classifier models for the same dataset
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(a) (b) (c)

(d) (e)

Figure 3.5: Example images of each dataset, (a) MNIST, (b) EMNIST, (c) fashion-
MNIST, (d) CIFAR-10, (e) CINIC-10

were all trained with an equal epoch number of iterations even under data imbalance
conditions.

The classifier model, used for MNIST, EMNIST, and fashion-MNIST, is LeNet5.
The architecture of the classifier is shown in Table 3.3. As a preprocessing step, we
normalized the pixel values to the range [0, 1]. The model is optimized using Adam
with a learning rate of 0.001. The architectures of the generator and discriminator
for MNIST, EMNIST, and fashion-MNIST are also shown in Table 3.3. To train
these networks, we use the Adam optimizer [119] with parameters β1 = 0, β2 = 0.9,
and a learning rate of α = 1.0 × 10−4. As with the classifier model, two types of
generator and discriminator models are used.

The classifier model, used for CIFAR-10 and CINIC-10, is VGGNet-16. The
architecture of the model is presented in Table 3.4. CIFAR-10 and CINIC-10 are
significantly more complex to classify than MNIST, EMNIST, and fashion-MNIST
as the dataset contains color images, in contrast with the other three datasets, and
the images have various backgrounds in addition to the target object. To improve the
classification accuracy on the CIFAR-10 dataset, we normalized using global contrast
normalization and ZCA whitening [120], and did not use any data augmentation
method for preprocessing. For the CINIC-10 dataset, we did not normalize and
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Table 3.3: Architecture of the LeNet5 classifier, the generator, and the discriminator
models used for MNIST, EMNIST, and fashion-MNIST
Network Layers Act. func. Dimension

LeNet5 Classifier

Input Image, pad=2 - 32 x 32 x 1
Conv 5 x 5 ReLU 28 x 28 x 6

Max Pooling 2 x 2 - 14 x 14 x 6
Conv 5 x 5 ReLU 10 x 10 x 16

Max Pooling 2 x 2 - 5 x 5 x 16
Fully Connected ReLU 120
Fully Connected ReLU 84
Fully Connected - 10

SoftMax - 10

Generator

Input - 7 x 7x 128
Upsample - 14 x 14 x 128
Conv 4 x 4 lReLU 14 x 14 x 128
Conv 4 x 4 lReLU 14 x 14 x 64
Upsample - 28 x 28 x 64
Conv 4 x 4 lReLU 28 x 28 x 32
Conv 4 x 4 lReLU 28 x 28 x 16
Upsample - 56 x 56 x 16
Conv 4 x 4 lReLU 56 x 56 x 4

Conv 4 x 4, st=2 tanh 28 x 28 x 1

Discriminator

Input - 28 x 28 x 1
Conv 5 x 5, st=2 lReLU 14 x 14 x 32
Conv 5 x 5, st=2 lReLU 7 x 7 x 64
Conv 5 x 5, st=2 lReLU 4 x 4 x 128
Conv 5 x 5, st=2 lReLU 4 x 4 x 256
Conv 5 x 5, st=2 lReLU 4 x 4 x 256

applied augmentation methods such as horizontal flip and shift. Network weights
were initialized using a Xavier procedure and the biases set to zero [121]. The model
was optimized using stochastic gradient descent with a momentum value of µ = 0.9
[122]. The base learning rate for the optimizer was multiplied by a fixed decay
factor of 0.1 after 40, 80, and 120 epochs iteration, and the model was trained for
160 epochs on the CIFAR-10 and 300 epochs on the CINIC-10. In addition, the
architectures of the generator and discriminator for CIFAR-10 and CINIC-10 are
shown in Table 3.4.
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Table 3.4: Architecture of VGGNet-16 classifier, the generator, and the discrimina-
tor models used for CIFAR-10 and CINIC-10

Network Layers Act. func. Dimension

VGGNet-16 Classifier

Input Image - 32 x 32 x 3
2×Conv 3 x 3 ReLU 32 x 32 x 64
Dropout 0.7 - 32 x 32 x 64

Max Pooling 2 x 2, st=2 - 16 x 16 x 64
2×Conv 3 x 3 ReLU 16 x 16 x 128
Dropout 0.6 - 16 x 16 x 128

Max Pooling 2 x 2, st=2 - 8 x 8 x 128
3×Conv 3 x 3 ReLU 8 x 8 x 256
Dropout 0.6 - 8 x 8 x 256

Max Pooling 2 x 2, st=2 - 4 x 4 x 256
3×Conv 3 x 3 ReLU 4 x 4 x 512
Dropout 0.6 - 4 x 4 x 512

Max Pooling 2 x 2, st=2 - 2 x 2 x 512
3×Conv 3 x 3 ReLU 2 x 2 x 512
Dropout 0.6 - 2 x 2 x 512

Max Pooling 2 x 2, st=2 - 1 x 1 x 512
Fully Connected ReLU 512
Fully Connected ReLU 512
Fully Connected - 10

SoftMax - 10

Generator

Input - 4 x 4 x 512
DeConv 5 x 5, st=2 lReLU 8 x 8 x 256
DeConv 5 x 5, st=2 lReLU 16 x 16 x 128
DeConv 5 x 5, st=2 tanh 32 x 32 x 3

Discriminator

Input - 32 x 32 x 3
Conv 5 x 5, st=2 lReLU 16 x 16 x 128
Conv 5 x 5, st=2 lReLU 8 x 8 x 256
Conv 5 x 5, st=2 lReLU 4 x 4 x 512

3.2.2 Classification Results under Imbalanced Data Conditions and
High-Variance Noise Input Conditions

Before evaluating the proposed method, we verify the following two points: (1) that
the data imbalance ratio (IR) defined below affects the performance of the classifier
and (2) that the noise in the input data affects the performance of the classifier.

a) IR = (# of majority class data) : (# of minority class data),

b) Adjusted IR (A-IR) = (# of majority class data) : (# of minority class data) +
(# of augmented data of minority class)
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Figure 3.6: The accuracy of classification under various IR on each dataset, (a)
MNIST, (b) EMNIST, (c) fashion-MNIST, (d) CIFAR-10, (e) CINIC-
10

Table 3.5: The results of the simple exponential curve fitting for relationships be-
tween the accuracy of the classification and the IR

y = c + ae−λx λ a c

MNIST 0.0382 0.0657 0.9265
EMNIST 0.0091 0.0729 0.9189

fashion-MNIST 0.0874 0.1397 0.7625
CIFAR-10 0.1022 0.4947 0.4563
CINIC-10 0.1334 0.3385 0.5461

To check the relationship between classification performance and data imbalance
conditions, we train a model by setting the number of majority class data to the
maximum number, and changing the IR from 1:1 to 50:1 on the MNIST, 200:1
on the EMNIST, 40:1 on the fashion-MNIST, 5:1 on the CIFAR-10, and 10:1 on
the CINIC-10. Figure 3.6 displays the overall accuracy of the classification for
various IRs on benchmark datasets. For example, the accuracy of the classifier on
the MNIST, EMNIST, fashion-MNIST, CIFAR-10, and CINIC-10 under the data
balanced condition was 98.95%, 99.35%, 90.26%, 90.06%, and 84.47%, respectively.
However, as the IR increased, the accuracy of the classifiers on all datasets decreased
dramatically. The results of the simple exponential curve fitting y = c + ae−λx for
relationships between the accuracy of the classification and the IR are shown in
Table 3.5.

As the level of complexity of the classification increased, the accuracy tended
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Figure 3.7: The accuracy of the classification on each dataset for various values of
the variance of the Gaussian noise, (a) MNIST, (b) EMNIST, (c) fashion-
MNIST

to decrease further. For example, the exponential decay constant for the CIFAR-
10, λ = 0.1022, is almost three times larger than for the MNIST, λ = 0.0382.
Consequently, the increasing IR has a negative impact on the performance of the
classifiers.

The second experiment was to analyze the impact of the noise in the input data on
the performance of the classifier. To evaluate the classifier in the noisy conditions,
we added various variance values for the Gaussian noise into the training datasets.
We used the EMNIST and fashion-MNIST benchmark datasets and compared the
LeNet5 classifier to the LeNet5 with the noise reduction method (LeNet5-NR) that
we introduced in Section 3.1. Figure 3.7 shows the accuracy trends of the classifier
on the MNIST, EMNIST, and fashion-MNIST as the variance of the Gaussian noise
increase. For the EMNIST dataset, the accuracy of LeNet5 is almost identical to that
of LeNet5-NR in the absence of noise in the training dataset, or when the variance
of the Gaussian noise is lower than 1.5. The accuracy of LeNet5 and LeNet5-NR
in the absence of noise is 99.40% and 99.32%, respectively. The difference is close
to 0.1%. However, the gap in accuracy increases as the variance exceeds 1.5. The
accuracy of LeNet5-NR also decreases but remains at or above 83.41% even for
the most severe variance value of 15, whereas the accuracy of the original LeNet5
falls to approximately 76.41% under the same condition. Regarding the fashion-
MNIST dataset, the accuracy of the original LeNet5 classifier is higher than that of
the LeNet5-NR only for the noise-free dataset. The difference in accuracy between
LeNet5 and LeNet5-NR increases with the variance in the Gaussian noise. For the
severe variance value of 15, the accuracy of the LeNet5-NR is close to 65%, while the
accuracy of the LeNet5 falls below 45%. In summary, the proposed noise reduction
method is capable of classifying images even when the variance of the Gaussian noise
is high, and can potentially reduce the influence of the noise in the training images.
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3.2.3 Evaluations of the Data Augmentation Methods

In this subsection, we evaluate the proposed method by comparing it to others,
including the ACGAN [68], SMOTE [59], SVM-SMOTE [88], MWMOTE [89], VAE-
GANs [123], BAGAN [124], and WGAN-GP [71], on the five benchmark datasets. In
the experiments, two metrics are used to evaluate the data augmentation methods.
One is the overall accuracy, which is the proportion of test data correctly classified. It
informs us of the contribution of the data augmentation method to the improvement
in the performance of the classifier. To calculate the exact accuracy with no influence
from the majority class selection, the experiments were performed for all possible
combinations, 10C2 = 45, and the average accuracy was calculated. Another metric
is the multiscale structural similarity (MS-SSIM) [125, 126]. MS-SSIM is a multi-
scale variant of the structural similarity metric designed to emulate the perception
process in the human visual system [125]. MS-SSIM values vary from 0.0 to 1.0,
where a higher value indicates higher similarity. Thus, a lower MS-SSIM score means
that the images generated using data augmentation vary widely. To measure the
image diversity, we calculate the MS-SSIM scores for 1000 pairs of images within a
class of the generated dataset.

Experimental Results on MNIST

To evaluate the performance of the data augmentation methods, we generated syn-
thetic images using the proposed method and various other data augmentation tech-
niques and trained the classifier with the real and generated data. For the MNIST
dataset, we oversampled over 100 images, randomly chosen for training the gen-
erative model, from each class using the proposed method and other various data
augmentation techniques. As the maximum number of data points in each class is
5000 in the MNIST dataset, 100 images per class yield an IR of 50:1 and we over-
sample the 100 images chosen until the maximum number of data points in each
class reaches 200, 500, 1000, and 5000 (yielding A-IR = 25:1, 10:1, 5:1, and 1:1, re-
spectively). The sample images that were generated using the proposed method and
various others are presented in Appendix B. As shown there, the ACGAN generated
similar types of images. By contrast, the proposed method, CEGAN, provided a
higher variety and better quality than the others.

As mentioned above, the classifier was trained for 45 cases and the average accu-
racy was calculated. The comparison results of the performance of the classifier are
shown in Figure 3.8 and Table 3.6. The lower bound of the accuracy under IR =
50:1 with no oversampling was 93.66%. The upper bound of the accuracy under IR
= 10:1 with no oversampling was 97.28%.

Among the data augmentation methods, CEGAN achieved the highest classifica-
tion accuracy, and the accuracy at A-IR = 1:1 improved by 2.73% over that at IR =
50:1. Thus, the images generated by CEGAN can help improve the performance of
the classification on the MNIST dataset. Furthermore, the proposed method reduces
the complexity of the training procedure and is faster than WGAN-GP. Our network
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Table 3.6: Percentile accuracy of real and generated data using data augmentation
methods on the MNIST dataset. All the numbers are percentages. (IR
= 50:1)

A-IR 25:1 10:1 5:1 1:1
ACGAN 93.52 93.46 94.01 93.84
SMOTE 93.85 94.13 94.42 94.60

SVM-SMOTE 93.92 94.46 94.23 95.06
MWMOTE 94.80 95.02 95.07 95.54
VAE-GANs 93.71 94.02 93.69 92.79

BAGAN 93.70 94.62 93.99 94.71
WGAN-GP 94.76 95.57 96.07 96.10

CEGAN 94.65 95.40 95.96 96.39
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Figure 3.8: Comparison results of the classifier accuracy on the MNIST dataset

has a bigger structure than the one in WGAN-GP to handle the entire training data
simultaneously. However, the WGAN-GP had to be trained using each class, while
the proposed method was trained all at once. Moreover, the proposed method does
not have to be ten times slower than the WGAN-GP as the filters in the convolution
layers effectively capture the features.

Additionally, we measured and compared the MS-SSIM scores for the dataset
generated by data augmentation. Figure 3.9 plots the mean MS-SSIM values for
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Table 3.7: Mean MS-SSIM scores between the images generated by data augmenta-
tion on the MNIST dataset

Method mean MS-SSIM
Training data 0.5680 ± 0.1015

ACGAN 0.6766 ± 0.0774
SMOTE 0.6828 ± 0.0908

SVM-SMOTE 0.6458 ± 0.0825
MWMOTE 0.6445 ± 0.0818
VAE-GANs 0.5959 ± 0.0853

BAGAN 0.5805 ± 0.1200
WGAN-GP 0.5660 ± 0.1108

CEGAN 0.5574 ± 0.1062

Table 3.8: MS-SSIM scores with the training data MS-SSIM score on the MNIST
dataset

Method # of lower score classes
ACGAN 0
SMOTE 0

SVM-SMOTE 0
MWMOTE 0
VAE-GANs 3

BAGAN 4
WGAN-GP 7

CEGAN 7

the images generated by data augmentation and the training data is broken up by
class (i.e., ten scatter points for each method). The red line is the line of equality.
For example, if a point is placed above the line of equality, the images generated for
the class are not as diverse as the training data. Thus, when the points are overly
distributed below the equality line, it means that the data augmentation method
generated a wider variety of datasets than the training dataset. As shown in Table
3.8, most of the alternative data augmentation techniques only recorded three or
four classes with a lower mean sample MS-SSIM score than the training data. By
contrast, the number of classes below the equality line was seven for WGAN-GP
and CEGAN. Table 3.7 provides a comparison of the overall mean MS-SSIM scores.
Only the WGAN-GP and CEGAN provided lower mean MS-SSIM scores than the
training data. Moreover, among all the data augmentation methods, the CEGAN
achieved the lowest MS-SSIM score. In other words, the CEGAN generated more
diverse synthetic images than other methods.
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Figure 3.9: Comparison results of the MS-SSIM scores between the images generated
by data augmentation on the MNIST dataset (the red line indicates
equality)

Experimental Results on EMNIST

As with the MNIST dataset, we oversampled over 100 images, which were randomly
chosen, from each class of the EMNIST digit dataset by using the proposed method
and various others. Although the number of data points in each class in the training
dataset is 24000 for the EMNIST dataset, we used 20000 images to readily calculate
the IR, which is still four times as many as in the MNIST dataset. Then, 100
images per class yield an IR of 200:1, and we oversample the chosen 100 images
until the maximum number of data points in each class reaches 2000, 5000, 10000,
and 20000 (yielding A-IR = 10:1, 4:1, 2:1, and 1:1, respectively). The example
images generated with the proposed method and various others are presented in
Appendix B. As shown there, the mode collapse problem [127] occurs in the image
set generated with ACGAN and VAE-GANs. However, CEGAN provides more
varied types and better quality than other methods.

Similar to the MNIST dataset, we compare the classification accuracy according to
the data augmentation method, as per Figure 3.10 and Table 3.9. The lower bound
of the accuracy under IR = 200:1 with no oversampling was 92.98%. The upper
bound of the accuracy under IR = 40:1 with no oversampling was 96.80%. Among
data augmentation methods, our proposal, CEGAN, yielded the highest accuracy
for the classification, improving the accuracy by 3.13% at A-IR = 1:1 over that at
IR = 200:1. Thus, the images generated with the CEGAN can help improve the
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Table 3.9: Percentile accuracy of real and synthetic data on the EMNIST dataset.
All the numbers are percentages. (IR = 200:1)

A-IR 10:1 4:1 2:1 1:1
ACGAN 92.21 92.04 91.62 91.81
SMOTE 93.12 93.48 93.46 93.48

SVM-SMOTE 93.55 94.79 94.99 95.58
MWMOTE 94.68 94.58 94.83 95.33
VAE-GANs 92.55 91.82 92.28 92.33

BAGAN 94.40 93.74 94.08 94.03
WGAN-GP 95.49 96.08 96.07 96.32

CEGAN 95.36 95.66 96.07 96.48
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Figure 3.10: Comparison results of the classifier accuracy on the EMNIST dataset

performance of the classification on the EMNIST dataset as well.
We measured and compared the MS-SSIM scores in the same way as in Figure

3.9. As presented in Figure 3.11, we found that CEGAN is in a lower position
than the other data augmentation methods. In Table 3.11, we found that the other
data augmentation methods only have zero to three classes more diverse than the
training data. By contrast, our method scored seven points below the equality line.
Table 3.10 shows a comparison of the overall mean MS-SSIM scores. Only the
WGAN-GP and CEGAN achieved a lower mean MS-SSIM score than the training
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Table 3.10: Mean MS-SSIM scores among images generated by data augmentation
on the EMNIST dataset

Method mean MS-SSIM
Training data 0.4597 ± 0.1184

ACGAN 0.6098 ± 0.0742
SMOTE 0.5979 ± 0.1070

SVM-SMOTE 0.5834 ± 0.1014
MWMOTE 0.5777 ± 0.0934
VAE-GANs 0.5658 ± 0.1040

BAGAN 0.4832 ± 0.1235
WGAN-GP 0.4462 ± 0.1252

CEGAN 0.4471 ± 0.1200

Table 3.11: MS-SSIM scores with the training data on the EMNIST dataset
Method # of lower score classes
ACGAN 0
SMOTE 0

SVM-SMOTE 0
MWMOTE 0
VAE-GANs 0

BAGAN 3
WGAN-GP 8

CEGAN 7

data. Moreover, among all data augmentation methods, the WGAN-GP achieved
the lowest MS-SSIM score and has eight classes below the equality line. However,
the mean MS-SSIM score with CEGAN is only slightly different from the score
with the WGAN-GP. Consequently, we argue that CEGAN also outperforms other
techniques on the EMNIST dataset.

Experimental Results on Fashion-MNIST

As in previous experiments, we oversampled over 150 images randomly chosen from
each fashion-MNIST class. The images selected yielded IR = 40:1 and we over-
sampled them until the maximum number of data points in each class reached 300,
600, 1200, 3000, and 6000 (yielding A-IR = 10:1, 5:1, 2:1, and 1:1, respectively). In
contrast with the MNIST and EMNIST datasets, the accuracy of the classification
on the fashion-MNIST dataset was around 90% in Figure 3.6. The low accuracy
stems from unclear boundaries between ambiguous classes, as mentioned in the pre-
vious section. Figure 3.12 shows the results of the feature extraction and clustering,
that were described in the previous section, for 150 samples of each class from the
fashion-MNIST dataset. In the merged result of the feature extraction and cluster-
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Figure 3.11: Comparison results of the MS-SSIM scores between the images gener-
ated by data augmentation on the EMNIST dataset (red line is equality)

Table 3.12: Highly correlated classes extracted by feature extraction and clustering
for the fashion-MNIST dataset

Class 1 Class 2 Score
Pullover Coat 110
Sandal Sneaker 82

Pullover Shirt 67
Coat Shirt 64

T-shirt Dress 55
T-shirt Coat 54
T-shirt Shirt 51
Dress Coat 34
Sandal Ankle Boot 26
Sneaker Ankle Boot 26

ing from the fashion-MNIST dataset, several classes are mixed in some clusters. To
derive subsets of ambiguous classes, we calculate an ambiguity score by counting the
number of features among confused classes in the feature clustering map. The list
of the high score class relationship and the score are shown in Table 3.12.

As a result, we define three subsets, which were mentioned in the previous section,
from Table 3.12 for the CEGAN-AR in this experiment. Note that we use λr

k = λg
k =

0.2 for this experiment.

41



3 Classification Enhancement Generative Adversarial Networks (CEGAN)

0:T‐shirt/top

1:Trouser

2:Pullover

3:Dress

4:Coat

5:Sandal

6:Shirt

7:Sneaker

8:Bag

9:Ankle boot

(a)
0:T‐shirt/top

1:Trouser

2:Pullover

3:Dress

4:Coat

5:Sandal

6:Shirt

7:Sneaker

8:Bag

9:Ankle boot

(b)

0:T‐shirt/top

1:Trouser

2:Pullover

3:Dress

4:Coat

5:Sandal

6:Shirt

7:Sneaker

8:Bag

9:Ankle boot

(c)

Figure 3.12: Results of the feature extraction and clustering for 150 samples of each
class from the fashion-MNIST dataset, (a) result of PCA and t-SNE, (b)
result of KMeans++ algorithm, (c) merged result of feature extraction
and clustering.

Table 3.13: Percentile accuracy of real and synthetic data on the fashion-MNIST
dataset. All the numbers are percentages. (IR = 40:1)

A-IR 10:1 5:1 2:1 1:1
ACGAN 77.90 77.55 77.81 77.83
SMOTE 79.40 79.55 79.50 79.62

SVM-SMOTE 79.21 79.28 79.54 79.98
MWMOTE 76.66 77.19 80.02 80.95
WGAN-GP 80.91 80.95 80.95 81.03

CEGAN 79.96 80.59 80.89 81.44
CEGAN-AR 80.38 80.85 81.47 81.72

The example images generated with the proposed method and various others are
presented in Appendix B. As shown in the figure in Appendix B, the mode collapse
problem occurs in the image set generated with ACGAN. Meanwhile, SMOTE,
MWMOTE, CEGAN, and CEGAN-AR generated high-quality images with no noise
and presented various types simultaneously.

Experimental results are shown in Figure 3.13 and Table 3.13. The lower bound of
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Figure 3.13: Comparative results of classifier accuracy on the fashion-MNIST
dataset.

Table 3.14: Mean MS-SSIM scores among images generated by data augmentation
on the fashion-MNIST dataset

Method mean MS-SSIM
Training data 0.4563 ± 0.1306

ACGAN 0.8918 ± 0.1306
SMOTE 0.5575 ± 0.1217

SVM-SMOTE 0.5138 ± 0.1207
MWMOTE 0.5473 ± 0.1080
WGAN-GP 0.4536 ± 0.1343

CEGAN 0.4427 ± 0.1309
CEGAN-AR 0.4358 ± 0.1208

the accuracy under IR = 40:1 with no oversampling was 76.53%. The upper bound
of the accuracy under IR = 10:1 with no oversampling was 82.42%.

Among data augmentation methods, the CEGAN-AR provided the highest ac-
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Table 3.15: MS-SSIM scores with the training data on the fashion-MNIST dataset
Method # of lower score classes
ACGAN 0
SMOTE 1

SVM-SMOTE 2
MWMOTE 1
WGAN-GP 4

CEGAN 4
CEGAN-AR 5
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Figure 3.14: Comparative results of the MS-SSIM scores among images generated by
data augmentation on the fashion-MNIST dataset (red line is equality)

curacy, improving it by 5.19% at A-IR = 1:1 over that at IR = 200:1. Addition-
ally, the CEGAN-AR achieved higher accuracy than the CEGAN. Thus, we contend
that CEGAN-AR can help improve classification performance on the fashion-MNIST
dataset and achieve better classification results for ambiguous classes.

Once again we measured and compared the MS-SSIM scores in Figure 3.14 and
Table 3.15. In the case of the fashion-MNIST dataset, there were zero to four classes
for other methods and five classes for the CEGAN-AR with a lower mean MS-SSIM
score than the training data. Based on the comparative results presented in Table
3.14, only the WGAN-GP, CEGAN, and CEGAN-AR achieved a lower mean MS-
SSIM score than the training data.
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Figure 3.15: Results of the feature extraction and clustering for 1000 samples of each
class from the CIFAR-10 dataset, (a) result of PCA and t-SNE, (b)
result of KMeans++ algorithm, (c) merged result of feature extraction
and clustering.

