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Abstract

Data sets for visual anomaly detection are often stratified such that every stratum or
batch in the data set suffers from imbalance of different magnitude. A common approach to
this detection task is to use supervised inductive learning from labeled or partially labeled
image data to simultaneously solve the task of segmenting the anomaly and classifying
it. Many representations and algorithms for these learning tasks exhibit some preference
(inductive bias) towards balanced data from each class and thus perform better with balanced
data sets than imbalanced. Such representations and algorithms are sensitive to not only the
aggregate degree of class imbalance but its within-stratum variation. This includes learning
representations such as deep learning for intermediate visual features.

Several oversampling-based techniques have been proposed to mitigate the skewness of
the data. However, most of the synthetic oversampling techniques such as Synthetic Mi-
nority Over-sampling Technique (SMOTE) or Adaptive Synthetic Sampling (ADASYN) are
suitable only for the low dimensional data which limits their application in visual anomaly
detection. Recently, deep generative models such as Variational Autoencoders (VAE) or
Generative Adversarial Networks (GAN) have been established as effective approaches to
augment high-dimensional image data. However, the literature lacks a detailed study of the
learning process in a data set augmented to cope with variable imbalance across strata.

We carried out an experiment to analyze the training phase and the final classifier perfor-
mance when the more imbalanced batch is augmented using different approaches to achieve
the same data ratio as the less imbalanced batch. We identified the classification on merged
batches as baseline and compared the performance of the classifier on data sets augmented
by simple oversampling, an adaptation of SMOTE, and a GAN-based generative model.
Our results indicate that the GAN-based augmentation is capable of avoiding overfitting

and leads to better performance.
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Chapter 1

Introduction

1.1 Overview

In the real world, one is often faced with the problem of anomaly detection from image data.
With advances in computational processing of high-dimensional data such as image, visual
anomaly detection tasks become feasible from a computational perspective. However, due to
the infrequent occurrence of anomalous events, data sets available for anomaly detection are
inherently imbalanced. Sometimes these data come in batches from different sources. Due to
variations in provenance, every batch may have a different distribution and commensurate
degree of imbalance.

Nowadays, in visual anomaly detection, it is usual to artificially generate additional
anomalous data to reduce the imbalance. The quality of the new data is dependent on
these data synthesis techniques, which are the central topic of this thesis. Adding new
data generated by different techniques have different effect on the classifier. Thus, data
augmentation techniques, and specifically how learning of the classifier is influenced by the

addition of new synthetic data, are active area of research.



1.2 Motivation

Anomaly detection is the task of identifying unusual items, events or observations which raise
doubts by significantly varying from the majority of the data [55]. As these anomalous data
points can be linked to some sort of problem or abnormal events such as electricity pilferage,
fraudulent transactions, rare diseases, malfunctioning equipment, etc., identification of those
events are of particular interest. Specifically, visual anomaly detection problems also arise in
a broad range of real-life application fields where irregular events such as cracks in bridges or
other constructions, product defects, human or plant disease, irregularities in galaxy images
etc. need to be detected from images [6]. Due to the prevalence of imbalanced data in
various visual anomaly detection, it is worthy to explore the effective imbalanced learning
methods.

Our main motivation came from a project of the Kansas State University Laboratory
for Knowledge Discovery in Databases (KSU KDD Lab) which is titled as “Detecting dam-
aged insulator from electric tower images using deep learning” and sponsored by Black &
Veatch. Inc [23]. In this project we were required to classify damaged and undamaged insu-
lator from tower images. Data was collected from different lines by a KDD Lab affiliate at
Kansas State University Polytechnic using remote-piloted unmanned aerial systems (UAS),
or drones. Furthermore, due to the variability of weather and maintenance facilities the lines
had different ratios of damaged and undamaged insulators. There was a scarcity of damaged
insulator images in some lines which made the classification task more critical. Our ultimate
target was to increase the classifier performance over all samples available. However, these

raised the following four questions:

e How we can address the variability of both classes in different lines?

Does this variation of imbalance across batches really matter?

Is there any problem if we simply merge all the batches to get a single data set?