Experimental Results on CIFAR-10

The classification on the CIFAR-10 dataset is more difficult than on the other
datasets. The accuracy of the classification even under the balanced condition was
around 90% and the accuracy decreased dramatically as the IR increased. Unlike
previous experiments, we sampled 1000 images from each class in the CIFAR-10
dataset for data augmentation (IR = 5:1). This is mainly because the quality of
the images generated can also be affected and the performance of the classification
cannot improve when its accuracy is too low. We oversampled over the 1000 images
chosen until the maximum number of data points in each class reached 1250, 1667,
2500, 5000, yielding A-IR of 4:1, 3:1, 2:1, and 1:1, respectively.

In this experiment, we also defined subsets from the result of the feature extraction
and clustering on the CIFAR-10 dataset for the CEGAN-AR. The results of the
feature extraction and clustering for 1000 images from the CIFAR-10 dataset are
shown in Figure 3.15. To derive subsets of ambiguous classes, we calculate an
ambiguity score by counting the number of features among confused classes in the
feature clustering map. The list of the high score class relationship and the score
are shown in Table 3.16.
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Table 3.16: Highly correlated classes extracted by feature extraction and clustering
for the CIFAR-10 dataset

Class 1 Class 2 Score
Dog Cat 144
Bird Cat 81
Cat Deer 69

Truck Automobile 48

Table 3.17: Percentile accuracy of real and synthetic data on the CIFAR-10 dataset.
All the numbers are percentages. (IR = 5:1)

A-IR 4:1 3:1 2:1 1:1
ACGAN 76.01 77.08 78.62 80.15
SMOTE 76.24 77.41 78.03 79.05

SVM-SMOTE 76.35 77.68 78.67 80.24
MWMOTE 76.55 78.03 79.27 80.50
WGAN-GP 76.26 77.91 79.56 79.56

CEGAN 76.58 78.01 78.81 80.77
CEGAN-AR 76.76 78.03 79.41 81.75

As a result, the three subsets are defined, referring to Table 3.16 for the CEGAN-
AR in this experiment, as follows.

Subset 1 = Bird, Cat, Deer

Subset 2 = Cat, Dog

Subset 3 = Automobile, Truck

Note that we use λr
k = λg

k = 0.2 for this experiment. The example images gener-
ated by data augmentation are shown in Appendix B. The mode collapse problem
occurs in the image set generated with ACGAN as well. The example images gen-
erated with WGAN-GP are difficult to recognize and contain noise as well. On the
contrary, SMOTE, MWMOTE, CEGAN, and CEGAN-AR generated high-quality
images with no noise and the generated images are comparatively easy to recognize.
As shown in Figure 3.24, among the four example images from SMOTE, MWMOTE,
CEGAN, and CEGAN-AR, the images generated with SMOTE seem to have the
best quality, because the object is clear and the background is not noisy.

Experimental results are shown in Figure 3.16 and Table 3.17. The lower bound
of the accuracy under IR = 5:1 with no oversampling was 74.97%. The upper bound
of the accuracy under IR = 3:1 with no oversampling was 82.48%.

Among data augmentation methods, the CEGAN-AR achieved the highest accu-
racy, which improved by 6.78% at A-IR = 1:1 over that at IR = 5:1. Additionally,
the CEGAN-AR led to a higher accuracy than the CEGAN. Thus, we contend that
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Figure 3.16: Comparison results of the classifier accuracy on CIFAR-10 dataset.

CEGAN-AR can help to improve the classification performance on the CIFAR-10
dataset and achieve a better classification of the ambiguous classes.

We measured and compared the MS-SSIM scores in Figure 3.17 and Table 3.19.
In contrast with the other benchmark datasets, as the CIFAR-10 dataset has three-
channel images and we oversampled over 1000 images, which is much more than for
other datasets, the mean MS-SSIM score of the training data is far lower than the
other datasets. In Table 3.19, there were zero to one class for the other methods
and five classes for the WGAN-GP and CEGAN-AR with a lower mean MS-SSIM
score than the training data. Based on the comparative results presented in Table
3.18, WGAN-GP, CEGAN, and CEGAN-AR achieved a lower mean MS-SSIM score
than the training data.

Experimental Results on CINIC-10

CINIC-10 dataset contains 9000 training images in each class and the number of
training images is 1.8 times as many as in the CIFAR-10 dataset. To show the
effectiveness of the proposed method with more training images and under the severe
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Table 3.18: Mean MS-SSIM scores among images generated by data augmentation
on the CIFAR-10 dataset

Method mean MS-SSIM
Training data 0.1230 ± 0.0653

ACGAN 0.2041 ± 0.0642
SMOTE 0.1715 ± 0.0827

SVM-SMOTE 0.1697 ± 0.1316
MWMOTE 0.1553 ± 0.0760
WGAN-GP 0.1187 ± 0.0607

CEGAN 0.1196 ± 0.0646
CEGAN-AR 0.1180 ± 0.0644

Table 3.19: MS-SSIM scores with the training data on the CIFAR-10 dataset
Method # of lower score classes
ACGAN 1
SMOTE 0

SVM-SMOTE 1
MWMOTE 0
WGAN-GP 5

CEGAN 4
CEGAN-AR 5
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Figure 3.17: Comparative results of the MS-SSIM scores among images generated
the data augmentation on the CIFAR-10 dataset (red line is equality)

IR condition, we sampled 900 images from each class in the CINIC-10 dataset for
data augmentation (IR = 10:1). We oversampled over the 900 images chosen until
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Figure 3.18: Results of the feature extraction and clustering for 900 samples of each
class from the CINIC-10 dataset, (a) result of PCA and t-SNE, (b)
result of KMeans++ algorithm, (c) merged result of feature extraction
and clustering.

the maximum number of data points in each class reached 1800, 3000, 4500, 9000,
yielding A-IR of 5:1, 3:1, 2:1, and 1:1, respectively.

In this experiment, we also defined subsets from the result of the feature extraction
and clustering on the CINIC-10 dataset for the CEGAN-AR. The results of the
feature extraction and clustering for 900 images from the CINIC-10 dataset are
shown in Figure 3.18. To derive subsets of ambiguous classes, we calculate an
ambiguity score by counting the number of features among confused classes in the
feature clustering map. The list of the high score class relationship and the score
are shown in Table 3.20.

As a result, the three subsets are defined, referring to Table 3.20 for the CEGAN-
AR in this experiment, as follows.

Subset 1 = Cat, Dog

Subset 2 = Bird, Cat, Frog

Subset 3 = Automobile, Truck

Note that we use λr
k = λg

k = 0.2 for this experiment. The example images gen-
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Table 3.20: Highly correlated classes extracted by feature extraction and clustering
for the CINIC-10 dataset

Class 1 Class 2 Score
Dog Cat 223

Truck Automobile 100
Bird Frog 97
Cat Frog 95
Bird Cat 91

Table 3.21: Percentile accuracy of real and synthetic data on the CINIC-10 dataset.
All the numbers are percentages. (IR = 10:1)

A-IR 5:1 3:1 2:1 1:1
SMOTE 63.67 63.60 63.49 64.13

SVM-SMOTE 63.85 63.21 62.77 62.52
MWMOTE 65.79 66.04 65.90 65.41

CEGAN 65.76 65.86 66.14 66.62
CEGAN-AR 66.09 66.12 66.28 66.74

erated by data augmentation are shown in Appendix B. SMOTE, MWMOTE, CE-
GAN, and CEGAN-AR generated high-quality images with no noise and the gener-
ated images are comparatively easy to recognize. Among the four example images
from SMOTE, MWMOTE, CEGAN, and CEGAN-AR, the images generated with
SMOTE seem to have the best quality as the object in the images is clear.

Experimental results are shown in Figure 3.19 and Table 3.21. The lower bound of
the accuracy under IR = 10:1 with no oversampling was 63.43%. The upper bound
of the accuracy under IR = 5:1 with no oversampling was 72.41%. Because the per-
formance of the classification under IR = 10:1 was low, the quality of the generated
images can be affected and the improvement of the classification is little. Especially,
the performance of the classification by SVM-SMOTE is lower than the baseline
(IR=10:1), since the classification using SVM under the imbalanced condition in
the CINIC-10 dataset was poor.

Among data augmentation methods, the CEGAN-AR achieved the highest accu-
racy, which improved by 3.31% at A-IR = 1:1. Additionally, the CEGAN-AR led to
a higher accuracy than the CEGAN. Thus, we contend that CEGAN-AR can help
to improve the classification performance on the CINIC-10 dataset and achieve a
better classification of the ambiguous classes.

We measured and compared the MS-SSIM scores in Figure 3.20 and Table 3.23.
In Table 3.23, there was zero class for the other methods and three classes for the
CEGAN and CEGAN-AR with a lower mean MS-SSIM score than the training data.
Unlike other experiments, the proposed method provided a higher mean MS-SSIM
score than the training data. Based on the results of the accuracy and MS-SSIM

50



3.2 Experimental Results

56%

58%

60%

62%

64%

66%

68%

70%

72%

74%

5:1 3:1 2:1 1:1

Ac
cu
ra
cy

Adjusted IR

SMOTE SVM‐SMOTE MWMOTE CEGAN
CEGAN‐AR IR=10:1 IR=5:1

Figure 3.19: Comparison results of the classifier accuracy on CINIC-10 dataset.
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Figure 3.20: Comparative results of the MS-SSIM scores among images generated
the data augmentation on the CINIC-10 dataset (red line is equality)
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Table 3.22: Mean MS-SSIM scores among images generated by data augmentation
on the CINIC-10 dataset

Method mean MS-SSIM
Training data 0.1126 ± 0.0625

SMOTE 0.1616 ± 0.0798
SVM-SMOTE 0.2106 ± 0.1620

MWMOTE 0.1437 ± 0.0723
CEGAN 0.1184 ± 0.0813

CEGAN-AR 0.1164 ± 0.0800

Table 3.23: MS-SSIM scores with the training data on the CINIC-10 dataset
Method # of lower score classes
SMOTE 0

SVM-SMOTE 0
MWMOTE 0

CEGAN 3
CEGAN-AR 3

Table 3.24: Average runtime of data augmentation methods in seconds
Method time
SMOTE 35

SVM-SMOTE 22727
MWMOTE 25432

CEGAN 19287
CEGAN-AR 21580

score, we concluded that the performance of the classification and the diversity of
the generated images have a limitation when the classification accuracy is low.

To measure the efficiency, the runtime on the CINIC-10 dataset is computed. The
CINIC-10 dataset has three-dimensional images and the size of the training dataset
is 90000 images. By using CINIC-10, the runtime of the proposed and other methods
under the conditions where the computational load is high and the more severe data
imbalance ratio is given. The experiment results show that the proposed method
took much more time than SMOTE (600 times approximately), but less than SVM-
SMOTE and MWMOTE. The runtime comparison results are shown in Table 3.24.

Examples of Generated Images

Figures 3.21, 3.22, 3.23, 3.24, and 3.25 show examples of the images generated on
MNIST, EMNIST, fashion-MNIST, and CIFAR-10 datasets using various data aug-
mentation methods, respectively. Note that other methods suffer from the mode
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Figure 3.21: Examples of the generated images on MNIST dataset, By (a) ACGAN,
(b) SMOTE, (c) SVM-SMOTE, (d) MWMOTE, (e) VAE-GANs, (f)
BAGAN, (g) WGAN-GP, (h) CEGAN

collapse problem or fail to distinguish confusing classes. By contrast, the technique
proposed generates diverse synthetic data successfully while being effective at rec-
ognizing ambiguous classes.

3.2.4 Overall Analysis

The experimental results presented above indicate that the proposed method im-
proved the classification performance more than other oversampling methods and
created an assorted yet appropriate set of synthetic images. Additionally, we ob-
served that the lower the mean MS-SSIM score, the larger the improvement in
classification accuracy. This demonstrates that the generative model improves the
performance of the classification when the probability distribution is approximated
well by the model and a diverse set of synthetic data is generated. Another inter-
esting phenomenon we discovered is that the better performance CEGAN achieves,
the more synthetic images are generated. The alternative techniques such as MW-
MOTE or WGAN-GP lead to slightly better outcomes than the proposed model in
lower A-IRs.

Conversely, when A-IR reaches 1:1, our method achieved the best performance
for all five datasets. We interpret this result as follows: when the imbalance is
severe, increasing the number of data points is more important than generating
more diverse images. This explains why naive data augmentation such as SMOTE
achieves better performance at higher A-IR. In this scenario, the data generated
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 3.22: Examples of the generated images on EMNIST dataset, By (a) AC-
GAN, (b) SMOTE, (c) SVM-SMOTE, (d) MWMOTE, (e) VAE-GANs,
(f) BAGAN, (g) WGAN-GP, (h) CEGAN

(a) (b) (c) (d)

(e) (f) (g)

Figure 3.23: Examples of the generated images on fashion-MNIST dataset, By (a)
ACGAN, (b) SMOTE, (c) SVM-SMOTE, (d) MWMOTE, (e) WGAN-
GP, (f) CEGAN, (g) CEGAN-AR
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(a) (b) (c) (d)

(e) (f) (g)

Figure 3.24: Examples of the generated images on CIFAR-10 dataset, By (a) AC-
GAN, (b) SMOTE, (c) SVM-SMOTE, (d) MWMOTE, (e) WGAN-GP,
(f) CEGAN, (g) CEGAN-AR

(a) (b) (c) (d)

(e)

Figure 3.25: Examples of the generated images on CINIC-10 dataset, By (a)
SMOTE, (b) SVM-SMOTE, (c) MWMOTE, (d) CEGAN, (e) CEGAN-
AR
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might be monotonous but is helpful enough to compensate for the bias caused by
the imbalance. However, this effect decreases when A-IR approaches 1:1. As the
generated data is within a certain boundary of diversity, it no longer insulates the
classifier from the various cases. The method we propose soothes such a bias subject
to the boundary of diversity.

3.3 Conclusions
In this chapter, we proposed a data augmentation method, named CEGAN, com-
posed of three independent networks and employed the objective formulation of
WGAN-GP, for classification under imbalanced data conditions. As the generator
of GANs takes a random noise vector for input and outputs a synthetic image, we
proposed a modified classifier architecture for generated images considering the effect
of noise input. We also proposed a conditional generative model with class subsets,
which were determined by feature extraction and clustering, to classify ambigu-
ous classes more precisely, the CEGAN-AR. The experimental results showed that
the proposed method improves the accuracy of the classification by 2.73%, 3.13%,
5.19%, 6.78%, and 3.31% on the MNIST, EMNIST, fashion-MNIST, CIFAR-10,
and CINIC-10 datasets, respectively. Compared to others, our method provided the
largest improvement in classification performance. In addition, we compared the
diversity of the data generated by data augmentation using MS-SSIM scores. The
proposed approach generated image samples with the lowest MS-SSIM score among
all data augmentation methods.
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4 Discriminative Feature Generation
(DFG)

4.1 Framework of DFG (Application of CEGAN framework
in the feature space with the supervised attention
model)

The goal is to generate discriminative features to improve the performance of the
neural network on a small number of training data and the class-imbalanced dataset.
Unlike CGAN and ACGAN[67, 68], the structure of the feature classifier to the
independent network is employed in the proposed GAN structure. The proposed
GAN structure is composed of four independent networks: a feature generator,
feature discriminator, feature extractor, and feature classifier. The structure of
the proposed GAN model is shown in Figure 4.1. The feature extractor represents
the first convolution layer or block in a neural network classifier, and the feature
classifier represents the rest of the convolution layers and fully connected layers after
the feature extractor in the neural network classifier. The feature extractor and
classifier are regularized with transferred weights from the source model, similar
to Li et al. [1]. We deploy the knowledge distillation technique to the training
procedure of GAN and train the feature generator with supervised attention models
to generate discriminative features.

4.1.1 Training GAN Model with Four Independent Networks

For the stability of the training procedure and the quality of the generated data, we
deploy the objective formulation of WGAN-GP for the feature discriminator and the
feature generator. The loss functions of the feature discriminator and the feature
generator are denoted by LD and LG, respectively.

LD(x, z, ŷ; θD) = − E
(z,ŷ)∼(Pz ,Ŷ )

[D(G(z, ŷ))]+ E
x∼X

[D(E(x))]+λ E
x̂∼Px̂

[(∥∇x̂D(x̂)∥2−1)2],

(4.1)

LG(z, ŷ; θG) = − E
(z,ŷ)∼(Pz ,Ŷ )

[D(G(z, ŷ))], (4.2)

where z is the noise vector sampled from uniform distribution Pz, and feature gen-
erator G generates synthetic feature G(z). λ is the penalty coefficient, and Px̂ is
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Figure 4.1: Structure of the proposed model.

the uniform sampling along straight lines between pairs of points from the real data
distribution, Pr, and the generated data distribution. θD and θG are the parameters
of the feature discriminator and the feature generator, respectively. Feature dis-
criminator D is trained to minimize LD to distinguish between real and generated
features. Generator G is trained to minimize LG.

To generate the distribution of features similar to the real features from the feature
extractor, a total loss function of the feature classifier contains a loss function of the
feature classifier on the features concatenating the real and generated features as
well. The objective functions of the feature extractor and classifier are represented
as follows:

LE(x, y; θE) = E
(x,y)∼(X,Y )

[−y log C(E(x))], (4.3)

LC(x, y, z, ŷ; θC) =αLr
C(x, y; θC) + β Lr

C(x, y; θC) + γLc
C

(α + β + γ = 1).
(4.4)

In (4.4), the loss functions of Lr
C , Lg

C , and Lc
C are defined as

Lr
C(x, y; θC) = E

(x,y)∼(X,Y )
[−y log C(E(x))], (4.4a)
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Lg
C(z, ŷ; θC) = E

(z,ŷ)∼(pz(z),Ŷ )
[−ŷ log C(G(z, ŷ))], (4.4b)

Lc
C(x, y, z, ŷ; θC , θG) = E

(x̃,ỹ)∼(X̃,Ỹ )
[−ỹ log C(x̃)],

where x̃ = E(x)⊕G(z, ŷ), ỹ = y ⊕ ŷ
(4.4c)

where LE and LC are the loss functions of the feature extractor and feature classifier,
respectively. θE and θC are the parameters E and C, respectively. ⊕ denotes a
concatenation operation. Lc

C is the loss function of the feature classifier on the
feature maps concatenated with the real and generated features. α, β, and γ are
hyperparameters that control the importance of the classification for the real and
generated data. In LE and Lr

C , the regularization term, which characterizes the
differences between the source and target network for transfer learning, can be added.

Feature generator G (to minimize (4.2) and (4.4c)) and feature classifier C (to
minimize (4.4) and (4.4a)) are trained simultaneously, whereas feature discriminator
D and feature extractor E are trained to minimize (4.1) and (4.3), respectively. The
reason why feature classifier C is optimized not only with the real data is to prevent
the classifier from overfitting to the real data because the performance of the classifier
with the real data is not sufficient to improve the performance of the classification
under the class-imbalanced condition.

In the training procedure, we define two training parameters. The generator
learning parameter controls the ratio between LG and Lg

C while optimizing the
generator parameter, θG. The classifier learning parameter is used to control the
balance of how much the classifier is trained from the feature extracted from the
real data Lr

C or from the real features combined with the generated features, LC .
The training details of the proposed method using (4.1), (4.2), (4.3), and (4.4) with
these parameters are summarized in Algorithm 2.

4.1.2 Discriminative Feature Generation by using the Supervised
Attention Model

To generate discriminative features, we adopt supervised attention mechanisms for
each class label. To obtain the weights for feature maps, we propose a supervised
attention method adopted from [1] for the generator network. Whereas the super-
vised attention method in [1] is calculated by averaging the filter weight for each
filter, we utilize the fact that the importance of each filter varies from class to class.
We transform the filter weights for a single data into class-wise filter weights and
deactivate channels with low filter weights.

In the supervised attention method from [1], the weights of the features are char-
acterized by the performance loss when removing the convolutional filter for each
feature from the feature extractor network. For a conv2d layer in the feature extrac-
tor and generator, the parameter form is a four-dimensional tensor with the shape
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4 Discriminative Feature Generation (DFG)

Algorithm 2 Training procedure of the proposed DFG method. We use the default
values of λ = 10, nD = 5, nC1 = 2, nC2 = 10, andnW = 2000
Require: Batch size m, learning rate η, hyperparameter for weight sum ρ, hyper-

parameters α, β, and γ, and a threshold value for filter weight δ.
1: Initialize: θE , θC from pre-trained source networks θES

, θCS
.

2: Wj(ES ; θES
)← softmax(−y log CS(E

θ
\j
ES

(x)) + y log CS(EθES
(x)))

3: for k = 1,..., nl number of class labels do
4: W ∗

j (ES , y = k; θES
)←Wj (if Wj > δ/nl), W ∗

j (ES , y = k; θES
)← 0 (else)

5: end for
6: for step = 1, ..., number of training iteration do
7: for t = 1, ..., nD do
8: Sample {x(i)}mi=1 ∼ Pr a batch from the real data.
9: Sample {z(i)}mi=1 ∼ Pz a generated batch and labels {ŷ(i)}mi=1.

10: Update feature discriminator D using Eq. (4.1):
11: θD ← θD − ηD∇θD

LD(x, z, ŷ; θD),
12: end for
13: Sample {z(i)}mi=1 ∼ Pz a generated batch and labels {ŷ(i)}mi=1.
14: Sample {x(i)}mi=1 ∼ Pr a batch from the real data and labels {y(i)}mi=1.
15: Update feature generator G using Eq. (4.2):
16: θG ← θG − ηG∇θG

LG(z, ŷ, W ∗
j ; θG),

17: if step ≡ 0( mod nC1) then
18: Concatenate real and generated features following Eq. (4.4c): x̃, ỹ,
19: Update G using Eq. (4.4c): θG ← θG − ηG∇θG

Lc
C(x, y, z, ŷ, W ∗

j ; θG),
20: Update feature extractor E using Eq. (4.3):
21: θE ← θE − ηE∇θE

LE(x, y; θE),
22: Update feature classifier C using Eq. (4.4a)
23: θC ← θC − ηC∇θC

Lr
C(x, y; θC),

24: end if
25: if step ≡ 0( mod nC2) then
26: Concatenate real and generated features following Eq. (4.4c): x̃, ỹ,
27: Update C using Eq. (4.4):
28: θC ← θC − ηC∇θC

LC(x, y, z, ŷ, W ∗
j ; θC),

29: end if
30: if iter ≡ 0( mod nW ) then
31: Update filter weight Wj(x, y; θE) using Eq.(4.5).
32: for k = 1,..., nl number of class labels do
33: W ∗

j (y = k; θE)← ρWj(y = k; θES
) + (1− ρ)Wj(y = k; θE) Eq.(4.7) (if

Wj(c; θE) > δ/nl),
34: W ∗

j (y = k; θE)← 0 (else)
35: end for
36: end if
37: end for
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of (ci+1, ci, kh, kw), where ci denotes the number of channels of the i-th layer and
(kh, kw) represents the size of the kernel. At the last convolution layer of the feature
extractor, the dimension of the output feature maps is (ci+1, hi+1, wi+1), which is
matched with the dimension of the output of the feature generator. We can measure
significance through the performance reduction of the feature extractor and classifier
when the filter in the last convolution layer is disabled in the feature extractor net-
work. In other words, because it usually causes higher performance loss to remove
a filter with a greater capacity for discrimination, we can improve the performance
of the classification by generating feature maps focusing on channels with high filter
weights. The filter weight is calculated through the feature extractor and classifier
and is input into the feature generator. The feature generator generates weighted
feature maps with deactivated feature maps using the filter weight. The deactivated
feature maps are denoted in black in Figure 4.1.

The filter weight is expressed in (4.5), which is used to calculate the gap between
the classification losses of the feature extractor and classifier on data (x, y) with and
without the j-th filter in the last convolution layer of the feature extraction network.

Wj(x, y; θE) = softmax[ E
(x,y)∼(X,Y )

[−y log C(E
θ

\j
E

(x))]− E
(x,y)∼(X,Y )

[−y log C(EθE
(x))]],

(4.5)

where θ
\j
E denotes the modified parameter from θE with all elements of the j-th filter

set to zero.
Because each class usually has different importance of the filter channel, the cal-

culated filter weights for a single data point can be transformed into class-wise filter
weights.

Wj(c; θE) = nf ×
Wj(xi, yi|yi = c; θE)

nc
(4.6)

where Wj(c; θE) (W ∈ Rnc×nf ) is a class-wise filter weight, c is a class label, nc is
the number of images in the class, and nf is the number of filters. By multiplying
the number of filters nf , we set the average value of the weights to 1. When transfer
learning is used for the small training dataset and class imbalance problem, a filter
weight on the source model can be obtained through feature extractor ES with
parameter θES

and classifier CS with parameter θCS
trained on the source dataset.

Whereas the filter weight in [1] was calculated on the source model only, the proposed
method updates the filter weight on the target model. In this case, the filter weight
can be expressed in the form of a weighted sum between the filter weight on the
source dataset and the target dataset.

Wj(c; θE) = ρWj(c; θES
) + (1− ρ)Wj(c; θE), (4.7)

By applying the weight to the filters of the last layer in the feature generator, the
feature generator can generate discriminative features by following the supervised
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attention models. The operation of the last layer in the original feature generator is
expressed as follows.

f l(z, ŷ) = norm[tanh(TransConv(f l−1(z, ŷ), θl
G) + bl)] (4.8)

Note that f l denotes the features of the l-th layer in the feature generator, norm()
performs batch normalization, TransConv(f, θ) is a transpose convolution that takes
f as the input with θ as a weight, and bl is a bias vector of the l-th layer. To generate
discriminative features by using the class-wise weights of a filter, the operation can
be rewritten as follows.

f̂ l
j(z, ŷ) = norm[W ∗

j (c = ŷ; θE) · tanh(TransConvj(f l−1(z, ŷ), θl
G) + bl

j)] (4.9)

f̂ l(z, ŷ) is a discriminative feature generated by the supervised attention model.
To maximize the difference in the weights and inactivate unimportant filter channels,
we set the weight values that are smaller than a threshold, δ, to zero and represent
as W ∗

j . δ is set to 0.95 of the average value of all filters for each class.

4.2 Experimental Results

4.2.1 Datasets and architectures

To evaluate the proposed method, we used the following six benchmark datasets:
Street View House Numbers (SVHN) [128], Fashion-MNIST (F-MNIST) [111], STL-
10 [129], CINIC-10 [118], Caltech-256 [130], and Food-101 [131]. As a classifier
model, LeNet5 [108] for SVHN and F-MNIST, VGGNet-16 [109] for STL-10 and
CINIC-10, and ResNet-50 [132] for Caltech-256 and Food-101 were employed. We
used extended MNIST digits (EMNIST) [116], CIFAR-10 [117], and ImageNet [133]
as the source domain for LeNet-5, VGG-16, and ResNet-50, respectively. The ar-
chitecture of our feature discriminator and feature generator closely follow the deep
convolutional GAN (DCGAN) architecture model [107], which is an extended model
of the GAN that uses three transpose convolution layers in the generator and three
convolution layers in the feature discriminator. A summary of the benchmarked
dataset is presented in Table 4.1. The source code to reproduce our experiments is
available at https://github.com/opensuh/DFG.

To evaluate the proposed method under the class-imbalanced condition, we adopt
the step imbalance type described in [5]. The step imbalance assumes that the classes
are divided into minority and majority groups. Then, classes in the same group have
the same number of data points, making a step in the data distribution plot. In
this evaluation, we set the number of majority classes as two and eight to evaluate
under imbalanced conditions. All combinations of class imbalance cases were tested
in the evaluation. For small training datasets such as STL-10 and Caltech-256, we
did not create an imbalanced condition. Under the class balanced condition, each
experiment was repeated 10 times.
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4.2 Experimental Results

Table 4.1: Summary of the benchmark datasets.
Dataset Classifier # of training dataset
SVHN LeNet5 73,237

F-MNIST LeNet5 60,000
STL-10 VGGNet-16 5,000

CINIC-10 VGGNet-16 18,000
Caltech-256 ResNet-50 30,607

Food-101 ResNet-50 75,750

SVHN: To test the transferability in the same domain, we set EMNIST as the
source task and SVHN as the target task, where both are single-digit images. To
reduce the image dimension gap, the SVHN images are converted to grayscale. For
the imbalance 10:1 ratio set-up in training, the number of majority class images is
5000, and one of the minority class images is 500 in SVHN.

F-MNIST: To test the transferability in the different domains, we set EMNIST
as the source task and F-MNIST as the target task which has images of fashion and
clothing items. For imbalanced 40:1 ratio set-up in training, the number of majority
class images is 6000 and that of minority class images is 150 in F-MNIST.

STL-10: STL-10 images are resized to 32 × 32 to match the image dimension
of CIFAR-10. In this case, the class imbalance is not applied, but a small training
dataset where 500 images per class are used in STL-10.

CINIC-10: CINIC-10 dataset contains 9000 training images in each class and
we sampled 900 images from each minor class for an imbalance 10:1 ratio.

Caltech-256: Caltech 256 contains 257 object categories and 30607 images. In
this study, we sampled 60 training samples for each category, referring to [75, 1]. We
resized the input images to 256 × 256, followed by data augmentation operations of
the random mirror and random crop to 224 × 224.

Food-101: Food-101 contains 101 food categories with 101000 images. A total of
750 training images and 250 test images were provided for each class. We sampled
250 training samples from minority classes for an imbalance of 5:1 ratio set-up during
training.

All the experiments were implemented using Python scripts in the PyTorch frame-
work and tested on a Linux system. Training procedures were performed on NVIDIA
Tesla V100 GPUs.

We implemented the proposed DFG method with LeNet-5 [108], VGGNet-16 [109],
and ResNet-50 [132] as the feature extractor and feature classifier. We divided
the original architecture of the classifiers into the feature extractor and feature
classifier. The architecture of the feature extractor and feature classifier is presented
in Tables 4.2, 4.4, and 4.6. The output dimensions of the feature extractor and the
feature generator should be the same. The architecture of our feature discriminator
and feature generator closely follow the DCGAN architecture model [107], which is
an extended model of the GAN that uses 3–4 transpose convolution layers in the
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Table 4.2: Architecture of feature extractor and feature classifier based on LeNet-5
used for SVHN and fashion-MNIST datasets.

Network Layers Act. Func. Dimension

Feature Extractor
Input Image - 32 × 32 × 1
Conv 5 × 5 ReLU 28 × 28 × 6
Max Pooling 2 × 2 - 14 × 14 × 6

Feature Classifier

Input Feature - 14 × 14 × 6
Conv 5 × 5 ReLU 10 × 10 × 16
Max Pooling 2 × 2 - 5 × 5 × 16
Fully Connected ReLU 120
Fully Connected ReLU 84
Fully Connected - 10
SoftMax - 10

generator and three convolution layers in the feature discriminator. The architecture
of the generator and the discriminator for LeNet-5, VGGNet-16, and ResNet-50 are
shown in Tables 4.3, 4.5, 4.7, respectively.

We used extended MNIST digits (EMNIST) [116], CIFAR-10 [117], and ImageNet
[133] as the source domain for LeNet-5, VGG-16, and ResNet-50, respectively. For
transfer learning, we followed the same procedure as in [1] because of the close re-
lationship between the behavior regularization in this study and that one. After
adopting the pre-trained weight only for ResNet-50 and before fine-tuning the net-
work with the target dataset, we replaced the last layer of the base network with
random initialization in a suit for the target dataset because the number of classes in
the source dataset, ImageNet, is different from those in the target datasets, Caltech-
256 [130] and Food-101 [131].

LeNet-5: LeNet-5 model was used for SVHN [128] and Fashion-MNIST (F-
MNIST) [111]. To remove the image dimension difference, SVHN images were
converted to grayscale and F-MNIST images were resized to 32 × 32 with zero-
padding. The input images were normalized to zero-mean and the pixel values to
range [−1, 1]. We did not use any data augmentation method for preprocessing.
The weights of the feature extractor and feature classifier were pre-trained using
EMNIST. The weights of the feature generator and feature discriminator were ini-
tialized using a Xavier procedure, and the biases were set to zero [121]. We used a
batch size of 64 and the Adam optimizer for all networks with parameters β1 = 0.5
and β2 = 0.9 [119]. The learning rates of the feature extractor, feature classifier,
feature generator, and feature discriminator for SVHN were 2.0× 10−5, 2.0× 10−5,
2.0× 10−4, and 1.0× 10−4, respectively (ηE , ηC , ηG, and ηD in Algorithm 2.). The
learning rates for F-MNIST were ηE = ηC = 1.0× 10−5 and ηG = ηD = 1.0× 10−4.
The training steps were 20000 iterations. The parameters in Algorithm 2 were set
to nC1 = 2, nC2 = 10, nW = 5000, ρ = 0.75, δ = 0.95, and α = β = γ = 0.333.

VGGNet-16: VGGNet-16 model was used for STL-10 [129] and CINIC-10 [118].
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Table 4.3: Architecture of the generator and the discriminator for LeNet-5 classifier
on SVHN and fashion-MNIST datasets.

Network Layers Act. func. Dimension

Feature generator

Input - 110
FC - 4 × 4 × 128
BatchNorm - 4 × 4 × 128
DeConv 3 × 3, st = 2 lReLU 9 × 9 × 48
BatchNorm - 9 × 9 × 48
DeConv 3 × 3, st = 1 lReLU 11 × 11 × 12
BatchNorm - 11 × 11 × 12
DeConv 4 × 4, st = 1 Tanh 14 × 14 × 6
BatchNorm - 14 × 14 × 6

Feature discriminator

Input - 14 × 14 × 6
Conv 5 × 5, st = 2 lReLU 7 × 7 × 32
Conv 5 × 5, st = 2 lReLU 4 × 4 × 64
Conv 5 × 5, st = 2 lReLU 2 × 2 × 128
FC - 512

Table 4.4: Architecture of feature extractor and feature classifier based on VGGNet-
16 used for STL-10 and CINIC-10 datasets.

Network Layers Act. Func. Dimension

Feature Extractor
Input Image - 32 × 32 × 3
2×Conv 3 × 3 ReLU 32 × 32 × 64
Max Pooling 2 × 2, st = 2 - 16 × 16 × 64

Feature Classifier

Input Feature - 16 × 16 × 64
2×Conv 3 × 3 ReLU 16 × 16 ×128
Max Pooling 2 × 2, st = 2 - 8 × 8 × 128
3×Conv 3 × 3 ReLU 8 ×8 × 256
Max Pooling 2 × 2, st = 2 - 4 × 4 × 256
3×Conv 3 × 3 ReLU 4 × 4 × 512
Max Pooling 2 × 2, st = 2 - 2 × 2 × 512
3×Conv 3 × 3 ReLU 2 × 2 × 512
Max Pooling 2 × 2, st = 2 - 1 × 1 × 512
Adaptive Avg Pooling - 7 × 7 × 512
Fully Connected ReLU 4096
Fully Connected ReLU 512
Fully Connected - 10
SoftMax - 10

CIFAR-10 (similar class labels to STL-10 and CINIC-10) was used for pre-training
as the source domain. We downscaled the 96 × 96 image dimension of STL-10
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Table 4.5: Architecture of the generator and the discriminator for VGGNet-16 clas-
sifier on STL-10 and CINIC-10 datasets.

Network Layers Act. func. Dimension

Feature generator

Input - 110
FC - 4 × 4 × 128
BatchNorm - 4 × 4 × 128
DeConv 4 × 4, st = 2 lReLU 8 × 8 × 128
BatchNorm - 8 × 8 × 128
DeConv 4 × 4, st = 2 lReLU 16 × 16 × 128
BatchNorm - 16 × 16 × 128
DeConv 4 × 4, st = 1 lReLU 17 × 17 × 64
BatchNorm - 17 × 17 × 64
DeConv 4 × 4, st = 1 Tanh 16 × 16 × 64
BatchNorm - 16 × 16 × 64

Feature discriminator

Input - 16 × 16 × 64
Conv 5 × 5, st = 2 lReLU 8 × 8 × 32
Conv 5 × 5, st = 2 lReLU 4 × 4 × 64
Conv 5 × 5, st = 2 lReLU 2 × 2 × 128
FC - 512

to match the 32 × 32 dimension of CIFAR-10 and CINIC-10. The input images
were normalized to zero-mean and the pixel values to range [−1, 1]. We applied
data augmentation operations of random horizontal flip and random crop with 4-
pixels padding. The weights of the feature extractor and feature classifier were
pre-trained with CIFAR-10. The weights of the feature generator and the feature
discriminator were initialized using a He procedure, and the biases were set to zero
[134]. We used a batch size of 64 and the Adam optimizer for all networks with
parameters β1 = 0.5 and β2 = 0.9. The learning rates for STL-10 were set to
ηE = ηC = 5.0 × 10−5 and ηG = ηD = 1.0 × 10−4. The learning rates for CINIC-
10 were set to ηE = ηC = 2.0 × 10−5 and ηG = ηD = 1.0 × 10−4. The training
steps for STL-10 and CINIC-10 were 20000 and 40000 iterations, respectively. The
parameters in Algorithm 2 were set to nC1 = 2, nC2 = 10, nW = 5000, ρ = 0.75,
δ = 0.95, and α = β = γ = 0.333.

ResNet-50: ResNet-50 model was used for Caltech-256 [130] and Food-101 [131].
ImageNet was used as the source domain for pre-training. We replaced the last fully
connected layer of ResNet-50 because of the different number of classes in ImageNet,
Caltech-256, and Food-101 (1000, 257, and 101, respectively). For ResNet-50, the
input images were normalized to zero-mean and the pixel values to range [−1, 1] and
resized to 256 × 256. We applied the data augmentation operation of the random
crop to 224 × 224 and random horizontal flip. For the Caltech-256 dataset, we
sampled 60 training samples and 20 testing samples for each category, according to
[75, 1]. The weights of the feature extractor and the feature classifier were initial-
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Table 4.6: Architecture of feature extractor and feature classifier based on ResNet-50
used for Caltech-256 and Food-101 datasets.

Network Layers Act. Func. Dimension

Feature Extractor

Input Image - 224 × 224 × 3
Conv 7 × 7 st = 2 ReLU 112 × 112 × 64
BatchNorm - 112 × 112 × 64
Max Pooling 3 × 3, st = 2 - 55 × 55 × 64
Residual Block #1 ReLU 55 × 55 × 256

Feature Classifier

Input Feature - 55 × 55 × 256
Residual Block #2 ReLU 28 × 28 × 512
Residual Block #3 ReLU 14 × 14 × 1024
Residual Block #4 ReLU 7 × 7 × 2048
Adaptive Avg Pooling - 1 × 1 × 2048
Fully Connected - No.Class
SoftMax - No.Class

Table 4.7: Architecture of the generator and the discriminator for ResNet-50 classi-
fier on Caltech-256 and Food-101 datasets.

Network Layers Act. func. Dimension

Feature generator

Input - 4900 + No.Class
FC - 4 × 4 × 512
BatchNorm - 4 × 4 × 512
DeConv 4 × 4, st = 2 lReLU 8 × 8 × 512
BatchNorm - 8 × 8 × 512
DeConv 4 × 4, st = 2 lReLU 16 × 16 × 256
BatchNorm - 16 × 16 × 256
DeConv 2 × 2, st = 2 lReLU 30 × 30 × 256
BatchNorm - 30 × 30 × 256
DeConv 2 × 2, st = 2 Tanh 56 × 56 × 256
BatchNorm - 56 × 56 × 256

Feature discriminator

Input - 56 × 56 × 256
Conv 5 × 5, st = 2 lReLU 28 × 28 × 32
Conv 5 × 5, st = 2 lReLU 14 × 14 × 64
Conv 5 × 5, st = 2 lReLU 7 × 7 × 128
FC - 6272
FC - 512

ized by the model pre-trained on ImageNet, provided by Torchvision [135], and the
feature generator and the feature discriminator were initialized using a He initial-
ization, and the biases were set to zero. We used a batch size of 64 and the Adam
optimizer with parameters β1 = 0.5 and β2 = 0.9 for the feature generator and the
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Table 4.8: Comparison results (in %) of our method with competing algorithms.
The numbers are represented as mean±std. Four datasets are under the
data-imbalanced condition, and two datasets are under the data-balanced
conditions. The number of the training datasets is small.

Dataset Original Fine-tuning DELTA DIFA + Ours(DFG)(IR) cMWGAN
SVHN 76.57 ± 1.65 76.66 ± 0.65 78.47 ± 0.57 76.64 ± 1.32 80.81 ± 0.25(10:1)

F-MNIST 77.13 ± 3.24 75.39± 3.54 78.91 ± 2.27 78.27 ± 2.32 82.65 ± 0.28(40:1)
STL-10 66.73 ± 0.67 72.89 ± 0.38 79.41 ± 0.27 80.08 ± 0.19 81.09 ± 0.17(1:1)

CINIC-10 58.14 ± 3.42 64.42 ± 0.81 68.89 ± 0.18 71.82 ± 0.35 72.09 ± 0.20(10:1)
Caltech-256 43.30 ± 0.34 81.99 ± 0.12 85.33 ± 0.15 82.23 ± 0.32 86.29 ± 0.19(1:1)

Food-101 30.17 ± 1.72 68.99 ± 0.42 72.03 ± 0.35 71.71 ± 0.08 76.00 ± 0.36(5:1)

feature discriminator, and stochastic gradient descent with a momentum of 0.9 for
optimizing the feature extractor and the feature classifier. The learning rate for the
feature generator and the feature discriminator was set to ηG = ηD = 1.0 × 10−4,
and the learning rate for the feature extractor and feature classifier started with 0.01
and was divided by 10 after 20000 iterations. The training steps were completed
at 40000 iterations. The parameters in Algorithm 2 were set to nC1 = 1, nC2 = 5,
nW = 2000, ρ = 0.75, δ = 0.95, and α = β = γ = 0.333.

Additionally, we used the following publicly available source code to implement
our benchmarks.

• DELTA [1]: https://github.com/lixingjian/DELTA

• DIFA+cMWGAN [99, 100]:
https://github.com/ricvolpi/adversarial-feature-augmentation

4.2.2 Results and comparisons
To establish a baseline for comparison, we denote “Original” as the performance of
a classification model trained on the target dataset. “Original” is trained under the
class-imbalanced condition in the case of SVHN, F-MNIST, CINIC-10, and Food-
101. In the case of STL-10 and Caltech-256, “Original” is trained under the class-
balanced condition that contains a small number of train data.

As mentioned, “Original” in Table 4.8 is trained without transfer learning and
shows accuracies tested on the target test dataset achieved with classifiers trained
on the target training dataset. The class imbalance problem, in which classes are
selected as majority classes, is an important factor in determining the performance of
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4.2 Experimental Results

the neural network, and the deviation of result accuracies is large. Thus, accuracies
under the class imbalanced condition show the mean and standard deviation.

The proposed method is compared with previous fine-tuning methods.

• Fine-tuning: Traditional transfer learning method by fixing weights before the
last convolution block and fine-tuning the rest of them.

• DELTA [1]

• DIFA+cMWGAN: The adversarial feature augmentation method based on
[99]. We modified the structures of GAN with cMWGAN [100].

For a fair comparison with the other methods, we conducted experiments on the
same neural network architecture for classification, such as LeNet5, VGGNet-16,
and ResNet-50. Table 4.8 shows the results of the proposed DFG method compared
to the fine-tuning, DELTA, and DIFA+cMWGAN methods. The results are the
top-1 classification accuracies. The results in Table 4.8 show that our method based
on DFG leads to accuracies higher than other methods for three different classifiers
and six different benchmark datasets.

4.2.3 Qualitative results and ablation study

Although the proposed DFG method shows higher accuracy than the other methods,
we would like to better understand the benefits brought by DFG and visualize how
closely the proposed DFG generated the distribution of features that resembled that
of the original in two-dimensional spaces. We apply PCA [112] and t-SNE [113]
analyses of real and generated features. Figure 4.2 shows comparisons between the
real and generated features. Different colors indicate different classes in the left part,
and two different colors indicate real and generated features in the right part. From
a qualitative point of view, real and generated features are distributed similarly, and
the inter-class structure is preserved.

Additionally, we analyzed the activation maps from the proposed DFG method
using class activation maps [136]. From Figures 4.3 and 4.4, we observe that the
regions of the target object have higher activation than that of the original classifier
and fine-tuning. Compared with the activation maps from the DELTA, the proposed
method improved the concentration and activation degrees.

We carried out an ablation study to better understand how the filter weight
changes during the training procedure. We perform an experiment by changing
the ρ value in (4.7). Figure 4.5 presents the distribution of the weights of two repre-
sentative filters in the case of the SVHN dataset for two different hyperparameters:
ρ = 0 and 0.75. The first row in Figure 4.5 represents the distribution of the weights
of two representative filters with ρ = 0.75, and the second row represents the distri-
bution of the weights of the same filters with ρ = 0. The red straight line is the line
of equality for all filters. For instance, if a weight value is placed above the line of
equality, it means that the importance of the filter for the class is higher than the
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(a)

(b)

Figure 4.2: t-SNE visualization of feature distribution on (a) SVHN and (b) STL. In
the left part, different colors indicate different classes. In the right part,
red and cyan dots indicate real and generated features, respectively.

average of all filters. The case with ρ = 0 involves the training of the feature gen-
erator with the weights of the filters by updating from the feature extractor trained
on the target dataset, and the case with ρ = 0.75 involves the training of the feature
generator with the weights of the filters by two feature extractors: one is trained
on the source dataset and the other is trained on the target dataset in the training
procedure. We observed a significant difference between the two distributions of the
weights. The distribution of the weights of the filters with ρ = 0 converges to the
equality baseline, whereas the distribution of the weights of the filters with ρ = 0.75
maintains the characteristics of the weight for each class label. Our hypothesis of
a possible cause of the difference is that the feature extractor trained on the target
dataset tends to be trained to activate all filters and be overfitted to the target
dataset. The feature extractor trained on the source dataset inactivates several con-
volution filters, and a small number of filters are activated. The average accuracy
with ρ = 0.75 is 80.81% and that with ρ = 0 is 79.98%. The weights of the filters
with ρ = 0.75, using the weight values from the feature extractor trained on the
source dataset, prevent overfitting and help to generate discriminative features for
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(a) (b) (c) (d)
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(a) (b) (c) (d)

Figure 4.3: Effect of the discriminative feature generation method on the Caltech-
256 dataset: (a) original, (b) fine-tuning, (c) DELTA, and (d) DFG.
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(a) (b) (c) (d)

(a) (b) (c) (d)

(a) (b) (c) (d)

(a) (b) (c) (d)

(a) (b) (c) (d)

Figure 4.4: Effect of the discriminative feature generation method on the Food-101
dataset: (a) original, (b) fine-tuning, (c) DELTA, and (d) DFG.
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Figure 4.5: Distribution of the weights of two representative filters for the SVHN
dataset. The red straight line is a baseline that indicates the equality of
all filters.

each class label.
Figure 4.6 shows the effect of hyperparameter ρ on the classification accuracy

on the SVHN dataset using DFG. In this case, DFG with hyperparameter ρ =
0.75 outperformed that with other hyperparameters including the cases that the
weights of the filters by the feature extractor only trained on the source or the
target dataset. The test accuracy varies smoothly according to hyperparameter ρ,
and the combination of the two different weights of a filter yields better accuracy.

4.3 Conclusions

In this chapter, we proposed a novel DFG method using attention maps in the feature
space. The structure of the feature classifier network of the independent network was
employed in the proposed GAN structure. To generate discriminative features, we
adopted supervised attention mechanisms for each class label and applied the mech-
anisms to the feature generator network for the filter weights and feature activation.
The experimental results showed that the proposed DFG method improved the ac-
curacy of the classification models of LeNet-5, VGG-16, and ResNet-50 by 4.24%,
5.52%, 14.73%, 13.95%, 42.99%, and 45.83% on six different benchmark datasets,
respectively. Compared to the transfer learning method, DELTA, and the other
adversarial feature augmentation methods, the proposed DFG method provided the
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Figure 4.6: Classification accuracy on SVHN using DFG by changing hyperparame-
ter ρ.

largest improvement in classification performance. Furthermore, we visualized the
distribution of generated features by applying PCA and t-SNE and analyzed the acti-
vation maps from the proposed method using class activation maps. The qualitative
results showed that the features generated by the proposed method are distributed
similarly to the real features and the proposed method improved the concentration
and activation degrees in the class activation maps.