If we want to balance every batches how could that be achieved? Which balance ratio

we should try to achieve?



The simplest approach to identify irregularities in data is to flag the data points that
deviate from common statistical properties of a distribution. Popular machine learning-based
techniques for anomaly detections are decision trees, k-nearest neighbors (k-NN), k-means
clustering, and support vector machine (SVM)-based clustering. However, in the presence of
imbalance data these algorithms tend to treat minority samples as noise and hence produce
a strong bias towards the majority class. Skewed distributions also lead to failure in learning
the true distribution of the minority class owing to lack of enough representative.

Two types of approaches were proposed by the researchers to improve the classification
performance of imbalanced data sets. One approach is to hit the problem from algorithmic
perspective, and another is to look at the problem from data level. In the first approach,
the classifier itself is altered at the algorithm level to bias towards the minority class, while
keeping the original data unchanged. For example: cost-sensitive learning and recognition-
based learning [31]. Cost sensitive learning puts emphasis to the cost of different kinds of
misclassification. The aim of this type of learning is to limit the total cost at minimum level
[38]. At data level, oversampling and under-sampling techniques are applied to create or
delete samples to accomplish a balanced data distribution. We are particularly interested at

the data level techniques.

1.3 Problem Statement

A very naive approach to achieve certain balance in a data set is to simply oversample the
data point of minority class. However, this does not help much to learn the underrepresented
features from minority class. Thus, how can we create new but different samples representing
that minority class is one of the main questions to answer in case of addressing class im-
balance. When dealing with imbalanced data, the classic synthetic oversampling techniques
accomplished the state-of-the-art performance. However, these methods are solely designed
for low dimensional feature space. Therefore, difficult to adapt with high-dimensional data
samples, including images. Recent deep generative models such as VAE and GAN have

already gained success in generating a variety of complex data, such as handwritten digits,



faces, road signs, bedroom scenes, and CIFAR images. However, there is a lack of literature
comparing the common old oversampling-based techniques with most recent GAN-based

techniques.

1.4 Objectives and Significance of the Thesis

1.4.1 Objectives

The complexity of the visual anomaly detection problems increases with the increase in vari-
ation of imbalance among batches and also with the increase in the skewness of data within
batches. Data augmentation-based techniques are becoming more popular in solving visual
anomaly detection problems. Thus, our thesis objective is to evaluate data augmentation
techniques with respect to image quality, training time metrics, and test accuracy of the
classifier trained on the augmented data set. Choosing appropriate data generation policy,
balancing the data in imbalanced batches, and ensuring accurate prediction of anomalous
class are the main focus. We also intend to study the behavior of different evaluation pa-
rameters like training accuracy, training loss, validation accuracy, validation loss etc. during

the training process and their effect on final classification accuracy.

1.4.2 Significance

In this thesis, we compared data generation policy from different category and discussed in
detail about how to merge batches in case of variation of class imbalance. We have done
extensive experiments in accordance with our selected models and methods. In addition, we
do not have any study which reveals the progression of loss function and accuracy of training
and validation set during training in the above-mentioned scenario. However, this informa-
tion can greatly help to understand the learning process particularly to validate underfitting
and overfitting as well as to get an idea of bias-variance trade-off and generalization error.

Therefore, we also analyzed the training time metrics.



Chapter 2

Background

2.1 Random Sampling

Among data enhancement based approaches, the very obvious choice to overcome class im-
balance is to repeat same data multiple times. Studies have shown that an improved overall
performance have been achieved with a balanced data compared with an imbalanced one
for several base classifiers [10] [32]. To achieve a better balance in data two types of sam-
pling can be done. One is to oversampling the instance of minority class and another is to
under-sampling the majority class.