In the future, we will extend the proposed method to real-world problems and
contemplate further accuracy improvement in the feature generation method. Al-
though the proposed method improved the performance of the classification under
the class-imbalanced conditions, we believe there is room for improvement as a gap
still exists between our method and the balanced condition.
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5 Application: Generative Oversampling
Method on Bearing Fault Detection
and Diagnosis

5.1 Problem Definition

This chapter presents the approaches to predict the remaining useful life (RUL) and
detect faults of the bearings used in machinery. To predict the RUL or detect faults
of the bearings, it is necessary to extract features from the raw vibration signal. For
the RUL prediction, the proposed method is composed of three stages: 1) feature
extraction by transforming the raw vibration signal into a nested scatter plot (NSP)
image, 2) the health stage (HS) division by using CNN, 3) the RUL prediction by
using CNN-LSTM. In this study, two different feature extraction methods are intro-
duced: One is an image transformation method with Hilbert–Huang transformation
(HHT) and Fast Fourier transform (FFT), and another is a generalized multiscale
feature extraction method with the GAN scheme. For the fault detection and diag-
nosis (FDD), a CNN-based classifier with the imaging method for vibration signal
and an oversampling method with a generative model to improve the performance
when a dataset is imbalanced between normal and faulty conditions are introduced
in this study. The methods presented in this chapter have been published in Sensors
[77] and Applied Sciences [53]. The generalized multiscale feature extraction method
with the GAN scheme is available online [78].

5.1.1 Health Stage Division and Remaining Useful Life Prediction of
Bearing

Bearings are widely employed in various mechatronic systems, such as induction
motors, turbines, aircraft machines, and vehicles. More than 50 % of the failures
in induction motors are caused due to the degradation of the bearings [7]. Thus,
it is necessary to predict the future health conditions of the bearing to prevent
catastrophic accidents by the corresponding maintenance.

Prognostics and health management (PHM) technology collects status informa-
tion from industrial systems, such as manufacturing machines, facilities, and power
plants, to detect failures of the system and enables maintenance schedule in advance
by predicting the point of failure through analysis and predictive verification [8].
One of the PHM technologies predicts the RUL of the rolling element bearings to
prevent unexpected failures and improve reliability [9, 10]. A large number of studies
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have been conducted for RUL prediction, which can be categorized into model-based
[11] and data-driven methods [13]. Model-based methods estimate the RUL through
analytical models based on physical laws and mathematical functions. These meth-
ods include physics-based methods, empirical-based methods [8], Kalman filter [17],
and particle filter [18]. However, they require expert domain knowledge, and to
build a precise model in the industrial system has become increasingly complex [19].
Recently, data-driven methods have garnered significant interest along with substan-
tial development in machine learning and minimal requirement of expert knowledge.
The data-driven methods capture the direct relationship between collected machine
data and degradation status with machine learning techniques.

Recently, deep-learning-based RUL prediction methods have been proposed and
have achieved better prediction performance than conventional data-driven methods
[137, 138, 139, 140, 141, 142, 143, 144]. Although these deep-learning-based RUL
prediction methods have been successfully developed, less importance has been given
to three challenging issues:

(1) These methods require domain knowledge to extract features or we have to
manually specify the feature types. The various time-domain statistical features,
such as signal root mean square (RMS), crest factor, kurtosis, and entropy, and
the frequency-domain features, such as FFT, HHT, and wavelet transformation,
were extracted and used to predict the RUL [137, 138, 139, 143]. In other words,
only one time-domain feature or time-frequency feature by wavelet transformation
[141], short-time Fourier transform (STFT) [142], or RMS [144] was used to predict
the RUL. The RUL prediction can remove the feature extraction by simply taking
raw data as input to the deep neural networks (DNNs) [140], but it results in high
computation cost. Even worse, such a method cannot correct the training error,
if the extracted feature is used to predict RUL with the long short-term memory
(LSTM) neural networks.

(2) The aforementioned data-driven methods assume that training and test data
are collected by the same sensors under the same operating conditions or are from
the same distribution. However, these assumptions can be impractical in industries,
since machinery working conditions usually change with respect to tasks, and the
training and test data can be collected from different entities. Though the machin-
ery working conditions, such as motor power and rotating speed, and degradation
generation conditions, such as radial force, are identical in an experimental platform
to validate bearings fault detection, the bearing faults usually vary. Generally, the
degradation trends are not the same for different bearings under the same conditions,
resulting in significant data distribution discrepancies between entities. To overcome
these problems, adversarial domain adaptation approaches and CNN-based health
stage prediction methods have been proposed for RUL prediction [145, 146, 147, 148].
However, those approaches only focus on the single-source single-target adaptation
setting. In real-world applications, the training data may come from multiple do-
mains with different distributions so that it is expensive in both time and cost to
train the network of domain adaptation for every condition and bearing.

(3) For accurate RUL prediction, it is essential to properly determine the HS
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Acquired vibration data

FPT and HS division

tFPT tEoL

Healthy

Unhealthy

Figure 5.1: Degradation process with first predicting time (FPT) and health stage
(HS) division

of the machinery; because the machine in a healthy state would not have any re-
markable difference in the run-to-failure training dataset. However, extant conven-
tional methods predict the RUL without determining the first predicting time (FPT)
[145, 146, 147], which is the start time of the unhealthy stage. As shown in Figure
5.1, the continuous degradation process is divided into two HSs by determining FPT.
The FPT can be determined using conventional features, such as kurtosis and RMS
[142, 144]. Although unsupervised methods [149], such as auto-encoder, promise
the extraction of efficient health indicators(HI); however, they possess a challenge
assigning an appropriate threshold for determining FPT. Recently, the CNN-based
HS division methods have been proposed, but they require an appropriate threshold
to determine the FPT [148].

In this study, we propose a supervised data-driven method for HS division, that
avoids usage of a pre-specified HI as well as the employment of pre-specified thresh-
olds. The principle idea involves supervised training of a binary regression model
using the early stage (nominal functioning) samples and last stage (near to com-
plete failure) samples from a run-to-failure bearing degradation database. Unlike
conventional HI methods, there is no need to set the threshold and it only needs a
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small number of labels. The laborious task of labeling, which is typically associated
with supervised methods, is also avoided as a simple distinction is made between
the early and last stages of component degradation containing relatively smaller sets
of data to be labeled. The proposed method has two phases. Phase one consists
of transforming the time series data of raw vibration data into an NSP image for
feature extraction. In phase two, these images are used to train a binary regression
model using CNN.

Additionally, we propose a generalized multiscale feature extraction method for
the RUL prediction. GAN is used to learn the distributions of multiple training
data from different bearings and extract domain-invariant generalized prognostic
features. For the determination of FPT and RUL prediction, the proposed feature
extraction method consists of two steps; the first of which trains multiscale adver-
sarial neural networks to reconstruct the vibration input signals to the generalized
prognostic features. Here, three different levels of a one-dimensional U-Net [150]
architecture are trained to minimize the loss functions of the GAN-based proposed
feature extraction method; The second step transforms the generalized features into
an NSP image to determine the FPT and to predict the RUL. A CNN-based binary
regression model determines the FPT, and a CNN-LSTM model predicts the RUL.

5.1.2 Bearing Fault Detection and Diagnosis under Imbalanced Data
Condition

Traditional FDD methods were developed using physical models based on mathe-
matics and mechatronics [14, 15, 16]. Those methods require complex analysis steps
with domain knowledge. In addition, because physical models are highly dependent
on individual specifications, user configuration is needed when the model is used in a
specific facility. To overcome the problems of physical models, assorted data-driven
FDD methods that use machine learning and statistics, such as support vector ma-
chine [20, 21] and fuzzy logic [22], have been proposed. However, these data-driven
FDDs still require a complicated pre-processing step before training the models.

Recently, DNN with more powerful fitting abilities have been developed and widely
applied to prognostics and health management. In [23, 24, 25, 26, 27], time-domain
and frequency-domain features are extracted in data processing, and then an FDD
model is applied for motor status classification. In [28, 29], vibration image genera-
tion with signal analysis was utilized for feature extractions. The feature extraction
method itself can be automated using these approaches, but establishing such mod-
els requires complicated signal processing steps. Automatic feature extraction using
an auto-encoder has been proposed [30], but the computation cost of the DNN model
itself is quite high. To realize the wide adoption of data-driven FDD to industry,
simpler and more efficient methods are required in both data-processing and DNN
models.

Furthermore, these data-driven methods have shown great performance with low
domain knowledge requirements, but problems related to the quantity and quality of
data still remain. Data imbalance is common in FDD because normal condition data
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are more common than faulty condition data in real manufacturing environments
[31]. Such imbalanced conditions degrade data-driven FDD, especially for CNN-
based classifiers. Among oversampling [24, 32], down-sampling [33], and ensemble
learning [34], all of which have been proposed to solve the data imbalance issue,
oversampling is most suitable for industrial FDD because of severe data imbalance
ratios. Additionally, oversampling is always the most effective way to deal with class
imbalance for the CNN model on image classification [5].

In this study, we investigated the data-driven FDD of bearing faults in an induc-
tion motor under data imbalance conditions. Firstly, a CNN-based classifier with
an imaging method for vibration signals was proposed. In NSP, the correlated time-
series data are represented by a square matrix, similar to a scatter plot, where the
elements of density dots are calculated like a heat-map. Experimental evaluation
using measured vibration signals from a test bench confirmed that the features of
bearing faults are easily extracted using NSP and the CNN-classifier.

Secondly, an oversampling method with a generative model was proposed to im-
prove performance when a dataset is imbalanced between normal and faulty condi-
tions. The generative model was developed based on a WGAN-GP [71] and deep
convolutional generative adversarial networks (DCGAN) [107]. We evaluated the
performance improvement of the CNN classifier for various conditions after apply-
ing our oversampling method to faulty condition data.

5.2 Deep Representation Feature Extraction and Image
Transformation

5.2.1 Image Transformation of Vibration Signals

NSP is a data wrangling method that transforms correlated time series data into an
image for multi-variate correlation analysis [53, 77]. It is a matrix representation
similar to the heat map of the quantized value of time series data. Each vibration
signal is quantized and mapped into nested clusters. The cumulative number of
signal values in the nested cluster is normalized in order to represent the density of
the nested cluster. Although NSP removes the non-stationarity of the time sequence,
it is an efficient imaging method for multi-variable correlation analysis [53].

By using NSP, we transform multi-channel vibration signals into a single fixed-size
image. Continuous multi-channel vibration signals are split into given intervals. A
three-step approach is used: feature extraction using bandpass filters, decomposition
of the nested clusters in each bandwidth, and aggregation of the decomposed sections
into a single RGB image. As represented in Figure 5.2, at least two different data
channels as data sources are required and the first step is the incorporation extraction
of signals in three different bandwidths. HHT and FFT are used to determine the
bandwidth of bandpass filters [53]. In the second step, the extracted two-channel
signals are compressed into nested clusters. Each channel signal is mapped on the
x- and y-axis. Three different extracted signals are colored in red, green, and blue,
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Figure 5.2: Nested-scatter plot image (NSP) methods and application to vibration
signals.

respectively. In the final stage, three scatter plots are aggregated together to form
a single RGB image that is used as an input in our proposed method. An example
of decomposition and merged NSP is shown in Figure 5.2.

5.2.2 HS Division Prediction Using CNN

By transforming continuous raw vibration time series data into images, we can now
use our data as inputs to the CNN, which has proved its outstanding performance in
computer vision [151]. The structure of the proposed convolutional neural networks
for the HS division model (CNN-HS) is as follows. There are three convolution
(Conv) layers with kernel sizes of 10 by 10, five by five, and three by three. The
Conv layers are followed by two fully connected (FC) layers. A dropout rate of 50%
was applied at the end of each FC layer. The final output layer is activated by a
softmax function so that the obscurity during the interim period between the two
stages can be quantified by a value between zero and one. The structure is shown
in Table 5.1.

In the CNN architecture, the selectable hyperparameters are the number of filters
in each Conv layer and the size of each FC layer. In the fault detection and diagnosis
using NSP [53], the optimal numbers were found by varying the number of filters in
each Conv layer. The size of the FC layer affects the expressiveness of the networks
and the training time. Following [53], the size of each FC layer was determined
as 500 and 50. In the experiments, the number of epochs during training was 30
and the validation data ratio was 1:9. An Adam optimizer was implemented with a
learning rate of 0.001.

In a supervised manner, labeling of the target data is required for supervised
learning to distinguish the features of the HS of a machine under different bearing
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Table 5.1: The structure of the convolutional neural network (CNN)-health stage
(HS).

Layers Activation function Dimension
Input - 128 × 128 × 3

Conv 10 × 10 ReLU 60 × 60 × 20
Conv 5 × 5 ReLU 28 × 28 × 40
Conv 3 × 3 ReLU 24 × 24 × 20

Fully Connected ReLU 500
Fully Connected ReLU 50

Output Softmax 2

Label as healthy Label as unhealthy

Vibration signal 1

Vibration signal 2

NSP images

Figure 5.3: Binary labeling on part of training dataset on bearing wear experiment

degradation conditions. The training dataset is divided into two HS stages based on
the time of acquisition. Figure 5.3 shows the division of our training dataset. The
initial part, corresponding to the nominal functioning in the entire vibration dataset,
is labeled as healthy, and the last part of the sample duration, when the bearing is
damaged, is labeled as unhealthy. This is based on the assumption that degrading
data of rotating machinery are obtained until the point of failure. By the supervised
method, it is unnecessary to label all train datasets and analyze the dataset for
labeling. To minimize labeling efforts on the entire dataset, the optimal sizes (small
set) of the initial and last part, labeling ‘healthy’ and ‘unhealthy’, respectively, are
evaluated.

Once training is over, the performance of the trained CNN-HS is evaluated in the
testing phase. The trained CNN-HS was able to classify the NSP of an external test
dataset, which was not used in training but operated under the same conditions as
the rest of the training datasets. The binary regression results of the whole run-to-
failure are computed, in which there is no need to specify a threshold value. As the
trained CNN-HS learns the differences in the features of the NSP for healthy and
unhealthy data labeled in part of the training datasets, it can recognize the degra-
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Figure 5.4: CNN-HS combined with NSP.

dation pattern of all of the data. For HS division, it is important to determine FPT,
which is a starting point of the deterioration of bearings, in terms of maintenance.
However, it is difficult to determine FPT since the features of the deterioration at
FPT are weaker than the features in the unhealthy stage.

To determine FPT, we implemented a simple continuous trigger mechanism in
which the machinery was considered to be in an unhealthy stage when a certain
number of consecutive values of one (unhealthy) were given out by our model. This
trigger mechanism prevents unnecessary oscillation and uncertainty to determine
earlier FPT. The trigger mechanism has generally adopted an HS division strategy
[9, 152, 153]. In the experiments, the threshold number of consecutive estimations
of unhealthy is set to three based on the analysis of signals in order to prevent false
alarms during the normal stages. The overview and flowchart of CNN-HS are shown
in Figure 5.4.

5.2.3 Generalized Multiscale Feature Extraction
In this section, we introduce a generalized multiscale feature extraction method
based on the GAN scheme and U-Net architecture for the HS division and the RUL
prediction. Figure 5.5 presents the overall framework with the detailed steps of the
learning procedure of the proposed feature extraction model. The GAN structure is
a kind of adaptation of classification enhancement GAN (CEGAN) [70]. We define
three types of independent networks in the proposed GAN scheme: 1) the multiscale
feature extractor as a generator network, 2) a discriminator to separate the features
generated by the generator from the real input data and to distinguish the data
from different domains, 3) the CNN-based HS division and the LSTM-based RUL
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Figure 5.5: The structure of the proposed framework for the generalized multiscale
feature extraction.

predictor as the classifier network.

Generator

The generator is composed of three multiscale generators as shown in Figure 5.5. The
proposed generator adopts basic concepts from U-Net [150] for one-dimensional(1D)
time-series feature reconstruction by substituting the original 2D convolutions with
1D operations. U-Net [150] was invented for image segmentation, concatenating fea-
ture maps from different levels to improve segmentation performance and it combines
low-level detail information with high-level semantic information. It has achieved
promising performance on various image segmentation problems. Based on CNN,
the U-Net architecture composes of an encoder, a decoder, and skipped connections
between the encoder and the decoder. The encoder is composed of several levels of
convolutional operations, which extract increasingly abstract representations of the
input data, and a downsampling block to reduce input complexity. The convolutional
operations followed by max-pooling downsampling are applied to encode the input
image into feature representations at multiple different levels. The decoder block is
also composed of several levels of convolutional operations, upsampling blocks, and
concatenation blocks. The decoder block semantically projects the discriminative
features learned by the encoder onto higher resolution image space to get a dense
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Figure 5.6: Structure of the generator based on U-Net.

classification. Unlike the general usage of U-Net for image segmentation tasks, we
found that the structure of the U-Net enables the network to consider the deep and
the shallow features at the same time and improve the effectiveness of the feature
extraction. Thus, it helps to reconstruct the features to satisfy the conditions we
designed. Whereas Gaussian noise is input to the generator in the general GAN, we
provide noise only in the form of dropout applied on several layers of the generator.
The architecture of the generators is shown in Figure 5.6. The generator consists
of the encoder and the decoder which process the input data. The three multiscale
generators have a different number of encoder and decoder blocks: 1) three encoder-
decoder blocks, 2) four encoder-decoder blocks, 3) five encoder-decoder blocks.

Discriminator

The proposed GAN was developed for purpose of domain adaptation from multi-
ple sources. Generally, the discriminator is trained to distinguish generated and real
data in GAN. However, our discriminator also has a functionality of domain discrim-
inator which distinguishes the data domain. It is because the proposed framework
for the generalized multiscale feature extraction aims to extract the features of bear-
ing wear from multiple domains. The adversarial training enables the generator to
extract high-level features containing domain-unbiased information, and makes it
hard for the discriminator to classify only real or fake (denoted as a degree) as well
as source domain. To do so, the convolutional layer of the discriminator extract the
features of input (reconstructed features of real and fake data from the generator)
with a Leaky ReLU, and then the two separated linear layers output the true degree
and the domain classification, respectively (shown in Figure 5.7).
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Classifier

To improve the performance of the HS division and the RUL prediction, we employ
the structure of the classifier network to the independent network in the proposed
GAN structure. In Figure 5.5, the first stage involves a generalized multiscale feature
extraction GHS for the HS division and the HS division model CRUL with the CNN
and the transformed NSP images from the extracted features. In the second stage,
a generalized multiscale feature extraction model GRUL for the RUL prediction is
trained and a CNN-LSTM model CRUL predicts the RUL with the transformed NSP
images from the extracted features.

Loss functions and training procedure

In this study, it is assumed that the vibration signals are collected by two high-
frequency vibration sensors placed horizontally and vertically on each bearing, and
a number of Ntrain run-to-failure vibration data in the whole life cycle from different
bearings can be used to train the proposed DNNs. Suppose that Xj = {xi

j}
nj

i=1 ∈
RNsamples , j = 1, 2, ..., Ntrain denotes nj sequential training samples from the jth
bearing, where Nsamples is the dimension of the sample. In each bearing data, two
samples, each from horizontal and vertical vibration sensors, exist.

We aim to extract generalized prognostic features to improve the performance of
the HS division and the RUL prediction. In the HS division, labeling of the target
data is necessary for supervised learning to distinguish the features of the HS of a
machine under different bearing degradation conditions. The training dataset can
be divided into two health stages based on the time of acquisition. The initial part,
corresponding to the nominal functioning in the entire vibration dataset, is labeled
as healthy, and the last part of the sample duration, when the bearing is damaged,
is labeled as unhealthy. This is on the assumption that degrading data of rotating
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machinery are obtained until the point of failure. This manner not only reduces the
effort of labeling but also improves the prediction of HS division when no ground
truth of HS is available (most of the open dataset has no information about HS).
The corresponding HS labels are expressed as follows.

yHS
i
j =

{
0, if i < nj × p
1, if i > nj × (1− p) (5.1)

where yHS
i
j represents the HS label of xi

j and p is the percentage of the total degra-
dation process. By the CNN-based binary regression model, the HS and the FPT
of the jth bearing, TF P T j , can be determined.

Next, the RUL labels are expressed as follows.

yRUL
i
j = nj − i

nj − TF P T j
(5.2)

where yRUL
i
j denotes the RUL label of xi

j .
The generator network is decomposed into two sub-generators: GHS and GRUL.

The two sub-generators correspond to discriminators DHS and DRUL with the same
structure. For the stability of the training procedure and the quality of the gener-
ated data, we apply the WGAN-GP to the objective function to guide the training
process. The objective functions are defined as follows.

LD(x, d; θD) = −Ex[DR(x)] + Ex[DR(G(x))]
+ αEx̂∼Px̂

[(∥∇x̂DR(x̂)∥2 − 1)2] + λD LCE(D(x), d),
(5.3)

LG(x, d, y; θG) = Ex[DR(G(x))] + λG LC(G(x), y)
− λD LCE(DD(x), d),

(5.4)

LC(x, y; θC) =
{
LCHS

(G(x), y), for the HS division
LCRUL

(G(x), y), for the RUL prediction (5.5)

where x is a sequential training sample, y is the HS label in the case of the HS
division and the RUL label in the case of the RUL prediction, d is the associated
label of the domain, λD is a hyperparameter that controls the effect of domain gen-
eralization, λG controls the relative importance of different loss terms, LCE denotes
the standard cross-entropy loss function, and θD, θG, and θC are parameters of the
discriminator, the generator, and the classifier, respectively. Both the real data and
generated data are entered into the discriminator, while the data reality and the
domain classification are the output of the discriminator DR and DD, respectively.
Whereas the discriminator D is trained to minimize LD for distinguishing the data
from different domains and between the real and the generated data simultaneously,
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the generator G is trained to minimize LG. Furthermore, the classifier C, which is
the CNN-based HS division CHS or the LSTM-based RUL predictor CRUL, is trained
to classify the HS or predict the RUL. In other words, the generator reconstructs
the generalized features to fool the discriminator and to improve the performance
of the HS division and the RUL prediction. Additionally, by reconstructing features
that are similar to the real data, feature values can be generated within a certain
range, and the time-series properties can be maintained. Finally, the classifier losses
for the HS division and the RUL prediction are defined as follows.

LCHS
(G(x), y) =LBCE(G(x), y),

LCRUL
(G(x), y) =λMAE LMAE(G(x), y)+

λRMSE LRMSE(G(x), y)+
λMAP E LMAP E(G(x), y)

(5.6)

MAE = 1
NS

NS∑
i=1
|ActRULi − PreRULi| (5.7)

MAE =

√√√√ 1
NS

NS∑
i=1

(ActRULi − PreRULi)2 (5.8)

MAPE = 1
NS

NS∑
i=1

|ActRULi − PreRULi|
ActRULi

(5.9)

where LBCE denotes the standard binary cross-entropy loss, LMAE is mean absolute
error (MAE) in (5.7), LRMSE is root mean square error (RMSE) in (5.8), and
LMAP E is mean absolute percentage error (MAPE) in (5.9), NS is the number of
testing samples, and ActRULi and PreRULi are the actual RUL and the predicted
RUL values corresponding to the ith testing sample, respectively.

Three different reconstructed features are transformed into three channels of an
NSP image by the following two steps. The first step is to compress the reconstructed
two-channel features into nested clusters. Each channel feature is mapped onto the
x- and y-axis and three different reconstructed features from the three multiscale
generators are colored in red, green, and blue, respectively. To represent the inten-
sity of each cluster from the reconstructed features, the mapped values count was
translated into pixel intensity. In the second step, three scatter plots are aggregated
together to form a single RGB image as shown in Figure 5.5.

The training details for the proposed multiscale feature extraction method are
summarized in Algorithm 3. Xj = {xi

j}
nj

i=1 ∈ RNsamples×2, j = 1, 2, ..., Ntrain denotes
nj sequential training samples from the jth bearing, where Nsamples is the dimension
of the sample.
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Algorithm 3 Training procedure for generalized multiscale feature extraction using
adversarial networks. We use default values of α = 10, λD = 1, λG = 50
Require: Batch size m, Adam hyperparameters η, hyperparameter for λD, λG.

1: Input: {xi
j}

nj

i=1 ∈ RNsamples×2, j = 1, 2, ..., Ntrain, y, d.
2: for number of training iterations do
3: Sample {xi

j}mi=1 a batch from the training dataset, corresponding HS or RUL
label {yi

j}mi=1, and corresponding domain label {di}mi=1.
4: for k =3 to 5 do
5: Update discriminator D by descending the gradient of (5.3) with Gk:
6: θD ← θD − ηD∇θD

LD(x, d; θD)
7: Update generator Gk by descending the gradient of (5.4):
8: θGk

← θGk
− ηG∇θGk

LG(x, d, y; θGk
)

9: Update classifier C by descending the gradient of (5.5) and (5.6) with Gk:
10: θC ← θC − ηC∇θC

LC(x, y; θC)
11: end for
12: end for
13: for k = 3 to 5 do
14: Sample {xi

j}mi=1 a batch from the dataset
15: Transform Gk(x) into nested clusters
16: end for
17: Merge three scatter plots to a single RGB image

5.2.4 Health Stage Division and Remaining Useful Life Prediction with
NSP

By reconstructing continuous raw vibration time-series data to multiscale features
and transforming the features into NSP images, we can change the signal processing
problem to an image classification problem and classify the images by using the
CNN for the HS division model (CNN-HS) [77] and the CNN-LSTM for the RUL
prediction model (CNN-LSTM-RUL). The structures of the proposed CNN-HS and
CNN-LSTM-RUL are presented in Fig 5.8.

The trained CNN-HS and the trained CNN-LSTM can classify the NSP of an
external test dataset, which was not used in training but operated under the same
conditions as the rest of the training datasets. For the HS division, the binary re-
gression results of the whole run-to-failure are computed by the CNN-HS, wherein
specifying a threshold value is not necessary. As the trained CNN-HS learns the
differences in the features of the NSP for healthy and unhealthy data in the train-
ing datasets, it can recognize the degradation pattern of all of the data. After
determining the FPT using the CNN-HS, extracting the multiscale features, and
transforming the features into the NSP images, the CNN-LSTM can recognize the
degradation patterns of all of the data from the FPT to the end time. The CNN
in the CNN-LSTM performs feature extraction from the transformed NSP images,
and the LSTM and the RUL prediction part calculate the percentage of the RUL.
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Figure 5.8: Proposed deep neural network architecture, (a) the proposed CNN-HS,
(b) the proposed CNN-LSTM-RUL

5.3 Generative Model for Oversampling Fault Condition
Data

5.3.1 Fault Classification Using CNN

Using NSP, solving FDD problems by time-series data analysis becomes an image
recognition problem. We employ a CNN classifier because it provides outstanding
performance in image recognition and classification [24]. The structure of the pro-
posed CNN classifier, the CNN-based bearing fault detector (CBFD), is shown in
Figure 5.9. There are three convolution (Conv) layers with kernel size 10×10, 5×5,
and 3×3, respectively. Batch normalization was applied to the first Conv layer only.
Two fully connected (FC) layers followed the Conv layers. Output nodes reflected
fault types; there were four output nodes for the normal condition and three bearing
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Normal
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Figure 5.9: Convolutional neural network (CNN)-based bearing fault detector
(CBFD) architecture.

fault types (inner race, outer race, and contaminant fault). The activation functions
for all layers were ReLU.

In the CNN architecture, the selectable hyperparameters were the number of filters
in each Conv layer, the size of each FC layer, and the dropout rate. To determine
the hyper parameters, the criteria for the fault classifier under data imbalanced
condition was defined as accuracy over 95% for test sets in mild imbalance ratio less
than 20:1 and high accuracy even in cases of severe imbalance ratio over 50:1.

We tested varying the number of filters in each Conv layer and found the optimal
numbers that met the criteria of training and test accuracy. The results of the
number of filters should range from 10 to 50 because underfitting occurred when the
number of filters was less than 10 and overfitting occurred when it was more than 50.
The size of the FC layer affected the expressiveness of the networks and the training
time. A large FC layer size increased the risk of overfitting and training time but
could increase the accuracy. Through our experimentation, two FC layers of sizes
less than 200 and 20 could not meet our performance criteria. Considering the
overfitting and the training time, the optimal size of each FC layer was determined
as 500 and 50. Finally, a dropout layer with 75% keep probability was applied to
the first FC layer to mitigate overfitting in the training phase. The CBFD model is
described in Figure 5.9.

5.3.2 Generative Model for Oversampling Fault Condition Data

The performance of FDD heavily depended on the designated frequency bands in
NSP and the architecture of the CBFD model. However, here, we emphasize the
training method used for the data-imbalance conditions.

CNN-based classification performs well when the distribution of classes is roughly
balanced. However, faulty condition data are generally lower in volume than normal
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condition data [31]. Such imbalances cause lower recognition accuracy for the minor
class, in this case, the faulty condition data. This phenomenon is important because
the recognition rate of faulty conditions is the most important practical measure of
effective FDD in engineering applications.

There are three solution types for data imbalance: oversampling [24, 32], down-
sampling [33], and ensemble learning [34]. For extreme cases such as rare occurrence
fault condition data, oversampling was the most suitable approach. In contrast,
reducing the size of the entire dataset by down-sampling and modeling the minor
data can cause a lack of data and make training itself impossible.

To solve the data-imbalance problem in FDD, we considered a generative oversam-
pling method. Oversampling with generative adversarial networks (GANs) improved
FDD accuracy in a previous study [24].

GANs [66] represent a class of generative models based on a game theory scenario
in which a generator network G competes against an adversary D, a discriminator.
DCGAN [107] is an extended model of GAN that uses de-convolution layers in the
generator and convolution layers in the discriminator to extract features of images
and construct a model to generate realistic fake images. By using DCGAN, NSP can
be generated and used for oversampling. Figure 5.10 shows the DCGAN architecture
employed in this study, in which we considered the convergence problem of DCGAN.

GANs aim to approximate the probability distribution function that the input
data are assumed to be drawn from. In the original formulation of GANs [66], it
was achieved by treating the discriminator as a binary classifier for real and fake data
distributions. In this way, the discriminator provides meaningful gradients for the
generator so that it minimizes the Jensen–Shannon (JS) divergence between the real
and fake data distributions. However, this process is shown to be extremely unstable
and difficult to train in practice. It has been shown that even in considerably simple
scenarios the JS divergence does not supply useful gradients for the generator [93].
For this reason, numerous recent studies have focused on improving the stability
and performance of GANs by enhancing the quality of the gradients derived from
the discriminator.

To stabilize our generative model, we propose WGAN-GP [71] on the DCGAN ar-
chitecture model (DCWGAN-GP). The original WGAN [93] exploited earth mover’s
distance (EMD) as a better means to measure the similarity between the two dis-
tributions. In this way, the losses of the discriminator and the generator correlate
well with the output image quality. WGAN-GP utilizes the same distance mea-
surement but ensures higher stability by penalizing the norm of the discriminator’s
output with respect to its input data. Our DCWGAN-GP is therefore resilient to the
vanishing gradients problem and generates realistic fake images in a stable manner.

When input data are imbalanced, minor data are oversampled by the generative
model until the desired ratio is met; at this point, we trained the CBFD model.
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Figure 5.10: Deep convolutional generative adversarial networks (DCGAN) for gen-
erative model of NSP images.

5.4 Experimental Results

5.4.1 Data Description and Preparation

Run-to-failure datasets

The nature of this study needed continuous time series data on machinery that
degraded over-time to the point of rolling bearing failure, including any failures in
the balls, rings, and cage. The purpose of early fault detection is to detect the
degradation as early as possible so that maintenance or prognostic-based decisions
can be implemented. FPT is the indicator that detects the start of the degradation.

To evaluate the proposed method (denoted as GMFE) on the run-to-failure vibra-
tion dataset, two types of popular datasets were used: FEMTO [154] and XJTU-SY
dataset [155]. The FEMTO dataset was collected by the PRONOSTIA test rig and
has been available to the public since the IEEE PHM 2012 Prognostic Challenge
(PHM 2012). The test rig mainly contains an asynchronous motor, a shaft, a speed
controller, an assembly of two pulleys, and tested rolling ball bearings, which is
shown in Figure 5.11(a). The vibration data in the horizontal direction were investi-
gated. The dataset was composed of 17 run-to-failure data in which a single bearing
was tested (two columns of vibration data: horizontal and vertical). The sampling
frequency of data acquisition is 25.6 kHz and the sampling time length was 0.1 s,
which was recorded per 10 s. The 17 datasets are grouped into three sections by
operating conditions that differ in rotation speed and radial load. Each dataset has
a different run-to-failure time, requiring fault detection methods that are adaptable
to time-varying operational conditions and environments. When the amplitude of
the vibration data exceeds 20 g, the run-to-failure experiments were stopped and
the bearing is considered defective. More details about the test rig and the datasets
can be referred to from [154]. Figure 5.12 shows the spectral density difference
in bandwidths through FFT on the FEMTO dataset and the comparison between
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(a) FEMTO dataset [154]

(b) XJTU-SY dataset [155]

Figure 5.11: Bearing test rigs (a) of the PRONOSTIA in the FEMTO dataset, (b)
in the XJTU-SY dataset.

healthy and unhealthy data. The spectral density from 500 to 1200 Hz of unhealthy
data was different from that of healthy data. Taking the sampling frequency into
consideration, three different bandpass filters for NSP in 5.2.1 were used: 500–800
Hz, 800–900 Hz, 900–1200 Hz.

The XJTU-SY dataset contains complete run-to-failure data of 15 rolling element
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Figure 5.12: Spectral density difference in bandwidths through fast Fourier trans-
form on Fanche-Comte Electronics Mechanics Thermal Science and Op-
tics—Sciences and Technologies Institute (FEMTO) dataset.

bearings that were collected by the Xi’an Jiaotong University and the Changxing
Sumyoung Technology [155]. The vibration signals were collected by two accelerom-
eters placed at 90 degrees on the housing of the tested bearings, as shown in Figure
5.11(b). The sampling frequency is 25.6 kHz and the sampling time length was 1.28
s, which was recorded per minute. Like the FEMTO dataset, the accelerated degra-
dation bearings tests are stopped when the amplitude of the vibration data exceeds
20 g.

In the experiment, 14 run-to-failure datasets under two different operating con-
ditions and 10 run-to-failure datasets under two different operating conditions are
used from the FEMTO dataset and the XJTU-SY dataset, respectively.

Data Collection for Fault Detection and Diagnosis

The purpose of our fault detection method was to detect bearing faults and diagnose
the fault types. Among the various fault types, inner race, outer race, and contam-
inant faults were considered. As an initial step, we collected two channels (the
horizontal and vertical axes) of vibration signals for normal and faulty conditions
using the apparatus shown in Figure 5.13 (a).
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(a) (b)

Inner race drilled (1, 3 mm)

Outer race drilled (1, 3, 5 mm)

(c)

Figure 5.13: Test bench and bearings. (a) test bench (model: EMOD FK-
FIE2100LA, Pmech: 3 kW, nnom: 1440 /min, Vnom: 400V, Inom:
6.4A, cosϕ: 0.78), (b) sensors mounted on the motor, (c) bearing with
different faulty conditions.

The motors of the test bench were 3 kW three-phase induction motors with rated
voltage 400 V and current 6.4 A. The configuration followed the power drive setup
in [156]. We connected the motors to the controller via inverters to control the speed
and torque. The running environment had a 25 Hz operation frequency and 10 Nm
torque. The motors and inverters were mounted on the steel rail to fix the electronic
machines.

For data acquisition, two vibration sensors (model: MMF KS80D, range: ±60 g,
bandwidth 22 kHz, sensitivity: 0.1 V/g) were used to record vibration in the x- and
z-axis (as shown in Figure 5.13 (b)). An oscilloscope was connected to vibration
sensors and the recorded vibration signals were stored in a server. In our experi-
ments, the sampling rate of the vibration signal was 1 MHz. Vibration data from
the induction motor were collected from the test bench under varying environmental
conditions over the course of a year.

To measure faulty condition data, bearings were artificially damaged by the fol-
lowing methods. For inner and outer race faults, we drilled into the middle of the
inner and outer raceway in the bearings after removing the metal shield and the
grease in the bearing. The drilling diameter was 1, 3, and 5 mm for low, medium,
and high severity, respectively. For the contaminant, we inserted metal chips in the
cage. The bearing with different faulty conditions is shown in Figure 5.13 (c).

We transformed the sensor data into the image domain using NSP. Faulty con-
dition data showed high spectral density in a high-frequency band (30 to 40 kHz),
known as the resonance band. The spectral density for 25 to 40 kHz of faulty condi-
tion data was greater than that of normal condition data, as shown in Figure 5.14.
In this experiment, three bandpass filters for NSP were used: 10 to 30 kHz, 30 to
50 kHz, and 0 to 250 kHz.

The sensor data were collected under various circumstances. Figure 5.15 shows
normal data under various circumstances, with the range of images being very broad.
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Figure 5.14: Spectral density difference in resonance bandwidths.

Table 5.2: Image data sets for motor condition.
Type No. of Images

Normal 21,000
Contaminant 800

Inner Race High 1,000
Mid 1,000

Outer Race
High 1,000
Mid 1,000
Low 1,000

In Figure 5.16, each image shows a fault type that can be distinguished by com-
parison with the normal image. Table 5.2 describes the detailed dataset for each
operating condition. To verify the capability of FDD in data imbalanced conditions,
the number of images for normal conditions was much greater than the number of
images of bearing faults.

5.4.2 Results and Comparisons
Evaluation of CNN-HS for the FPT determination

Datasets of bearings in condition 1 (1800rpm and 4000N, C1) and condition 2
(1650rpm and 4200N, C2) from the FEMTO dataset were used in our experiment.
Each condition has seven run-to-failure datasets (we denote them as B1 to B7). Two
datasets from each operating condition were used as the training dataset, and the
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Figure 5.15: Images of normal data under various conditions.

(a) (b) (c) (d) (e) (f)

Figure 5.16: Images of bearing fault data. (a) Contaminant, (b) outer high, (c) outer
medium, (d) outer low, (e) inner high, and (f) inner medium.

Table 5.3: Predicted FPT in FEMTO dataset (condition C1 and C2, unit: seconds).
Bearing (End time) RMS AE CNN-HS

C1B3 (23,750) 16,760 14,940 740
C1B4 (14,280) 10,870 10,850 1,880
C1B5 (24,630) 24,100 24,130 16,670
C1B6 (24,480) 24,070 24,130 21,590
C1B7 (22,590) 22,010 21,990 8,800
C2B3 (19,950) 19,390 19,390 19,950
C2B4 (7,510) 7,400 7,350 7,430
C2B5 (23,110) 22,920 23,110 930
C2B6 (7,010) 6,840 6,850 6,870
C2B7 (2,300) 2,210 2,230 2,250

trained model was tested on five other datasets in the same condition. The results
of the prediction in C1 are compared with previous methods, RMS and AE, in Fig-
ure 5.17 and 5.18. Again, RMS and AE require a pre-specified threshold value for
HS division, and the threshold value is represented by the red horizontal line. FPT,
determined by a threshold value in RMS and AE, and by a trigger mechanism in
CNN-HS, is represented as a vertical red dotted line.

The FPTs measured from all the experiments in both C1 and C2 are recorded in
Table 5.3. The test results show that our CNN-HS can detect faulty features much
faster. On average, the CNN-HS method predicted faults 47.65% and 44.80% faster
than the RMS and AE methods, respectively in terms of time.
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Figure 5.17: Predicted FPT using RMS, AE, and CNN-HS on FEMTO dataset (con-
dition C1).
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Figure 5.18: Predicted FPT using RMS, AE, and CNN-HS on FEMTO dataset (con-
dition C2).

An analysis of the features extracted by NSP and CNN-HS was conducted. We
visualize features using t-Distributed Stochastic Neighbor Embedding (t-SNE) [113],
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Healthy prediction by all methods
Unhealthy prediction by CNN-HS, Healthy prediction by RMS and AE
Unhealthy prediction by CNN-HS, RMS, and AE

C1B3 C1B4 C1B5 C1B6 C1B7

Figure 5.19: Feature maps of CNN-HS using t-Distributed Stochastic Neighbor Em-
bedding (t-SNE) with principal component analysis (PCA) (condition
C1).

Healthy prediction by all methods
Unhealthy prediction by CNN-HS, Healthy prediction by RMS and AE
Unhealthy prediction by CNN-HS, RMS, and AE

C2B3 C2B4 C2B5 C2B6 C2B7

Figure 5.20: Feature maps of CNN-HS using t-SNE with PCA (condition C2).

which is commonly used for visualizing high-dimensional features in scatter plots
and projects high-dimensional objects into two-dimensional points, such that similar
objects are closer and dissimilar objects are further away from each other. The
features were extracted from the output of the first fully connected (FC) layer,
which consists of 500 nodes. The 500-dimensional features were then reduced to 100
dimensions by using principal component analysis (PCA) [112] and further reduced
to two dimensions by using t-SNE. By this procedure, the features of NSP were
mapped into a two-dimensional plane. Figures 5.19 and 5.20 show the reduced
features of tested bearings in C1 and C2 mapped into a two-dimensional plane.

This analysis shows that our CNN-HS model is able to detect the HS division
features of NSP better than RMS and AE. Blue and black points are vibration
conditions, where RMS, AE, and CNN-HS predict ’healthy’ and ’unhealthy’, re-
spectively. The difference in FPT comes from the red points, where the CNN-HS
model was able to identify the faulty features not detected by RMS- and AE-based
methods. This feature map proves that the NSP is an appropriate tool for extracting
useful features from raw vibration data to represent the health of machinery. The
NSP was able to transform vast amounts of raw vibration signal data into a single
image from which features could be extracted using the CNN-HS model. Thus, there
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Table 5.4: Evaluation of RUL prediction on the FEMTO and XJTU-SY datasets.
Methods Metric FEMTO Condition1 FEMTO Condition2 XJTU-SY Condition 1 XJTU-SY Condition 2

MCNN [142]
MAE 0.1856 ± 0.0546 0.1738 ± 0.0521 0.2274 ± 0.0496 0.2063 ± 0.0427
RMSE 0.2344 ± 0.0701 0.2105 ± 0.0557 0.2484 ± 0.0452 0.2302 ± 0.0319
MAPE 0.8943 ± 0.4802 1.3567 ± 0.7913 1.1659 ± 0.3749 1.1802 ± 0.3945

DANN [148]
MAE 0.1739 ± 0.0542 0.1771 ± 0.0515 0.2588 ± 0.0499 0.2112 ± 0.0891
RMSE 0.2063 ± 0.0603 0.2060 ± 0.0578 0.2966 ± 0.0587 0.2398 ± 0.0973
MAPE 0.4633 ± 0.0811 0.4970 ± 0.1200 0.4340 ± 0.0816 0.3872 ± 0.1535

CNN-HS [77]
MAE 0.1697 ± 0.0267 0.2694 ± 0.0913 0.1919 ± 0.0469 0.1238 ± 0.0434
RMSE 0.1959 ± 0.0297 0.2932 ± 0.0890 0.2172 ± 0.0505 0.1429 ± 0.0419
MAPE 0.7983 ± 0.4179 1.2953 ± 0.9574 0.6574 ± 0.3538 0.6563 ± 0.4435

GMFE (ours)
MAE 0.0906 ± 0.0237 0.1644 ± 0.0456 0.1620 ± 0.0476 0.1132 ± 0.0476
RMSE 0.1053 ± 0.0222 0.1870 ± 0.0408 0.1795 ± 0.0488 0.1259 ± 0.0488
MAPE 0.4794 ± 0.0859 0.8515 ± 0.5413 0.5306 ± 0.1445 0.5721 ± 0.4197

No FPT
MAE 0.0678 ± 0.0212 0.2142 ± 0.0591 0.2541 ± 0.0802 0.2145 ± 0.0790
RMSE 0.0842 ± 0.0274 0.2317 ± 0.0540 0.2647 ± 0.0770 0.2217 ± 0.0747
MAPE 0.5860 ± 0.3584 1.3122 ± 1.0572 2.7105 ± 3.3264 0.9537 ± 0.6268

1D-GAN
MAE 0.1983 ± 0.0944 0.2879 ± 0.1059 0.2393 ± 0.1239 0.1295 ± 0.0664
RMSE 0.2099 ± 0.0936 0.3143 ± 0.1098 0.2529 ± 0.1200 0.1427 ± 0.0650
MAPE 0.8234 ± 0.4407 1.5198 ± 1.3135 0.6782 ± 0.2530 1.2928 ± 1.6532

is a clear distinction between the features that were predicted to be unhealthy and
healthy by the CNN-HS method as well as compared with the predictions of other
methods. Moreover, we observed that our CNN-HS method distinguishes the faulty
features of the images produced by the NSP. The region of the black point is small
and far away from the blue and red regions. CNN-HS combined with NSP is able
to detect minor symptoms (undetected by the other two methods), which leads to
more lead time for the investigation of the failure process.

Evaluation of GMFE for the RUL prediction

To evaluate the proposed method, while one bearing dataset is used for testing, the
other bearings under the same operating conditions are adopted to train the DNNs.
The experimental results are averaged by five trials to reduce the effect of model
randomness. To address the advantage of the proposed method, we compare the
proposed method with the multiscale CNN method (MCNN) by Li et al. [142], the
deep adversarial neural networks (DANN) by Li et al. [148], and the proposed CNN-
LSTM method with the supervised HS division method by Suh et al. [77]. Table
5.4 shows the quantitative evaluation results compared to other methods by using
three evaluation metrics. It can be observed that the proposed method generally
achieves lower prediction errors than other methods.

To evaluate the effect of FPT and NSP, the ablation study is conducted. ‘No FPT’
is adopted and the degradation is considered to start at the beginning of machine
operation to indicate the benefits of the HS division and FPT determination. The
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(a) (b)

(c) (d)

Figure 5.21: RUL prediction results on four testing bearings. (a) Bearing 1-3 in the
FEMTO dataset, (b) Bearing 2-6 in the FEMTO dataset, (c) Bearing
1-3 in the XJTU-SY dataset, (d) Bearing 2-1 in the XJTU-SY dataset.

‘1D-GAN’ method is implemented without merging the multiscale features by trans-
forming them into the NSP image and the proposed CNN-LSTM-RUL to show the
advantage of the transformed NSP images and the CNN-LSTM-RUL. The proposed
method compared to ‘No FPT’ and ‘1D-GAN’ showed better results, indicating that
the proposed HS division method is effective in capturing machine degradation at
the beginning point and the CNN-LSTM-RUL with the transformed NSP images
enhances the generalization ability on various datasets.

Figure 5.21 presents the RUL prediction results on four testing bearings in the two
datasets. The degradation evaluations start when the FPTs of the testing bearings
are detected. It can be observed that the degrading patterns are effectively captured
by the proposed method and the errors between the actual RUL and the predicted
RUL are quite small.
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Testing Fault Classification under Data Imbalanced Conditions

Before evaluating CBFD under data imbalanced conditions, we considered two is-
sues: (1) that the data imbalance ratio affects the performance of the classifier
more than the number of minority classes; and (2) that the learning rate and epoch
number should be considered to prevent over-fitting.

In [24], the degradation of FDD classification accuracy under an unbalanced nor-
mal and fault condition ratio was demonstrated; for example,

• False alarms, identified when FDD determines a fault despite normal condition;

• Misfiring, where ground truth observations show a fault condition, but FDD
indicates normal condition;

• Confusion, where ground truth observations show one fault condition, but
FDD determines another.

According to the previous study [24], the accuracy of testing declines overall when
the imbalance ratio of the dataset increased in the case of binary classification (nor-
mal or rotor fault/bearing fault). This means that the classification performance
of these diagnosis methods was easily affected by the imbalance setting. For mo-
tor fault detection, which usually presents severely imbalanced data, misfiring and
confusion from the classifier were more important than false alarms.

In addition to increased classifier errors, the over-fitting phenomenon also resulted
in poor accuracy for the test dataset, but good accuracy at the training stage. In the
learning process, the adaptive moment estimation (Adam) optimizer was employed
and tested using static and decaying learning rates. The static learning rate was
0.0001 and the decaying learning rate was set as exponential decay from 0.0005
with 50% decay every 100 epochs (with a total of five decay steps in 500 epochs).
The decaying learning rate performed better than the static learning rate, and the
accuracy evolution of CBFD became weak at approximately 200 epochs. Therefore,
for all further experiments, we determined hyperparameters, with the learning rate
and terminal epochs being 50% decay from 0.0005 and 250 epochs, respectively.