While oversampling methods adjust the data set by expanding the quantity of minority
samples, undersampling methods try to remove some majority samples to keep balance
[28]. Random oversampling increase the number of minority samples through arbitrarily
replicating existing minority samples. Random oversampling is capable of improving the
overall performance of learning process to some degree. However, it fails to provide any
extra information to the training set. Moreover, random oversampling method has the
risk of overfitting of machine learning models. In comparison to random oversampling,
random undersampling methods may remove some important training information which
may negatively affect the learning process [4]. Fig. 2.1 [51] and Fig. 2.2 [36] depicts the

concept of random oversampling and undersampling respectively.
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Figure 2.1: Random Oversampling (Zhang, 2018) [51]
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Figure 2.2: Random Undersampling (Lemaitre, 2016) [36]

2.2 Synthetic Minority Over Sampling Technique

When one class in the training set dominates the other, synthetic oversampling methods
generate new data samples to restore balance in the data set. In this way, better learning
performance is also achieved. Synthetic minority over sampling technique (SMOTE) is one

of the most popular oversampling methods for dealing with imbalance data set. The aim of



SMOTE is to over-sample the minority class by creating “synthetic” data based on original

samples rather than adding replicated data to the minority group [5].

Majority class samples

@ Minority class samples

@ Synthetic samples

Figure 2.3: Synthetic data generation in SMOTE (Hu & Li, 2013) [24]

The SMOTE process is illustrated in Fig. 2.3 [24]. In contrast to random oversampling,
SMOTE expands the minority samples in a way that benefits the learning process and it also
minimize the overfitting problem to some degree. However, SMOTE still have to overcome
various disadvantages such as generalization and variance issues [21].

The oversampling is done by taking each minority class sample and introducing corre-
sponding synthetic examples. To generate synthetic samples, SMOTE focuses on the sim-
ilarities among existing minority instances. For specific feature sample z; in a feature set
S, SMOTE find the K-nearest neighbors of x; in the feature space. One of these K-nearest
neighbors of x; is randomly chosen to generate a synthetic sample and the euclidean distance

between the feature vector and random neighbor is calculated, then multiplied by a random



number between 0 and 1. The result is added to the original feature vector [7].

Tpew = T + (T — ;) % 0 (2.1)

Going one step ahead from general SMOTE, Han et al. proposed borderline-SMOTE
methods to generate synthetic samples on the borderline between two classes. On the other
hand, SMOTE generates new synthetic samples along the line between the minority example
and its selected nearest neighbors irrespective of their position in feature space. As the
samples lying on the border are crucial to learn the class boundary, borderline-SMOTE
outperform general SMOTE.

Suppose the whole training set is T, the minority class set is P and the majority class
set is N. Set P has pn number of samples and set N has nn number of samples. In
borderline-SMOTE1, for every member of set P, m nearest neighbors are calculated from
the training set T'. m/ denotes the number of majority sample among the m nearest neighbor
where 0 < m/ < m. If all the m nearest neighbors of a minority sample are majority samples
that means m/ = m, then it can be considered as noise and discarded from the process of
synthetics sample generation. If most of the m nearest neighbors are majority sample such
as m/2 < m/ < m then this minority sample is a crucial example for classification as it can
easily be misclassified. These crucial points are stored in a set called DANGER. Consider
the element of DANGER set as p;. Now for every p;, k-nearest neighbors are calculated
from set P. Depending on the number of synthetic data needs to be generated, s number
of neighbors are randomly selected for every p;. Finally the differences dif; between p; and
its s nearest member should be calculated. Then s new samples can be generated using the

following formula.

synthetic; =p; +r; xdif;,7=1,2,...,s (2.2)

where r; is a random number between 0 and 1. The following figures illustrate the selection

of candidate minority sample for new synthetic data generation in borderline-SMOTEL.
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Figure 2.4: Candidate Selection and Synthetic data generation in borderline-SMOTE1 (Han,
Wang, & Mao et al., 2005) [19]

Besides generating synthetic samples that lie between the element of DANGER set and
their nearest neighbors from set P, borderline-SMOTE2 creates new samples from nearest
majority samples from set N. However, this time the value of r; is selected randomly between

0 and 0.5 which ensures new generated samples are closer to the minority class.

2.3 Adaptive Synthetic Sampling

Adaptive Synthetic Sampling (ADASYN) incorporates an adaptive strategy to generate new
data. When new data is going to be generated around minority class samples, ADASYN
apply a weighted distribution for different minority class samples according to their level of
difficulty in learning [20]. The key concept behind this is to generate more synthetic data
for minority class samples that are harder to learn compared to those minority samples that
are easier to learn. Difficulty of learning is determined by the number of majority class
neighbors in the K-nearest neighbor. More majority class neighbor means more difficult
to learn because it can be easily misclassified as majority class. Besides, reducing the bias
introduced by the class imbalance ADASYN helps greatly to learn the decision boundary
in the critical regions by adaptively shifting the classification decision boundary toward the

difficult examples. The data generation policy is illustrated in Fig. 2.5 [35].
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Figure 2.5: Synthetic data generation using ADASYN (Lemaitre, 2016) [35]

To understand the details of the procedure of ADASYN, consider the training data set
T with m samples where the number of minority class samples is m,; and the number of
majority class samples is m;. Therefore, we have my, < m; and my+ m; = m. Therefore, the
degree of class imbalance will be

d=mg/m

where d € (0,1]. ADASYN generates new data if the degree of class imbalance is less than a
preset threshold, d;;, denoting the maximum tolerated degree of class imbalance ratio. Thus,
ADASYN allows data generation if

d < dy

Synthetic data generation procedure of ADASYN can be described as follows:

1. The first step is to determine the number of synthetic samples required to generate for
the minority class to achieve a certain level of balance. If GG is the number of synthetic

samples we want to generate then

G =(my—mg) X[

where 3 € [0, 1]. The parameter  denotes the target balance level after synthetic data

generation. When 8 = 1 means we want to make a fully balanced data set by making

10



my and m, equal.

. The next step is to find the K nearest neighbor for every sample x; belongs to the
minority class according to the Euclidean distance in n dimensional space. Determine

the ratio «; as follows:

oy = 5Z/K,Z — 1, U

where ¢; represents the number of majority class samples found in the K nearest

neighbor, therefore «; € [0, 1].

. Normalize o; as follows to make ¢; a density distribution ), a; = 1:
ms

di = Oéz'/ Z (67
i=1

. In ADASYN the number of samples generated from a minority class instance will be
different. Therefore, the next step is to determine that number for every minority
sample z;:

~

9i=a; xG

where G is the same number defined in step 1 as the total number of synthetic sample

we want to synthesize.

. To generate g; samples for every x; belongs to the minority class ADASYN uses the
same steps as SMOTE.
Do the LOOP for 1 to g;:

(a) Randomly select one minority sample, x,;, from the K-nearest neighbors for sam-

ple z;.

(b) Generate new sample:

Si =X + (T — ) X A

where A is a random number between [0, 1] and (x,; — 2;) is the difference vector.

11



End LOOP

2.4 Variational Autoencoder

VAE is one of the most popular deep generative model to learn the complicated multi-
dimensional data distribution such as images. It uses neural networks as function approx-
imator and learns in an unsupervised fashion [9]. It can be considered as a probabilistic
graphical model based on Bayesian inference where the model aims to learn the underlying
probability distribution of the training data so that it can sample new data from that learned
distribution. One of the important benefit of VAE is that it makes weak assumption on the
data while the traditional generative models either require strong assumptions about the

structure of the data or rely on computationally expensive inference procedures.

—> Encoder Decoder — 2_

Original
input ?ﬁ;ﬁgstructed

Compressed
representation

Figure 2.6: Vanilla Autoencoder Architecture (Chollet, 2016) [7]

VAE is an improved version of the vanilla autoencoder. An autoencoder network is ba-
sically a pair of two connected networks, an encoder and a decoder. An encoder network
takes in an input, and converts it into a smaller, dense representation, which the decoder
network can use to convert it back to the original input. The encoder produces an encoding
that means a much smaller representation of the original data that contains enough infor-
mation to characterize the data in hand. Generally, the encoder is trained together with

additional parts of the network to produce encoding specifically useful for the required task.