To verify the relationship between classification accuracy and data imbalance con-
ditions, we performed two types of experiments: 1) training a model by fixing the
number of normal data images to 20,000, which was close to the maximum size of
the normal dataset shown in Table 5.2, and changing the ratio of the data imbal-
ance from 30:1 to 1000:1; 2) fixing the number of normal data images to 10,000 and
changing the ratio of data imbalance from 20:1 to 400:1. As the volume of normal
data was larger than the volume of fault data, the number of normal data images
was fixed and the ratio of data imbalance was changed.

The test set for all conditions contained 300 randomly selected images for each
category. To ensure robust results, we took the mean value of 10 trials for each data
imbalance rate case as the final result.

In the first experiment, the model was trained by fixing the number of normal data
images to 20,000 and changing the ratio of the data imbalance. Figures 5.22(a)–(c)
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Figure 5.22: Test results for fixed normal data at 20,000 and changing ratio of data
imbalance: (a) accuracy, (b) misfiring, and (c) confusion. Test results
with fixed normal data to 10,000: (d) accuracy, (e) misfiring, and (f)
confusion.

show the overall FDD accuracy and the numbers of misfirings and confusion for
various imbalance ratios. No false alarms were observed, however, the accuracy
declined and the numbers of misfirings and confusion increased with the imbalance
ratio of the dataset. However, the accuracy was still higher than 80%, even when
the imbalance ratio was 1000:1.

Figures 5.22(d)–(f) show the result of the second experiment, in which we used
10,000 normal data images. Compared to the first experimental result, it indicates
that the numbers of misfirings and confusion were higher for the same imbalance
ratio in Figures 5.22(a)–(c). The accuracy also decreased, in general, owing to the
smaller dataset but still achieved around 80% even for the most severe imbalance
ratio of 400:1.

As shown in Figure 5.23, the proposed method (CBFD with BF-NSP) gave higher
classification accuracy than CNN with the continuous wavelet transform scalogram
(CWTS) [29, 157] and DNN with HHT [24], in which features were extracted using
the HHT and the DNN was used as a classifier. To ensure a fair comparison, both
models were trained using 5000 random sample data points and tested using 1200
random samples. The comparison results represent the mean values of 10 trials for
every data imbalance rate. We found that CBFD with BF-NSP had 95% accuracy,
even when the imbalance ratio was 20:1. Its accuracy fell below 90% when the im-
balance ratio reached 50:1. On the other hand, the DNN with HHT [24] was more
sensitive to the imbalance ratio. Only for an imbalance ratio of 7:1 was the accu-
racy over 95%. When the imbalance ratio was 9:1, the accuracy was below 80%.
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Figure 5.23: Comparison of CBFD with NSP with other methods.

Table 5.5: Computational time comparison of the convolutional neural network
(CNN)-based bearing fault detector (CBFD) with the bearing fault-
nested scatter plot (BF-NSP) with other methods.

Training Time (s) Testing Time (ms)
CBFD with NSP 805.48 2.59
DNN with HHT 207.50 1.30

CNN with CWTS 66.15 0.38

In the case of the CNN with CWTS [29, 157], the accuracies in the imbalanced
conditions were at least 28.1% points lower than CBFD with BF-NSP. When the
image transformation using CWTS was applied to the data, the training accuracy
of the CNN with CWTS was lower than 90%, so that the results of the CNN with
CWTS declined in the data imbalanced conditions. Even though we tried to clas-
sify the CWTS images using our CBFD, the differences between the results of the
two methods were minor. As shown in Table 5.5, the CNN with CWTS provided
the fastest training and testing among the three methods because the size of the
CWTS image (80 × 80) was smaller than the size of the NSP image (128 × 128).
In summary, our CBFD with BF-NSP outperformed the DNN with HHT and the
CNN with CWTS, and was capable of detecting bearing faults even when the data
imbalance was high.

Testing Fault Classification with Oversampling

As discussed, to improve the classification accuracy under data imbalance conditions,
oversampling using DCWGAN-GP was employed. To mitigate problems caused by
severe data imbalance, we trained the DCGAN and the proposed DCWGAN-GP
for each fault type, allowing the model to generate synthetic fault images. Each
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(a) (b) (c) (d) (e) (f)

Figure 5.24: Generated images of bearing fault data using the Wasserstein generative
adversarial networks with gradient penalty on the DCGAN architecture
model (DCWGAN-GP). (a) Contaminant, (b) outer high, (c) outer
medium, (d) outer low, (e) inner high, and (f) inner medium.

(a) (b) (c) (d) (e) (f)

Figure 5.25: Generated images of bearing fault data using the DCGAN. (a) Con-
taminant, (b) outer high, (c) outer medium, (d) outer low, (e) inner
high, and (f) inner medium.

model was trained using the available fault dataset defined above. Figure 5.24 shows
images computed by DCWGAN-GP for each fault type. The generated images can
be distinguished by comparison with normal images and were similar to the images
of real bearing fault data. For comparison, images generated using DCGAN [107]
are shown in Figure 5.25; these images can also be distinguished by comparing with
normal images and are similar to images of real bearing fault data.

The images generated using DCGAN contained background noise. To identify the
reason for the noise, we monitored the trend of the loss value in the training step
(Figure 5.26). We found that the loss of the DCGAN generator increased as the
step proceeded and that the loss showed significant variation. Figure 5.27 shows
the losses of the proposed DCWGAN-GP; the losses for both the discriminator and
the generator converged toward zero as the training step proceeded. Both models
were successfully trained for the fault types, however, the objective function of the
WGAN-GP provided superior stability and quality of gradients.

We oversampled the fault data of the proposed generative model under various
data-imbalanced conditions. Here, the ratio between normal and fault data images
is denoted as the normal-to-fault ratio (NFR), and the ratio that enhances NFR
using oversampling as adjusted NFR (A-NFR).

• NFR = (# of normal data images) : (# of fault data images),
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Figure 5.26: Losses of the DCGAN. (a) Losses of the discriminator, and (b) losses
of the generator.
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Figure 5.27: Losses of DCWGAN-GP. (a) Losses of the discriminator, and (b) losses
of the generator.

• A-NFR = (# of normal data images) : (# of fault data images) + (# of
oversampled fault data images)

We considered the serious data-imbalanced conditions where NFR > 100:1. In
the experiment, not only the imbalance ratio but also the number of data sets were
considered, because the number of the majority and minority datasets had an effect
on model training. Firstly, we fixed the number of normal data images to 10,000.
Under a normal number of data images of 10,000, we considered two cases of the
data-imbalanced condition: fault data images of 50 (which yields NFR = 200:1), and
fault data images of 100 (which yield NFR = 100:1). Based on these conditions, we
oversampled fault data images using DCGAN and DCWGAN-GP until the number
of total fault data images (original and oversampled) reached 500, 1000, 2500, 5000,
and 10,000 (which yielded A-NFR = 20:1, 10:1, 5:1, 2:1, and 1:1). The experimental
results of the 10,000 normal data images are shown in Figures 5.28 and 5.29. The
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lower bound of FDD accuracy is 90.77% and 94.63% when NFR is 200:1 and 100:1
without oversampling, respectively. The upper bound of FDD accuracy was 98.99%
when NFR was 20:1 without oversampling.

Secondly, we fixed the number of normal data to 20,000. Similar to normal data
images of 10,000, we considered two data-imbalanced conditions: NFR = 400:1
and 200:1, and oversampling using DCGAN and DCWGAN-GP was conducted in
the cases of A-NFR = 20:1, 10:1, 5:1, 2:1, and 1:1. The experimental results of
10,000 normal data images are shown in Figures 5.30 and 5.31. The lower bound
of FDD accuracy is 91.30% and 95.63% when NFR is 400:1 and 200:1 without
oversampling. The upper bound of FDD accuracy is 99.42% when NFR is 40:1
without oversampling. (The detailed experimental values are shown in Table 5.6.)

Oversampling using DCWGAN-GP and DCGAN improved the FDD overall ac-
curacy. In the case of 10,000 normal data images (shown in Figures 5.28 and 5.29),
DCWGAN-GP improved the accuracy by 7.28% and 4.67% at A-NFR = 1:1 com-
pared to the accuracy at NFR = 200:1 and 100:1. DCGAN also improved the
accuracy by 3.12% and 2.42% at A-NFR = 1:1 compared to the accuracy at NFR =
200:1 and 100:1. Similarly, oversampling using DCWGAN-GP and DCGAN showed
better accuracy compared to the baselines that were no sampling cases (shown in
Figures 5.30 and 5.31).

DCWGAN-GP outperformed DCGAN in generative oversampling. In the case of
NFR = 100:1 (shown in Figure 5.29), DCWGAN-GP improved accuracy from 4.1%
to 4.7% compared to no oversampling when DCGAN did only from 0.5% to 2.4%.
In addition, in the case of NFR = 400:1 (shown in Figure 5.30), oversampling using
DCWGAN-GP improved the accuracy by 6.28 to 7.11% when the result of DCGAN
was only 2.24 to 4.33%. Furthermore, the variance in accuracy with oversampling
of DCWGAN-GP was around 1%, with overall accuracies 98% and 99% higher,
respectively. While the accuracy for oversampling was lower than just 2% or less
than the accuracy for upper bound results (NFR =20:1 and 40:1, in the case of
normal data images 10,000 and 20,000, respectively.)

As seen in Figures 5.28–5.31, as oversampling enhanced A-NFR, the accuracy
increased. We emphasize here that oversampling using DCWGAN-GP showed 97%
or higher accuracy when A-NFR was 20:1. As mentioned before, BF-NSP and
CBFD showed good performance in the tolerable imbalance condition such as NFR
= 20:1 to 50:1. This means that oversampling using DCWGAN until A-NFR met the
tolerable imbalance conditions was enough for FDD accuracy. DCGAN showed less
than 96.5% accuracy (a gap between DCWGAN-GP and DCGAN ranges from 2.7%
to 5.97%) when A-NFR is 20:1. Therefore, DCGAN required more oversampling
data than DCWGAN-GP, and this fact resulted in the increased cost of computation.

NFR was one of the reasons for FDD performance degradation, but the number
of datasets was also important. Figures 5.28 and 5.31 have the same NFR= 200:1,
but different number of datasets. Comparing these two results, the case of 20,000
normal data images showed better accuracy than the case of 10,000 normal data
images.
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Figure 5.28: Fault detection and diagnosis (FDD) accuracy testing:normal-to-fault-
ratio (NFR)=200:1 with 10,000 normal data.
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Figure 5.29: FDD accuracy testing:NFR=100:1 with 10,000 normal data.

5.4.3 Discussion

By experimental evaluation, the feasibility of our model for HS division is demon-
strated. Our model is able to capture faulty features ahead of previous methods, as
demonstrated in the feature maps, which generate a significant amount of lead time
on the maintenance time horizon. To verify this capability, we conducted another
test for the feasibility of our method for HI prediction. Thanks to the capabil-
ity of the initial wearing feature extraction, our proposed method can make earlier
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Figure 5.30: FDD accuracy testing:NFR=400:1 with 20,000 normal data.
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Figure 5.31: FDD accuracy testing:NFR=200:1 with 20,000 normal data.

FPT predictions than the signal-based and unsupervised data-driven method that
requires specified thresholds.

In order to verify the performance of the proposed method, more experimental
evaluations on the reliability of the dataset are needed. There are other benchmark
datasets, but we could not work with them due to the following reasons. NSP is
a scalable and signal-independent data-wrangling method, but it requires multiple
channel signals. Other open benchmark datasets containing multiple channels of
vibration data were not found. As of now, there are no datasets available with
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Table 5.6: Accuracy of original data and oversampled data using the deep convolu-
tion generative adversarial network (DCGAN) and the proposed Wasser-
stein generative adversarial networks with gradient penalty (WGAN-GP)
on DCGAN architecture model (DCWGAN-GP) method. (a) Normal-
to-fault ratio (NFR) = 200:1 with 10,000 normal data; lower bound =
90.77% at NFR=200:1, upper bound = 98.99% at NFR = 20:1. (b) NFR
= 100:1 with 10,000 normal data; lower bound = 94.63% at NFR=100:1,
upper bound = 98.99% at NFR = 20:1. (c) NFR = 400:1 with 20,000 nor-
mal data; lower bound = 91.30% at NFR=400:1, upper bound = 99.42%
at NFR = 40:1. (d) NFR = 200:1 with 20,000 normal data; lower bound
= 95.63% at NFR=200:1, upper bound = 99.42% at NFR = 40:1.

(a)

A-NFR 20:1 10:1 4:1 2:1 1:1
DCGAN 91.05% 91.13% 92.51% 94.24% 93.89%

DCWGAN-GP 97.02% 97.10% 97.63% 97.88% 98.05%

(b)

A-NFR 20:1 10:1 4:1 2:1 1:1
DCGAN 95.20% 95.79% 96.23% 97.03% 97.05%

DCWGAN-GP 98.77% 98.78% 98.98% 98.98% 99.30%

(c)

A-NFR 20:1 10:1 4:1 2:1 1:1
DCGAN 93.54% 94.10% 94.88% 95.59% 95.63%

DCWGAN-GP 97.58% 97.81% 98.21% 98.30% 98.41%

(d)

A-NFR 20:1 10:1 4:1 2:1 1:1
DCGAN 96.39% 96.68% 97.15% 97.42% 97.52%

DCWGAN-GP 99.15% 99.16% 99.50% 99.16% 99.50%

labeled ground truth FPT. As such, this work has been developed in the face of this
existing difficulty and thus remains among the first works of this kind.

For efficient HS division using supervised learning, there is a need for an exten-
sive amount of degradation datasets under variable operational conditions. Wearing
patterns are varying in laboratory test benches as well as in real-world applications.
Some wearings degrade gradually, while others degrade rapidly. A general super-
vised HS division method can be developed if a large amount of data covering such
varying wear is made available. Presently, there is a dearth of rich data in this con-
text. In light of this aspect, the present work becomes significantly important as it
provides the early detection of FPT, exceeding the performance of common existing
approaches.
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Table 5.7: FPT to total duration ratio in different training data variation in CNN-
HS under conditions 1 and 2.

Bearing(test) Bearing(train)
C1-B1B2 C1-B1B4 C1-B3B4

C1B5 67.6% 79.2% 87.0%
C1B6 88.1% 86.9% 97.0%
C1B7 38.9% 51.2% 60.0%

C2-B3B4 C2-B1B3 C2-B1B2
C2B5 2.9% 2.4% 4.0%
C2B6 5.3% 11.8% 98.0%
C2B7 2.0% 5.6% 97.8%

Impact of Combination of Training Data

In our proposed method, training data from the same operating condition is needed,
and the selection of the training dataset of our model plays a critical part in the
performance. During our experimental phase, we tested different combinations of
training data to observe how the variation in bearing degradation in the training
set affected the model in both C1 and C2. The impact of the different combinations
of training data in terms of the average FPT to the total duration ratio is shown
in Table 5.7. These results show that the predicted FPT varies by up to 34.45%.
The bearing datasets under accelerated degradation show two phenomena: bearing
that shows gradual degradation and bearing that shows rapid degradation. From
our intuition, a suspicion arises as to whether the model is predicting healthy con-
ditions to be unhealthy prematurely since, in the training phase, relatively healthy
conditions might have been labeled as unhealthy since rapid degradation was shown
near the end. If this is the case, then the model might cause erroneous false alarms
during healthy conditions. In the future, we plan to test our proposed method on a
test bench with both degrading bearing data and normal bearing data.

Impact of Labeling Ratio of the Wearing Process

In the evaluation, NSP from the first 5% of the total degradation process was la-
beled as healthy, and the last 5% as unhealthy. This labeling makes the ratio of
used training data to unused training data in the training dataset (denoted as la-
beling ratio) equal to 1:9. The labeling ratio of 1:9 is determined by experimental
comparisons: from 1:9 to 5:5. In each condition of the FEMTO dataset, two bear-
ing datasets are selected as training data, and the rest of the datasets are tested.
First, FPT is predicted using the trained model in each test dataset. Based on the
predicted FPT, the test dataset is divided into a healthy condition period (HCP)
and an unhealthy condition period (UCP). The ground truth of HS division is set
to ‘healthy’ for HCP data, and to ‘unhealthy’ for UCP data. The F1 score is used
to evaluate the reliability of FPT made by the given labeling ratio. The F1 score is
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Table 5.8: The reliability (F1 score) of the predicted FPT corresponding to the la-
beling ratio.

Condition Labeling Ratio
1:9 2:8 3:7 4:6 5:5

C1 0.91 0.89 0.87 0.86 0.87
C2 0.97 0.95 0.82 0.77 0.83

C1 + C2 0.94 0.92 0.85 0.82 0.85

defined as follows:

F1 = 2×Recall × Precision

Recall + Precision
(5.10)

where Recall = T P
T P +F N and Precision = T P

T P +F P . TP , FP and FN denote the true
positive, false positive, and false negative values, respectively. The CNN-HS model
trained with a ratio of 1:9 showed the highest average F1-score, as shown in Table
5.8.

Effectiveness of the CNN-HS Model and NSP in Representing Degradation
Patterns

To verify the effectiveness of the CNN-HS model and NSP in representing degrada-
tion patterns, we conducted an experiment on the FEMTO dataset. The experiment
we proposed was to predict RMS values using NSP images and CNN-HS. RMS, which
is a signal-based method, uses the original time series vibration data. The RMS pre-
diction model using NSP and CNN-HS is shown in Figure 5.32. In the first step,
the time series vibration data is transformed into NSP images and the NSP image is
used as an input image of CNN-HS. In the training procedure, the RMS value of the
sliding frame corresponding to the NSP image is set as an input label of CNN-HS.
Unlike the proposed method, NSP images from the total degradation process are
used in the training procedure. In the testing phase, the trained CNN-HS is used to
compute out RMS values of NSP images acquired from the test data.

The RMS values for each bearing under two operating conditions in the FEMTO
dataset are shown in Figure 5.33. Because each bearing has a different degrada-
tion pattern and defect level, the pattern of RMS values and the maximum RMS
value on each bearing and condition are different. To reduce the scale difference in
RMS values, we saturate the maximum RMS value to a threshold value. In this
experiment, we evaluated the CNN-HS with a threshold value of two because the
minimum value among the maximum RMS values on bearings is two. In order to
verify the accuracy of the RMS prediction using NSP and CNN-HS, the root mean
square error (RMSE) is used to calculate the accuracy of the prediction values. The
RMSE is defined as follows.

RMSE =

√√√√ 1
n

n∑
t=1

(RMSt − Pt)2 (5.11)
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Figure 5.32: The RMS prediction model using NSP and CNN-HS.

(a) (b)

Figure 5.33: RMS values for each bearing in the FEMTO dataset, (a) Condition 1,
(b) Condition 2.

where RMSt is the RMS value at time t and Pt is the predicted RMS value by
the CNN-HS model. The RMSEs are shown in Table 5.9. The RMSE of C1B3 is
higher than the RMSE of other bearings since the RMS value of C1B3 oscillates
greatly. Despite the high RMSE of C1B3, most of the RMSE values are quite low.
Figure 5.34 shows that the predicted RMS value by the CNN-HS model has very
similar patterns to the RMS values. Therefore, NSP can represent the features of
time series vibration data and CNN-HS can accurately predict the health stage of
rolling bearings.
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(a) (b)

Figure 5.34: RMS value and predicted RMS value by NSP and CNN-HS in (a) C1B6
and (b) C2B3

Table 5.9: The prediction errors using CNN-HS combined with NSP.
Bearing RMSE Bearing RMSE

C1B3 0.4920 C2B3 0.1522
C1B4 0.2010 C2B4 0.0962
C1B5 0.1028 C2B5 0.1097
C1B6 0.0774 C2B6 0.1503
C1B7 0.2156 C2B7 0.1645

Average 0.2529 Average 0.1271

5.5 Conclusions

In this chapter, novel methods to predict the RUL and detect faults of the bearings
used in machinery were proposed. The proposed methods were composed of three
different approaches: 1) a supervised HS division using CNN for bearing wear, 2)
generalized multiscale feature extraction and RUL prediction method using mul-
tiscale GAN, 3) a generative oversampling method to address the data imbalance
issue for bearing FDD. For the HS division, the combination of NSP, which allowed
us to integrate a frequency analysis that helped to extract faulty wear features, and
a CNN-based binary regression model, rid the necessity of designating a thresh-
old, one of the most crucial problems in early fault detection. The CNN-HS model
effectively distinguished healthy and unhealthy states unambiguously by changing
the anomaly detection problem into a binary regression problem, utilizing a sim-
ple trigger mechanism. To minimize the labeling process in supervised learning, a
small portion of the dataset was utilized for training the model. Secondly, to extract
generalized prognostic features, we designed a multiscale 1D U-Net architecture for
the generator and adversarial learning procedure between the generator and the dis-
criminator which contains the reality and domain discriminator. The experimental
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results indicated that the proposed method, where CNN and CNN-LSTM are com-
bined with NSP based on the reconstructed features of bearing wear, could capture
the degrading patterns effectively and achieve better RUL prediction results com-
pared to other methods. Lastly, a novel generative oversampling method to address
the data imbalance issue for bearing FDD was proposed. In short, because the vol-
ume of faulty condition data was much lower than that of normal condition data,
the lower recognition accuracy of the fault condition results. Before introducing the
oversampling method, the proposed method was used to transform time-series data
into the image domain via the NSP method; bearing faults in the induction motor
were classified using designed CNNs. To overcome the data imbalance problem, we
generated fault images using DCWGAN-GP. Experiments demonstrated that the
proposed method improved accuracy by 7.2% and 4.27% on average and gave max-
imum values with 5.97% and 3.57% higher accuracy than the previously developed
DCGAN approach. Additionally, the accuracy of the proposed method was close to
that under data imbalance ratio conditions of 20:1 and 40:1 without oversampling.

Despite the fast and accurate health stage prediction results achieved by the pro-
posed method, it requires a sufficient amount of training data for model development.
In real industrial scenarios, supervised data with degradation is difficult to collect.
In future research, we plan to divide the health state into numerous stages based
on degradation time instead of just healthy and unhealthy in a supervised manner.
This model could act as a health indicator and be used to recognize patterns that
could be used for RUL prediction. Moreover, we plan to develop the fault prediction
model with an attention mechanism and unsupervised transfer learning.
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6 Application: Robust Shipping Label
Recognition and Validation for
Logistics by Fusion of Global-Local
Features and using Two-Stage
Generative Adversarial Networks

6.1 Problem Definition
This chapter presents the methods proposed to recognize and validate shipping la-
bels by using deep neural networks. To recognize and validate the shipping label, the
proposed method comprises three steps: 1) input image quality verification, 2) ad-
dress and barcode area detection with image calibration, 3) address text recognition
with image enhancement. The methods presented in this chapter have appeared
in ICIP 2019 [43] and ICPR 2020 [44]. The address text recognition with image
enhancement is available online [79].

6.1.1 Input Image Quality Verification

As a first step, the input image quality verification is proposed. The performance
of OCR engines and text detection engines is sensitive to image quality and defects
on target objects. The quality of the captured image can be affected by many
degradations caused during image acquisition. Further, during the packaging and
delivery processes, the shipping label can be damaged. Thus, proper assessment
and classification of the captured image and object are required to improve the text
detection and recognition processes. Four poor conditions of captured images are
defined, and example images of generated and collected datasets are shown in Figure
6.1 and Figure 6.2.

1. Unreadable: Blurring is the most common issue in real-world applications,
occurring because of defocusing or camera motion [158], and an image acquired
at the wrong positioning leads to missing the ROI. By detecting the blur
degradation and incorrect positioning, the user reacquires the image and the
OCR accuracy can be improved.

2. Contaminated: Shipping labels are often contaminated in the delivery process,
or some part of the address area in the shipping label can be occluded by a
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(a) Normal (b) Contam-
inated

(c) Unreadable (d) Handwritten (e) Damaged

Figure 6.1: Examples of the annotated real dataset of the shipping label.

(a) Normal (b) Contaminated (c) Unreadable (d) Hand-
written

(e) Damaged

Figure 6.2: Examples of the annotated generated dataset of the shipping label.

pen mark. By processing with methods such as document image enhancement
and binarization [159, 160], the address in the contaminated or occluded label
can be recognized better.

3. Handwritten: The shipping label sometimes contains handwritten addresses.
Because recognition engines for machine-printed characters and handwritten
characters are different, the two types of characters must be classified differ-
ently.