12



The optimization during training is achieved using back-propagation. Encoding is nothing
but a feature extraction process. Thus, it has a wide range of usage in CNN-based classifiers
where nearly a couple of hundreds dimensional encoding are extracted from given input so
that theyre particularly useful for classification. Encoder is bound to discard information as
the encoding has far less dimension than the input. However, in the limited encoding the
encoder tries to preserve as much of the relevant information as possible, and intelligently
discard irrelevant portions. Autoencoders use encoder to generate encodings that are specif-
ically useful for reconstruction of the input. The decoder takes the encoding as input and
learns to properly reconstruct a full image just from that encoding. Together the encoder
and the decoder form an autoencoder. The entire network - combination of encoder and
decoder- is usually trained as a whole. The loss function is usually either the mean-squared
error or cross-entropy between the output and the input, known as the reconstruction loss.
As it is evident from the name, reconstruction loss penalizes the network for constructing

outputs different from the input.

Only reconstruction loss Only KL divergence Combination

Figure 2.7: Visualization of encoding after training an autoencoder on the MNIST dataset
(Shafkat, 2018) [42]

Formal assumption is that the original training data is generated from a low-dimensional

latent representation which we called latent variable. These latent variables can hold mean-

13



ingful information about the output that model needs to generate. Problem with autoencoder
is that the latent space where the encoded vectors lie may not be continuous. For example,
the visualization of the encoding of MNIST data set in a 2D latent space shows that the
encoding form distinct clusters [42]. Distinct encoding cluster for every class makes it easier
to the decoder to reconstruct the actual image. This is particularly useful when the target
is to replicate only the existing images. However, VAE fails when the target is to generate
variation of images from random samples of a continuous latent space. This happens due the
lack of knowledge about the specific latent space from where the latent variable is sampled.

From probabilistic perspective, VAE model defines a joint probability distribution over

data z and latent variable z as

p(x,2) = p( | 2)p(2)

where the latent variables are drawn from a prior p(z) and the data z have a likelihood
p(z | z) that is conditioned on latent variables z. Therefore, it can be considered as a
decomposition of likelihood and prior. Under this generative process, aim is to maximize the

probability of each data in x which is given as

plx) = / p(a | 2)p(z)dz (2.3)

According to Eq. 2.3, we need to find the distribution of latent variables and how to inte-
grate Eq. 2.3 over all the dimensions of z. The integration needs to be carried over all the
dimensions of z and is therefore intractable. The way out is to approximately maximize
P(z) in equation 2.1. To do that P(z) is infer using P(z|z) which is not known. P(z|z)
is inferred using variational inference. P(z|x) is modeled using simpler distribution Q(z|z)
which is easy to find and the difference between P(z|z) and Q(z|r) is minimized using

Kull-backLeibler(KL) divergence metric approach so that our hypothesis is close to the true

14



distribution. Then, the marginal likelihood of each sample in x can be written as
logP(z) = Dir(Q(z | ) [| P(2 | 2)) + EenqllogP(x | 2) — logQ(z | x)] (2.4)

The second term in Eq. 2.4 is the variational lower bound on the marginal likelihood of

sample x. Eq. 2.4 can be rewritten as
logP(r) = Dk(Q(z | 2) [| P(z | )) = =Drr(Q(z | 2) || P(2)) + EungllogP(x | 2)] (2.5)

In this equation our target is to maximize the left hand side and the right hand side
is convenient for optimization using gradient descent. Intuitively we are maximizing the
marginal likelihood log P(z) and minimizing the KL divergence between approximate poste-
rior and the prior distribution. The approximate posterior is often chosen as a multivariate

Gaussian with parameters p(x) and Y (z) [47]. Fig. 2.8 shows a VAE architecture [42].

Define
latent state
distributions
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Figure 2.8: VAE Architecture (Shatkat, 2018) [42]
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2.5 Generative Adversarial Network

In recent years, Generative Adversarial Network (GAN) proposed by Goodfellow et al. has
brought an breakthrough in the generative model domain [17]. Like other generative model
GAN also tries to learn the underlying distribution of the training data. A GAN is a
combination of two networks: a generator network G and a discriminator network D. G
generates new data instances by acquiring the knowledge of data distribution. Network D
distinguish the real images from generated images. That means if an instance from true
data set is presented to the discriminator, it has to recognize the instance as real and if
an instance from fake or generated set is presented it has to recognize the instance as fake.