4. Damaged: The shipping label can be torn or occluded by another shipping la-
bel in the processes of packaging and delivery. By detecting damaged shipping
labels, misdelivery can be reduced and the performance of the text recognition
process can be improved.

In this chapter, we propose an input image quality verification method using
convolutional neural networks (CNNs) for shipping label inspection. The proposed
method classifies the mentioned previously five image types: normal, contaminated
address, unreadable image, handwritten address, and damaged shipping label.

However, classification methods based on CNNs are not suitable for direct use
for input image quality verification because of two problems. One problem is the
varying aspect ratios and sizes of shipping label images. The varying aspect ratios
make it difficult to design a CNN with a fixed image size as input. Another problem
is that it is difficult to distinguish between contaminants in the address area and
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contaminants in other areas. In general, there are two methods for handling input
images of different sizes: (1) resizing the input image while maintaining the aspect
ratio in the padding space and (2) using patches as inputs to the CNN to extract
discriminative features. However, resizing the input images leads to increasing the
ambiguity between normal and blurred images because of the loss of detailed fea-
tures, making it difficult to detect defects in ROIs. Conversely, dividing an input
image into patches can lead to the loss of global features, degrading the classification
performance.

We integrate local and global features from different CNNs. To localize the local
features, we detect the barcode and address areas using the deep-learning object
detection algorithm You Only Look Once (YOLO) [83, 161]. Then, we localize
and crop regions with strong features using one of the famous feature extraction
methods, features from accelerated segment test (FAST) [162]. The global features
are extracted from the global CNNs with a resized input image, and the local features
are extracted from independent local CNNs with the detected address and barcode
area and the localized regions using FAST. We concatenate the global and local
features together into fully connected fusion layers to classify the shipping label
image conditions. The contribution of this study can be summarized into two points.
(1) We detect and localize the ROIs using YOLO and FAST and extract the local
features using independent local CNNs. (2) By constructing the variant global and
local images to combine the global and local features, we propose a novel CNN model-
based stacked generalization ensemble method [163] for image quality verification.

6.1.2 Address and Barcode detection with Image Calibration

To verify the addresses in the shipping label, optical character verification (OCV)
and recognition (OCR) systems can be deployed. Ribeiro et al. [41] proposed an
automatic recognition of expiration dates in food packages by using EAST [39]. As
stated in [41], several traditional image processing methodologies have been applied
for detection and recognition of text regions, but deep learning-based approaches
have shown to be especially effective in these tasks [39, 36, 37, 38]. The utilization
of a deep neural network architecture showed high accuracy for the verification and
recognition of expiration dates in food package photos.

However, unlike the food package application, the quality of the barcode also
has to be inspected for the shipping label. The printed address not only has to be
compared to the user-typed address, but its validity also has to be verified. Like
OCV, there exist several barcode quality and printed label inspection systems, but
they are mostly off-the-shelf and black-box commercial ones [41] and the systems
usually cost high and support only a limited number of shipping label formats.
Though the address verification is available in [42], their service is to verify the
delivery address requested by customers, not the address in the printed shipping
label. Therefore, it could not be inspected in the process after packaging.

The main problems of existing methods are at least one of the following: (1) they
cannot inspect the barcode and the address in the shipping label simultaneously, (2)
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they support only a limited number of shipping label formats, (3) they do not verify
whether the address actually exists.

In this chapter, we propose a verification and recognition method for various types
of shipping labels by using deep neural networks. To effectively detect barcode and
address areas, a deep learning object detection algorithm, You Only Look Once
(YOLO) [83], is fine-tuned for the shipping label dataset and the angle of the image
is calibrated by the angle estimated from the barcode. Moreover, we use Google
Maps API [164] to check the address validity. To train deep neural networks, a
number of shipping label data are required. For that purpose, we generated and
collected 25 different types of shipping labels to train and test the proposed method.

6.1.3 Text recognition with Image Enhancement

Document image enhancement is one of the most important preprocessing steps for
the tasks involved in analyzing an imaged document. The main aim of document
image enhancement is to extract the foreground text from the degraded background
in the document image, a process called image binarization. The better binarization
methods will improve the performance of subsequent document analysis tasks [165]
such as layout analysis [166], text line and word segmentation [167], and optical
character recognition (OCR) [168]. The challenge is that document images normally
suffer from various types of degradation and interference, such as page stains, uneven
illumination, contrast variation, ink bleed, paper yellowing, background color, bleed-
through, and environmental deterioration [169, 170].

Over the past few years, many document image enhancement methods have been
proposed in the literature, such as those that improve image quality by removing
degradation effects and artifacts present in an image to restore its original appear-
ance [171, 172]. However, traditional unsupervised document enhancement methods
rarely handle multiple degradations. Most focus on a single specific problem, such
as bleed-through [173, 174].

Recently, deep-learning-based image binarization methods have provided signifi-
cant improvements over traditional image processing methods, not simply solving
a specific problem but eliminating multiple degradations [175, 176, 177]. A selec-
tional auto-encoder model for document image binarization was proposed by Calvo-
Zaragoza and Gallego [178]. To generate binarized output the same size as the input
image, a fully convolutional neural network (FCN) was used, generating binary re-
sults as a special case of semantic segmentation [179, 180, 181]. To improve the
performance of the binarization for a degraded document, several approaches have
been proposed, including a hierarchical deep supervised network [160], an iterative
supervised network [159], and a conditional generative-adversarial-network-based
binarization method [182], which outperformed traditional methods and other deep-
learning-based methods.

However, all of these methods focus only on grayscale document images because
the scanned historical documents that most of them are designed to handle are
contaminated document images in black and white. Although these methods remove
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Figure 6.3: Examples of the degraded document and their challenges in image bi-
narization. (a) some of the example images from DIBCO dataset and
shipping label image dataset, (b) the corresponding ground truth im-
ages, (c) the corresponding binarization results by Vo’s method.

colorless degradation factors well, they are weaker in extracting the target from
colorful backgrounds and in removing colored contaminants. Furthermore, most of
the methods are based solely on context information in a particular neighborhood
region, using small local image patches instead of the whole image as the input to
the deep learning network. For regions of densely placed text, local features in local
image patches are advantageous for extracting text from backgrounds, whereas the
spatial contextual information can sometimes be missed for regions with a largely
blank background. These two major problems are exemplified in Figure 6.3.

Taking these problems into consideration, we propose a framework of generative
adversarial networks for color document image enhancement and binarization. The
proposed method consists of two stages, the first of which trains multiple color
channel adversarial neural networks to extract color foreground information from
small local image patches by removing background information for document image
enhancement, and the second of which learns the local and global binary results with
multi-scale adversarial neural networks for document image binarization. In the first
stage, four color-independent networks are trained with red, green, blue, and gray
channel images, respectively. In the second stage, the local binary transformation
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network is trained with the merged enhanced images from the first stage, and the
global binary transformation network is trained with the full original input image.

The contributions of this study can be summarized as follows. (1) Unlike previous
methods, the proposed method focuses on the multi-color degradation problem with
its design of four color-independent networks. (2) By combining local and global bi-
nary transformation networks, the method can balance the fine extraction of strokes
and the suppression of background misclassification. (3) The proposed method is
evaluated on multiple datasets and is found to achieve better performance than
state-of-the-art models.

6.2 Shipping Label Recognition and Validation

6.2.1 Shipping Label Recognition and Validation System

In the packing and delivery process, it requires fast and accurate detection and
inspection algorithm for various types of labels. For this reason, we employed deep
neural networks as there exist several outstanding methods to detect a specific object
in an image. The overview of the proposed system is shown in Figure 6.4. The
proposed system consists of five steps. The first three steps are to detect the barcode
and address in the shipping label image, the fourth step is to recognize the text of
the receiver address, and the last step is to validate the recognized address.

As the first step, barcode detection is processed using YOLO. YOLO is known as
a fast general-purpose object detector using deep neural networks and achieved real-
time detection [161], which is much faster than R-CNN [183] and Faster R-CNN [184]
based methods. Unlike conventional region-based object detection algorithms, the
YOLO detector considers object detection as an end-to-end regression problem and
uses a single convolutional network to predict the bounding boxes and the corre-
sponding class probabilities. We fine-tune the YOLO detector to locate the barcode
and address areas in the shipping label images. We exploit the YOLO network im-
plemented on the Darknet19 [185] framework with the resized input image of size
416× 416.

Though the regions of barcode and address are correctly identified, the accuracy of
the text recognition result for the address area can be low when the cropped address
area contains angular transformation. The machines in the package manufactur-
ing process or the product transfer process in logistics could cause this undesired
rotation. In order to improve the text recognition, a calibration procedure of the
input image with respect to the angular error should be preceded as the second step.
Since the address and the barcode are generally oriented in the same direction in the
shipping label image, the input image can be calibrated from the angle measurement
of the cropped barcode area. Because the barcode consists of several perpendicular
lines, the angle of the barcode can be obtained through a line detection algorithm
using the Hough transform.

After conducting rectification for angular error, the YOLO detector is applied once
again to identify the sections of the barcode and address in the corrected image. In
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Figure 6.4: System overview

this way, some address areas not detected in the first YOLO step can be detected.
Additionally, since the detected areas are now upright, the accuracy of the barcode
decoding and the address text recognition can be improved. We use Code Reader
of Matrox Imaging Library (MIL) [186] for the barcode decoding.

To implement text recognition for the receiver address, we utilize Tesseract [168].
Tesseract recognizes characters based on Long Short Term Memory (LSTM), which
is a type of Recurrent Neural Network (RNN). This engine provides a huge database
set consisting of 116 languages. Since the accuracy of the text recognition by Tesser-
act decreases as the angular transformation becomes severe, the calibration of the
cropped address image has significant importance. The comparison result with dif-
ferent angular error severities is shown in Section 6.4.

To verify whether the recognized address actually exists, we check the validity
of the address using Google Maps API [164] in the final step. Google Maps API
judges the address as valid if the names of street, city, and country of the address are
recognized. If the recognized address is invalid, it cannot be searched and Google
Maps API returns an invalid status value. However, the recognition result from the
previous step contains the receiver’s name or the building in numerous instances.
In order to prevent such false-negative cases, we check the address to Google Maps
API repeatedly, by removing a word from the beginning of each trial, until we find
the valid address or we encounter the end of the text.
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Shipping Label Inspection
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Figure 6.5: Overall network architecture of the proposed method

6.2.2 Fusion of Global-Local Features for Image Quality Inspection of
Shipping Label

The shipping label inspection system [43] involves six steps: input image quality ver-
ification, calibration, salient region detection, image enhancement, text recognition,
and address validation.

In the first step, the proposed input image quality verification process classifies
the five image types: normal, contaminated address, unreadable image, handwritten
address, and damaged shipping label. The unreadable image and the damaged label
are reported to the user to acquire the image properly or check the condition of the
shipping label. The contaminated and handwritten addresses provide information
on the address area for image enhancement and/or text recognition processes.

The goal of the input image quality verification method is to classify the five image
types. We propose an input image quality verification method using convolutional
networks with global and local features. The overall network architecture of the
proposed method is presented in Figure 6.5.

Feature Localization

Classification with a resized entire input image leads to ambiguity between normal
and blurred images because of the loss of detailed features, making it difficult to
detect contaminated defects and damaged defects in ROIs. For these reasons, we
detect barcodes and address areas and crop regions with strong features to extract
local features. In this study, we train global and local CNNs to extract the global
and local features and combine the global and local features, as shown in Figure 6.5.

To detect and localize the ROIs, we use YOLO to detect barcode and address areas
and FAST to localize regions with strong features. YOLO is a fast general-purpose
object detector using deep neural networks that can achieve real-time detection [161],
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6.2 Shipping Label Recognition and Validation

Algorithm 4 Feature localization using the FAST algorithm. We use the default
threshold value of the FAST algorithm, t = 50, patch size Dp = (256, 256), and
number of patches np = 3
Input: input image of shipping label
Output: localized regions using FAST

1: Convert input image to grayscale image
2: Detect feature points p using FAST with t
3: Di =size of input image
4: if (Di > Dp) then
5: patchNumi = Di/Dp

6: Lp = number of p
7: for each j ∈ [1, patchNumi] do
8: iCountPoint = 0
9: Rj = region of j-th patch

10: for each k ∈ [1, Lp] do
11: if (p(k) ∈ Rj) then
12: iCountPoint = iCountPoint + 1
13: end if
14: end for
15: iCountFeature(j) = iCountPoint
16: end for
17: Extract the np largest patches and crop the region IP

18: else
19: Copy the image to IP in the padding space of size Dp

20: end ifreturn IP

which is much faster than R-CNN- [183] and Faster R-CNN [184]-based methods.
Unlike conventional region-based object detection algorithms, the YOLO detector
considers object detection as an end-to-end regression problem and uses a single
convolutional network to predict the bounding boxes and the corresponding class
probabilities. We fine-tune the YOLO detector to locate the barcode and address
areas in the shipping label images. We exploit the YOLO network implemented on
the Darknet19 [185] framework with a resized input image of size 416× 416. After
detecting the barcode and address regions, we crop and resize the detected regions
to 256×256 while maintaining the aspect ratio in the padding space to set the input
in the local CNNs.

The global features are extracted from the global CNNs with a resized input
image, and the local features are extracted from independent local CNNs with the
detected address and barcode area, and the localized regions using FAST. FAST
is a famous corner-detection algorithm that can be used to extract feature points;
it demonstrates rapid operation and a low number of computations compared with
other feature-detection methods. We calculate the number of feature points from the
FAST algorithm in a patch of size 256×256, the same as the input image size in the
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6 Application: Robust Shipping Label Recognition and Validation

local CNNs. By choosing patches with a large number of feature points, regions with
strong features, such as barcodes or characters, can be selected as input images of
local CNNs. Additionally, because the patches are not resized, but rather maintain
the original scale of the input image, they can provide helpful information to classify
unreadable input images using the local CNNs.

Global and Local Feature Fusion

Global features describe the overall outline of the input image, whereas local features
focus on the local shape, the degree of contamination in the localized regions, lighting
conditions, and other imaging factors. To extract the global and local features, a
resized complete input image is processed in the global CNNs, and the localized
images are processed in the independent local CNNs, as shown in Figure 6.5. In
this study, we deploy ResNet-50 [132] pre-trained on ImageNet [133] for global and
local feature extractions. In the proposed architecture, four independent CNNs are
trained for feature extraction: a global CNN, two local CNNs with address and
barcode areas by YOLO, and a local CNN with regions cropped by FAST. The local
CNNs with regions cropped by FAST share the network parameters in the training
procedure.

To combine the global and local features, we adopt a stacked generalization en-
semble. Stacked generalization is an ensemble method where a new model learns how
to combine the predictions from multiple models [163]. To control the importance
of the feature combination, we add a fully connected layer with different output
feature dimensions to the feature extraction architecture. In the proposed model,
we set the dimension of the global feature to 2048 and the dimension of each local
feature to 512. To verify the proposed model, we compare the proposed ensemble
models with majority voting and weighted majority voting algorithms [187].

6.3 Two-Stage Generative Adversarial Networks for
Document Image Binarization

Loss functions of the proposed GAN The original purpose of GAN [66] was to
train generative models to capture real data distributions and to generate an output
image from random noise. A generator network competes against a discriminator
network that distinguishes between generated and real images. Unlike the original
GAN, CGAN [67] trains the generator not only to fool the discriminator but also to
condition on additional inputs, such as class labels, partial data, or input images.
By conditioning the generative model on input images, CGAN can be used for pixel-
level image-to-image transfer [92]. Previous approaches have provided better results
by mixing the objective loss function of the generator with some traditional losses:

min
G

max
D

Ex,y[log D(y, x)] + Ex[log(1−D(G(x), x))] + λEx,y[∥y −G(x)∥1], (6.1)
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Figure 6.6: The structure of the proposed model for document image enhancement
(Stage 1) and document image binarization (Stage 2).

where x is an input image sampled from the input data distribution Px, y is the
ground truth image corresponding to the input image, λ is a hyperparameter that
increases the effect of regularization on a model, and the generator G generates an
image G(x) from an input image. Equation (6.1) shows that minimization of L1
distance, rather than L2 distance, between the generated image and the ground
truth image, encourages less blurring and ambiguity in the generation process [92].

Although GAN and CGAN are capable of generating fake images close to the orig-
inal input images or target images, the GAN training procedure has instability of
loss function convergence [188]. To solve this stability problem, we apply the Wasser-
stein GAN with gradient penalty (WGAN-GP) [71], which uses the Wasserstein-K
distance as the loss function, to the objective function to guide the training pro-
cess. Furthermore, unlike the general image-to-image transfer task [92], our task,
document image enhancement and binarization, is to primarily classify every indi-
vidual pixel into two classes, text and background. Thus, we decided to use the
binary cross-entropy (BCE) loss rather than L1 loss as used in previous approaches
[92, 182]. Bartusiak et al. [189] showed experimentally that BCE loss is indeed a
better choice than L1 loss for binary classification. The objective loss functions of
conditional WGAN-GP with the BCE loss are defined as follows:

LD(x, y; θD) = −Ex,y[D(y, x)] + Ex[D(G(x), x)] + αEx,ŷ∼Pŷ
[(∥∇ŷD(ŷ, x)∥2 − 1)2],

(6.2)
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6 Application: Robust Shipping Label Recognition and Validation

LG(x, y; θG) = Ex[D(G(x), x)] + λLBCE(G(x), y),
where LBCE(p, q) = Ep,q[q log p + (1− q) log(1− p)],

(6.3)

where α is the penalty coefficient; Pŷ is the uniform sampling along straight lines
between pairs of points from the ground truth distribution Py and the generated
data distribution; λ controls the relative importance of different loss terms; and θD

and θG are parameters of the discriminator and the generator, respectively. Whereas
the discriminator D is trained to minimize LD for distinguishing between the ground
truth and the generated image, the generator G is trained to minimize LG.

Network architecture of the proposed GAN The GAN architecture has two
neural networks, and we selected a generator and a discriminator for image bina-
rization performance. As the encoder in the generator, U-Net [150] is employed.
U-Net is a network structure that introduces skip concatenation between the en-
coder and the decoder layers; it provides good performance in image segmentation.
The encoder includes downsampling to extract the context information, and the de-
coder is an upsampling process that combines the upsampled features and the low-
dimensionality features from the downsampling layer to improve the performance of
the network. In binarization studies, U-Net is widely adopted [92, 159, 182, 190]. To
extract important features effectively in the proposed adversarial neural networks,
we adopted EfficientNet [191] as the encoder in the generator; it has achieved much
better accuracy and efficiency for image classification than other networks. As the
discriminator, the discriminator network in PatchGAN [192, 92, 193, 194, 182, 190]
is employed with the modification. PatchGAN has been used frequently in recent
work due to its good generalization properties. We employ a network with an archi-
tecture similar to that of the discriminator network from the discriminator, based
on a Markov random field model, of Pix2Pix GAN [92].

The overall network architecture of the proposed method is shown in Figure 6.6.
The first stage of the proposed method, shown on the left side of the figure, consists
of four color-independent generators and a discriminator to distinguish between
the ground truth and the generated image. Four color-independent networks are
trained with red, green, blue, and gray channel images, respectively, and produce an
enhanced document image by removing background color information. Each channel
image and the corresponding ground truth or generated image are concatenated and
fed into the discriminator. In the second stage, shown on the right side of the figure,
the local binary transformation network is trained with the merged enhanced images
resulting from the first stage, and the global binary transformation network is trained
with the full original input image for document image binarization.

6.3.1 Document Image Enhancement using Color-Independent
Adversarial Networks

The goal is to enhance the degraded color document and extract the text regions
from the image. Owing to the diversity and complexity of the degraded color doc-
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ument images, it is difficult to extract the text regions in the variety of conditions
of degradation and printing by training only one generator or by training with a
grayscale image. In other words, it cannot sensitively separate the foreground from
the color background which has a different color, but similar intensity values to the
foreground. Instead of generating a binary image directly from a three-channel color
input image or a grayscale input image, we first train four color-independent genera-
tors, which focus on extracting color information and removing the color background.
Four color-independent networks are trained with split three-channel images and a
converted grayscale image.

Before training the proposed GAN framework in the first stage, a pre-processing
step for ground truth images of three color input images is required. If a given
ground truth image were to be used directly to train four different generators, the
corresponding networks would not be able to extract the proper color information
and could not be trained to classify the text regions and the background regions
from the corresponding color channel owing to the lack of information. To generate
ground truth images for three different color images, we combine a split input channel
image and a given ground truth image via the logical and operator. After combining
the ground truth image and the split channel image, we generate a binary image
via the application of the global threshold. Unlike the three split color images, the
given ground truth image is used directly for training the grayscale generator with
the converted grayscale image.

After the pre-processing step for ground truth images, the four generators and
one discriminator are trained to extract colored text regions from the background
regions with the input images and their corresponding ground truth images. During
training, we divide each document image into small patches of size 256×256 without
resizing. The four generators are trained to fool the discriminator and minimize the
distance between the generated image and the ground truth image in each color
channel by minimizing the objective loss function LG in (6.3), and the discriminator
is trained to distinguish between the generated image and the ground truth image
by minimizing the objective loss function LD in (6.2).

The four generated images Gr(xr), Gg(xg), Gb(xb), and Ggray(xgray) are predicted
for each image patch via the four proposed generators. To integrate the information
in the four images predicted by the four-color channel generators, we apply pixel-
wise addition between Ggray(xgray) and the three generated color images Gr(xr),
Gg(xg), and Gb(xb), respectively, and merge the three-channel images into a color
image. The reason why the grayscale image is combined with each color channel
is to prevent the generator to be biased to each color channel. By applying pixel-
wise addition between Ggray(xgray) and the three generated color images, it enables
to obtain a result that reflects the characteristics from each color channel based
on the grayscale image result. The training details for the proposed method are
summarized in Algorithm 5.
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Algorithm 5 Training procedure for document image enhancement using adversar-
ial networks. We use default values of ω = 0.5, α = 10, λ = 50
Require: Batch size m, Adam hyperparameters η, hyperparameter for λ.

1: Initialize: θGr , θGg , θGb
, θGgray from pre-trained source networks.

2: for number of training iterations do
3: Sample {x(i)}mi=1 a batch from the input image patches and corresponding

ground truth {y(i)}mi=1.
4: for k = {r, g, b, gray} do
5: if k is not gray then
6: yk ← xk

⋂
y

7: Binarize yk with threshold value t.
8: else
9: yk ← y

10: end if
11: Update discriminator D by descending the gradient of (6.2):
12: θD ← θD − ηD∇θD

LD(xk, yk; θD)
13: Update generator Gk by descending the gradient of (6.3):
14: θGk

← θGk
− ηG∇θGk

LG(xk, yk; θGk
)

15: end for
16: end for
17: for k = {r, g, b} do
18: ŷk ← ωGk(xk) + (1− ω)Ggray(xgray)
19: end for
20: ŷ ← [ŷr, ŷg, ŷb]

6.3.2 Document Image Binarization using Multi-scale Feature Fusion

As shown on the right side of Figure 6.6, the second stage combines the global
and local results of the document binarization. The binarization in the first stage
is performed mainly using local prediction with the small patches. However, for
a document image having a large background region portion, local prediction can
sometimes misclassify parts of the background region as foreground. To address this
problem, we perform the global binarization with the resized original input image
and the local binarization with the image result from the first stage. The reason
for using the resized original input image is that the image result from the first
stage can have a loss of spatial contextual information of the document image since
the first stage is only performed using local prediction. The input image for the
generator and the binary image, which is the corresponding ground truth image or
the generated image, are concatenated and fed into the discriminator. Whereas the
input image for the generators is an 8-bit image in the first stage, in the second
stage it is a 24-bit three-channel image. Furthermore, the input image for the local
prediction is the small patches of the output image from the first stage, whereas the
input image for the global prediction is the resized original input image. Thus, the
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second stage for multi-scale feature fusion requires two discriminators, whereas the
first stage trains only one shared discriminator with four independent generators.

For the local and global binarizations, the network architecture of the generator
is the same as that in the first stage except for the input image channel. The degra-
dation document image datasets, such as DIBCO and the shipping label dataset,
contain images of various sizes and height-to-width ratios. In the local binarization
process, regions of different colors can be removed from text components, and text-
only regions can be extracted by using the image result from the document image
enhancement stage. For the global binarization, we add padding to the whole image
or directly resize the original image to the desired size (r, r). The strategies of global
binarization are as follows according to the ratio of the input image height h and
width w:

• If max(w,h)
min(w,h) < 4.0, resize the whole image to (r, r).

• If 4.0 ≤ max(w,h)
min(w,h) < 6.0, put the input image at the center of (max(w, h), max(w, h)),

add padding with the median pixel value of the input image set to (max(w, h), max(w, h)),
and resize the image of (max(w, h), max(w, h)) to (r, r).

• If max(w,h)
min(w,h) ≥ 6.0 or (h < r and w < r), do not perform global binarization.

The threshold values were determined through various testing. However, the
threshold values do not significantly affect the binarization results if the threshold
values for the range are not changed much. Morphological dilation is applied to the
global prediction map so that the global map can cover all of the text regions because
the resizing process can remove textual components. Lastly, the global binarization
image is incorporated into the local binarization map via the logical and operator
to remove any misclassified noise in the background.

6.4 Experimental Results

6.4.1 Datasets and Evaluation Metrics

To the best of our knowledge, there is no open database for shipping labels because of
the privacy problem of customers. Because of the scarcity of shipping label images,
we generated and collected 5306 and 1092 images of different types and from various
countries using smartphones. Note that we collected real data with the agreement of
the owner, and we plan to release the dataset onto our public website. The dataset
includes images of the shipping labels, the position information of the barcode and
address, and five annotated labels: normal, contaminated, unreadable, handwritten,
and damaged. Five people manually annotated the dataset with specific sorting
criteria. In the case of the “unreadable” class, the receiver’s address is blurred or
distorted, or the resolution is too low to recognize the address. For the “contami-
nated” and handwritten class, the receiver’s address is contaminated, occluded by
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Table 6.1: Manually annotated dataset of the shipping labels
Defect Type # of Images (Generated) # of Images (Collected)

Normal 1283 660
Contaminated 1054 139

Unreadable 904 107
Handwritten 988 52

Damaged 1077 134
Total 5306 1092

pen mark, or handwritten. Finally, a damaged shipping label indicates that the
shipping label is torn or occluded by another shipping label. Detailed information
about the dataset is presented in Table 6.1. To evaluate the text recognition, the
dataset can be separated into two groups: one written in the Latin alphabet and the
other in Korean. In detail, the dataset includes the images of the shipping labels,
the location information of the barcode and the receiver address, and the ground
truth address.

To further evaluate the performance of the proposed input image quality verifi-
cation and image calibration methods, we obtained the shipping label formats from
15 different carrier companies, generated barcodes randomly, and entered random
addresses from seven different countries. The label images were generated in various
sizes using NiceLabel Designer software [195]. To evaluate the proposed method, we
generated contaminated, unreadable, and damaged images using image-processing
methods, and then we generated handwritten labels using Google handwriting fonts
[196]. Finally, there were 5306 generated images for input image quality verifica-
tion. We selected 100 images per class as the test set and conducted a 10-fold
cross-validation procedure for the dataset.

The collected dataset contains only 1092 images and is under a data-imbalanced
condition, while the generated dataset has 5306 images and the number of data
for each class is similar. To improve the performance of the classification on the
collected real dataset, a data augmentation method, such as rotation (90, 180, 270
degrees) and flip, is adopted to extend the data of minority classes. To evaluate
the proposed method using deep neural networks, we conducted a 10-fold cross-
validation procedure for the shipping label dataset.

For quantitative evaluation and comparison with the state-of-the-art algorithms,
we adopted four evaluation metrics, which are used in the image binarization compe-
tition, Document Image Binarization Contest (DIBCO): F-measure (FM), pseudo-
F-measure (p-FM), peak signal-to-noise ratio (PSNR), and the distance reciprocal
distortion (DRD) metric. Additionally, to evaluate the degree to which the proposed
method improves OCR performance on degraded document images, we adopted the
Levenshtein distance [197] expressed in percent. We measured the Levenshtein dis-
tance only for images from the shipping label image dataset, for which the ground
truth is given.
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• F-measure (FM):

FM = 2×Recall × Precision

Recall + Precision
, (6.4)

where Recall = T P
T P +F N , Precision = T P

T P +F P , and TP , FP , and FN denote
the true positive, false positive, and false negative values, respectively.

• Pseudo-F-measure (p-FM):

p− FM = 2× pRecall × Precision

pRecall + Precision
, (6.5)

where pRecall is the percentage of the skeletonized ground truth image [198].

• Peak signal-to-noise ratio (PSNR):

PSNR = 10 log
(

C2

MSE

)
, (6.6)

where MSE =
∑

x=1 M
∑N

y=1(L(x,y)−L′(x,y))2

MN , and C denotes the difference be-
tween text and background. PSNR is a measure of the similarity between two
images.

• Distance reciprocal distortion (DRD) metric:

DRD =
∑

k DRDk

NUBN
, (6.7)

where DRDk is the distortion of the kth flipped pixel, and NUBN is the
number of non-uniform 8× 8 blocks in the ground truth image [199].

• Levenshtein distance expressed in percent (Lev):

Lev(s1, s2) =
(

1− d(s1, s2)
max(|s1|, |s2|)

)
× 100, (6.8)

where d(s1, s2) denotes the Levenshtein distance between two strings s1, s2 (of
length |s1| and |s2|, respectively).

6.4.2 Results
Experimental Results by Input Image Quality Verification

We evaluate the proposed method on the generated dataset in this subsection. Table
6.2 shows the performance of the feature localization by YOLO. The results are the
mean average precision [200] and show mean and standard deviation. The feature
localization on the generated dataset provided a high performance, above 0.98, and
the example images of the detection results are shown in Fig 6.7 (a).
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Table 6.2: Detection accuracy by YOLO
Region mAP (Generated) mAP (Collected)
Address 0.9653 ± 0.1637 0.8907 ± 0.0215
Barcode 0.9976 ± 0.0018 0.9778 ± 0.0065

Total 0.9814 ± 0.0085 0.9343 ± 0.0105

(a) (b)

Figure 6.7: Examples of detected barcode and address areas (a) on generated images
and (b) on the real dataset: red boxes are ground truth, and blue boxes
are detected regions

Table 6.3: Comparison of classification results on the generated real dataset
Methods VGG-19 Accuracy Resnet-50 Accuracy

Only global features 95.98 ± 0.74 % 95.80 ± 0.38 %
Global-local fusion 96.40 ± 0.65% 96.62 ± 0.43%(majority voting)
Global-Local fusion 97.16 ± 0.43 % 97.02 ± 0.77 %(weighted majority voting)

Global-Local fusion (ours) 98.32 ± 0.49% 99.06 ± 0.66%

For the evaluation, VGG-19 and ResNet-50 were used for classification, and we
compared the proposed method by combining the global and local features of the
classification methods with only global features and other ensemble learning meth-
ods, such as majority voting and weighted majority voting. Table 6.3 shows the
classification accuracy compared with respect to the generated dataset. The pro-
posed method with ResNet-50 provided the highest classification accuracy of 98.46
%, which exceeded ResNet-50 with only global features and other ensemble learning
methods by 3.46% and 2.04%, respectively.

We evaluate the proposed method on collected real datasets compared with other
classification models with only global features and other ensemble learning methods.
Compared with the generated dataset, the collected real dataset has more image
types, and it is more difficult to extract local features and classify the input image
quality. Table 6.2 shows the performance of the feature localization by YOLO. The
performance of the feature localization on the collected real images is 0.0471 lesser
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Table 6.4: Comparison of classification results on the collected real dataset
Methods VGG-19 Accuracy Resnet-50 Accuracy

Only global features 85.40 ± 2.43 % 86.00 ± 3.40 %
Global-local fusion 84.67 ± 2.27 % 86.40 ± 2.97 %(majority voting)
Global-Local fusion 85.00 ± 2.68 % 87.60 ± 2.70 %(weighted majority voting)

Global-Local fusion (ours) 87.80 ± 2.13% 89.26 ± 2.70%

than the performance on the generated images. Example images of the detection
results are shown in Fig 6.7 (b).

Because the collected real dataset is under an imbalanced data condition, we select
30 images per class as the test set and conduct a 10-fold cross-validation procedure
for the dataset. Table 6.4 presents the classification accuracy comparison on the
collected real images. It can be observed that ResNet-50 has better performance than
VGGNet-19, and the classification with ensemble learning methods also provided
higher accuracy than the classification with only global features. This result means
that the feature localization method that we proposed improves the classification of
the input image quality. In all the methods in Table 6.4, our method with ResNet-50
achieved the highest classification accuracy of 89.26 %, combining the global and
local features by the stacked generalization method. It improved the classification
accuracy by 3.26 % and 2.86 % compared with ResNet-50 with only global features
and other ensemble learning methods. Unlike other ensemble learning methods,
the proposed method concatenates the global and local features and classifies them
via three fully connected layers while maintaining the global and local features.
However, the classification accuracy on the collected real dataset is lesser than that
on the generated dataset. The collected real dataset has more image types and
more serious defects. Furthermore, unlike the generated dataset, in which an image
is matched one-on-one with a type of defect class, the collected real dataset may have
a case where a single image corresponds to a variety of defect types. For example,
when a damaged image is occluded by a pen mark and acquired with blurred focus,
the image has three types of defects.

Table 6.5 shows the accuracy of each class on the collected real dataset and im-
provement of the classification by the global-local fusion method. Owing to the
detection of address and barcode areas by YOLO, the classification accuracy for the
contaminated class was improved by 6.7%. In addition, the classification accuracy
for the unreadable class was improved by 5.0% by the local features extracted by
the FAST algorithm and by maintaining the original scale.

Experimental Results by Image Calibration

To test how much the text recognition can benefit from the angle calibration, the
dataset is artificially rotated to two cases: 1) randomly rotated within 10 degrees,
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6 Application: Robust Shipping Label Recognition and Validation

Table 6.5: Accuracy of each class on the collected real dataset and comparison with
the proposed method with ResNet-50 with only global features

Class Only global features Global-local fusion (ours)
Normal 93.33 % 95.00 %

Contaminated 78.33 % 85.00 %
Unreadable 83.33 % 88.33 %
Handwritten 98.33 % 98.33 %

Damaged 76.67 % 79.31 %
Total 86.00 % 89.26 %

4. Segmentation 실패예시

(a)

4. Segmentation 실패예시

(b)

Figure 6.8: Examples of detected barcode and address areas (a) by the proposed
method: blue boxes are ground truth and red boxes are detected areas,
(b) by EAST: red boxes are detected addresses and sky blue boxes are
detected texts

2) and within 20 degrees. We compare the results of the segmentation and text
recognition before and after the angle calibration. The proposed method for the
address detection and the text recognition is compared with the automatic text
recognition method [41] using EAST [39]. Even though the method using EAST
only detects the text area, it is known that it gives the best performance for text
detection among the currently available schemes.

Table 6.6 shows the average accuracy results of the barcode and address detection.
YOLO-AC is the proposed method that uses YOLO with the angle calibration,
which is compared to YOLO without the angle calibration and EAST. The three
methods performed similarly on the original dataset and the dataset with minor
rotations. However, the accuracy significantly decreases in the case of the dataset
rotated within 20 degrees. Among the three methods, our method gives the highest
detection accuracy on the dataset with severe rotation errors. The example images
of the detection results by the proposed method are shown in Figure 6.8 (a) and the
example image of the detection results by EAST are shown in Figure 6.8 (b).

After the address area detection, we evaluate the text recognition accuracy with
the cropped address image obtained from three different detection algorithms. Since
the dataset is composed of the two-letter types, the Latin alphabet, and Korean, the
results of the character recognition for the address area are evaluated separately. As
illustrated in Table 6.7 and Figure 6.9, the recognition accuracy after YOLO without
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Table 6.6: Detection accuracy comparison
Total Barcode Address

YOLO
original 96.21% 98.05% 97.18%

10° 95.59% 97.45% 97.17%
20° 84.48% 91.72% 90.00%

EAST
original 92.44% - 92.44%

10° 91.19% - 91.19%
20° 76.58% - 76.58%

YOLO-AC 10° 95.06% 97.93% 96.49 %
20° 91.78% 94.66% 93.62 %

Table 6.7: Address recognition accuracy comparison
Total Alphabet Korean

YOLO
original 89.87% 94.06% 84.56%

10° 39.18% 53.36% 26.45%
20° 26.57% 35.95% 17.32%

EAST
original 87.24% 93.16% 82.29%

10° 73.18% 88.07% 59.90%
20° 66.87% 87.85% 50.42%

YOLO-AC 10° 82.93% 96.27% 71.74 %
20° 83.24% 94.93% 72.63 %

the angle calibration for both Latin alphabet and Korean dramatically decreases as
the rotation angle becomes larger. Similarly, the recognition accuracy on EAST
results also decreases and the accuracy for the Latin alphabet is also lower than
90%. However, the proposed method for the Latin alphabet gives an accuracy of
around 95% even if the images are rotated up to 20 degrees. Our method on Korean
data results in at least 12 percent point higher performance than other methods
but shows a reduced accuracy compared to the Latin alphabet because the innate
performance of the recognition model for Korean provided in Tesseract is low.

Experimental Results by Image Enhancement

The shipping label image dataset contains images of shipping labels with the re-
ceiver’s address area and the ground truth of the addresses and their text regions.
The ground truth is manually masked and can be extracted for validation of the text
recognition. In this subsection, we evaluate the proposed method and the state-of-
the-art methods by the document image binarization metrics and the Levenshtein
distance expressed in percent to measure the extent to which the improved bina-
rization affects the quality of text recognition. For OCR of the text in the shipping
addresses, we utilized Tesseract [168], which recognizes characters based on long
short-term memory (LSTM) [201]. This engine supports a very large database with
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Figure 6.9: Character recognition accuracy for address

Table 6.8: Evaluation of document image binarization on shipping label image
dataset.

Methods FM p-FM PSNR DRD

Otsu [175] 88.31 89.42 14.73 6.17
Niblack [176] 86.61 89.46 13.59 6.61
Sauvola [177] 87.67 89.53 14.18 5.75

Vo [160] 91.20 92.92 16.14 2.20
He [159] 91.09 92.26 16.03 2.33

Zhao [182] 92.09 93.83 16.29 2.37
Ours 94.65 95.94 18.02 1.57

116 different languages. The shipping label image dataset was collected from eight
countries and can be separated into two groups: one of the labels written in the
Latin alphabet and the other in Korean. The results of the OCR for the binarized
address images were evaluated separately for the two language types.

Table 6.8 shows the mean values of the evaluation measures across the five-fold
cross-validation procedure. Even though the shipping label dataset images contain
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6.10: Binarization results of the address image Ger142 from the shipping label
image dataset. (a) original images, (b) the ground truth, (c) Otsu, (d)
Niblack, (e) Sauvola, (f) Vo, (g) He, (h) Zhao, (i) Ours.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6.11: Binarization results of the address image Ger177 from the shipping label
image dataset. (a) original images, (b) the ground truth, (c) Otsu, (d)
Niblack, (e) Sauvola, (f) Vo, (g) He, (h) Zhao, (i) Ours.

colorful backgrounds and contaminants with colors unlike the other datasets, the
proposed method outperformed the other methods in terms of all of the metrics.
Figs. 6.10, 6.11, 6.12, and 6.13 show results of the image binarization and text
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6.12: Binarization results of the address image Kor19 from the shipping label
image dataset. (a) original images, (b) the ground truth, (c) Otsu, (d)
Niblack, (e) Sauvola, (f) Vo, (g) He, (h) Zhao, (i) Ours.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6.13: Binarization results of the address image Kor230 from the shipping label
image dataset. (a) original images, (b) the ground truth, (c) Otsu, (d)
Niblack, (e) Sauvola, (f) Vo, (g) He, (h) Zhao, (i) Ours.

region extraction; it can be seen that the deep-learning-based methods can extract
the text regions from the background regions, in contrast to the traditional bina-
rization methods. The proposed method can remove the colorful backgrounds and
contaminants in the shipping label images, whereas the state-of-the-art methods
handle the color information improperly. Table 6.9 shows the average OCR accu-
racy results using Levenshtein distance expressed in percent. The proposed method
improved the accuracy of the input images by 6.20 percentage points. Moreover,
the proposed method provided the best performance on both the Korean and Latin
alphabet datasets.

To measure the efficiency, the run time on the shipping label image dataset was
computed. Table 6.10 shows the average run time of the different methods on
the shipping label image dataset. The average run time of the deep-learning-based
methods was much greater than that of the traditional image processing methods. Of
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Table 6.9: OCR accuracy comparison in Levenshtein distance in percent on the ship-
ping label image dataset.

Methods Total Korean Alphabet
Input image 77.20 73.86 94.47

Ground Truth 87.62 85.88 96.66
Otsu [175] 74.45 70.72 93.79

Niblack [176] 69.00 66.31 82.94
Sauvola [177] 72.84 68.81 93.73

Vo [160] 77.14 74.69 89.86
He [159] 75.15 72.45 89.13

Zhao [182] 77.33 74.56 91.69
Ours 83.40 81.15 95.09

Table 6.10: Average runtime of different methods on the shipping label image dataset
in milliseconds

Method Runtime
Otsu [175] 1.5

Niblack [176] 350.2
Sauvola [177] 15.1

Vo [160] 139.0
He [159] 856.2

Zhao [182] 131.8
Ours 282.8

the deep-learning-based methods, the proposed method took more time than Vo et
al.’s and Zhao et al.’s methods but was significantly faster than He and Schomaker’s
method.

As the final step, we check the recognized address using Google Maps API to verify
the address. Most of the addresses in the shipping label dataset are valid ones, but
we generated around 10% of the data with invalid addresses. We found that those
invalid addresses are correctly identified as erroneous status. Therefore, the cost,
such as undeliverable situations and returned products, could be reduced as the
proposed method is applied to the inspection machine for logistics or manufacturing
companies.

6.5 Conclusions
In this chapter, robust shipping label verification and recognition algorithms for lo-
gistics by using deep neural networks have been proposed. The proposed system
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comprised three steps: 1) input image quality verification, 2) address and barcode
areas detection with image calibration, 3) address text recognition with image en-
hancement. For the input image quality verification, we have presented an input
image quality verification method using CNNs combining global and local features
for shipping label inspection. We detected and localized the regions of interest us-
ing YOLO and FAST, and we extracted the global and local features using several
independent CNNs. To combine the global and local features, we adopted a stacked
generalization ensemble. Secondly, In order to detect the barcode and address areas
and to calibrate the angular error in a shipping label image, we deployed YOLO
and measured the angular error from the cropped barcode image by using Hough
Transform. Lastly, we have proposed a color document image enhancement and
binarization method using multi-scale adversarial neural networks. The proposed
method focuses on the multi-color degradation problem with its design consisting of
four color-independent networks and combines the local and global binary transfor-
mation networks.

The experimental results showed that the proposed input image quality verifica-
tion method improved the classification accuracy by 3.46% and 3.86%, respectively,
compared with the classification model with only global features, and by 2.04% and
2.86%, respectively, compared with the other ensemble learning method combin-
ing global and local features. The proposed image calibration method improved
the address recognition accuracy by 43 percent point and 59 percent point higher
than YOLO without the angle calibration, and by 8 percentage points and 7 per-
centage points higher than EAST. Furthermore, we evaluated the proposed image
enhancement method on the shipping label image dataset. The experimental results
demonstrated that the proposed method outperformed traditional and state-of-the-
art methods. As the last stage, the recognized address was validated using the
Google Maps API. As the invalid addresses were successfully detected, the cost,
such as undeliverable situations and returned products, could be reduced.

In future work, the proposed method will be applied to a packaging machine with
an industrial camera and will be tested in the logistics industry. For instance, we
can deploy the proposed method for automated shipping address recognition and
validation based on the enhanced image binarization result, which will apply to
the packaging machine and logistics industry. The shipping label image dataset we
evaluated in this study will be published on the website for use in further research
by the computer vision community.
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7 Conclusion
The goal of the dissertation is to improve the performance of the classification under
imbalanced data conditions by using GAN and transfer learning. The proposals were
deployed to fault detection and diagnosis for rotating machinery, and shipping label
recognition and validation for logistics, as real industrial applications. This final
chapter summarizes with an overview and achievements of the dissertation and the
future directions are briefly discussed.

7.1 Summary of Thesis Achievements
In Chapter 3, a novel data augmentation method named CEGAN, which is composed
of three independent networks, was proposed. A novel GAN structure containing a
classifier, that induced the generated data, had more features for classification. The
classifier had the functionality of reducing the impact of noise input and the ambi-
guity between classes. Comprehensive experimental results on various benchmark
datasets demonstrated that the proposed method achieved promising performance
in terms of quantity and quality of data augmentation compared with many classical
and state-of-the-art algorithms.

In Chapter 4, a novel feature generation method using GAN structure to un-
ravel the data imbalanced problem and improve neural network performance was
proposed. In the proposed GAN structure, the feature extractor and the feature
classifier were included to train together with the feature generator and the feature
discriminator. For the generation of meaningful features for the classification of
small-sized target data, transfer learning with regularization and class-wise atten-
tion was adopted. The proposed DFG was evaluated with various pairs of source and
target datasets to show general applicability to classification in the class-imbalanced
conditions. The experimental results showed that the DFG generator enhanced the
augmentation of the label-preserved and diverse features, and the classification re-
sults were significantly improved on the target task. The feature generation model
could contribute greatly to the development of data augmentation methods through
discriminative feature generation and supervised attention methods.

In Chapter 5, a novel feature extraction method to predict the RUL and detect
faults of the bearings and a generative oversampling method for imbalanced data
on bearing FDD was proposed. The proposed approach was comprised of three al-
gorithms: 1) a supervised HS division using CNN for bearing wear, 2) generalized
multiscale feature extraction and RUL prediction method using multiscale GAN,
3) a generative oversampling method to address the data imbalance issue for bear-
ing FDD. The proposed supervised HS division with the combination of NSP and
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CNN-HS effectively distinguished healthy and unhealthy states. Secondly, the novel
multiscale feature extraction method was designed for the HS division and the RUL
prediction. We formulated one-dimensional feature extraction as a principal signal
separation task and introduced the use of U-Net to reconstruct the prognostic fea-
tures for the RUL prediction. The novel domain-invariant generalized solution based
on the GAN scheme was introduced to learn the invariant representation and predict
the RUL. Lastly, the generative oversampling method generated fault images using
DCWGAN-GP to overcome the data imbalance problem. The experimental results
showed that the proposed method improved the classification accuracy could cap-
ture the degrading patterns effectively, and achieved better RUL prediction results
compared to other methods.

In Chapter 6, robust shipping label verification and recognition algorithms for
logistics by using deep neural networks have been proposed. The proposed system
comprised three steps: 1) input image quality verification, 2) address and barcode
areas detection with image calibration, 3) address text recognition with image en-
hancement. For the input image quality verification, we have presented an input
image quality verification method using CNNs combining global and local features
for shipping label inspection. To combine the global and local features, a stacked
generalization ensemble was adopted. Secondly, To detect the barcode and address
areas and to calibrate the angular error in a shipping label image, we deployed YOLO
and measured the angular error from the cropped barcode image by using Hough
Transform. Lastly, we have proposed a color document image enhancement and
binarization method using multi-scale adversarial neural networks. The proposed
method focuses on the multi-color degradation problem with its design consisting of
four color-independent networks and combines the local and global binary transfor-
mation networks. The experimental results showed that the proposed input image
verification system improved the classification accuracy and the proposed image
enhancement method outperformed traditional and state-of-the-art methods. As
the last stage, the recognized address was validated using the Google Maps API.
As the invalid addresses were successfully detected, the cost, such as undeliverable
situations and returned products, could be reduced.

7.2 Future Outlook

In the future, we will extend the proposed method to real-world problems and con-
template further accuracy improvement in the feature generation method. Although
the proposed CEGAN and DFG methods improved the performance of the classifi-
cation under the class-imbalanced conditions on several generally used datasets, we
believe there is room for improvement as a gap still exists between our method and
the balanced condition.

For the bearing fault detection, we plan to develop the fault prediction model with
an attention mechanism and unsupervised transfer learning, because supervised data
with degradation is difficult to collect in real industrial scenarios.
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7.2 Future Outlook

Furthermore, the proposed shipping label recognition system will be applied to
a packaging machine with an industrial camera and will be tested in the logistics
industry. The shipping label image dataset we evaluated in this study will be pub-
lished on the website for use in further research by the computer vision community.
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