Fig. 2.9 illustrates the basic structure of a GAN [45].

Training set Discriminator

- {Fa ke

N\

—
—»

Random
noise

— 7

Fake image

Generator

Figure 2.9: GAN Architecture (Silva, 2017) [45]

Thus, the steps a GAN takes can be described as follows without delving into the under-

lying mathematics (for which the interested reader is referred to [17]):

e The generator takes a random vector and return an image.

e The generated image is fed into the discriminator along with real images from true

data set.

16



e The discriminator takes in both real and fake images and returns prediction as prob-
abilities where 1 represents the image is from true set and 0 represents the image is

from generated set.

Formally, the distribution of the generator Py over data = is modeled as a differentiable
function G(z;6,). The function G(z;0,) can be approximated by a neural network with
parameters 6, where the input is noise vector z. The discriminator function D(x;6,) is a
function of sample x and outputs a single scalar representing the probability that x came
from the real data distribution Pj., rather than Pg. The function D(z;6,) can also be
implemented by a neural network with parameters ;. The ultimate training target of GAN
is to learn a generator distribution Pg(z) that matches with Pyua(x) [16].

A double feedback loop controls the training of the two network. Network D is in a feed-
back loop with the true data while the generator is in a feedback loop with the discriminator.

The objective function of the GAN is defined as

m(%n max V(D,G) =Eysup,, [logD(x)] + Epnoise[log(1 — D(G(z)))] (2.6)

During training, the discriminator tries to make D(G(z)) equal to 0 and D(x) equal to
1 which will maximize the associated probability of making correct decision by the discrim-
inator. At the same time, the generator tries to make D(G(z)) equal to 1 to maximize the
probability of discriminator making a mistake. Thus, essentially it is a mini-max two player
game where both networks are trying to optimize a different and opposing objective function
[17]. Also it is an example of an actor-critic model.

If the training process proceed batch wise and the batch size is m, then the parameters

of the discriminator network need to be updated by ascending its stochastic gradient:

m

Vo, S liogD(?) + log(1 ~ D(G(=0)) (2.7

i=1

The generator parameters need to be updated by descending its stochastic gradient:
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m

Vo, > llog(1 ~ D(G())] (2.9

i=1

During training one network tries to maximize some loss while the other tries to mini-
mize the loss. As two networks try to optimize opposing functions, it is preferred to train
against a static adversary. Therefore, while training the discriminator the generator values
should be held constant; and while training the generator the discriminator value should be
held constant. This provides a better read on the gradient that expresses the generator’s
preferences (utility and rewards). Also, at the start of the game, when the generator has not
learned anything, the gradient is usually very small. Thus, pre-training the discriminator on
true data before training the generator establishes a clearer gradient.

Another aspect that is important in GAN training is to set the learning rate of the
two network such that both networks exhibit same skill level. Otherwise if the generator
becomes too good, it will persistently exploit weaknesses in the discriminator that lead to
false negatives. If the discriminator is too good, it will return values so close to 0 or 1 that
the generator will struggle to read the gradient.

Recent GANs incorporate deep convolutional neural network architecture for both the
generator and the discriminator, which has led to outstanding performance. Here are some

examples of faces generated by DCGAN in Fig. 2.10 [41].
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Figure 2.10: Images generated by DCGAN (Radford, Metz & Chintala et al., 2016) [41]
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Chapter 3

Related Research

3.1 Previous Work On Data Sets Grouped in Batches

There are several existing approaches to reduce the negative effect when the data set is
divided into batches. When there is available information about every batch, per batch
characteristics are used to feature engineer. In case of lack of information about the batches,
literature prefers to apply normalization techniques at the feature level to take benefit from
every batch while avoiding bias towards any particular batch. When every batch has a
balance, it is easier, at the same time fruitful to merge all of them.

In the SKICAT system [14], sky images were grouped into batches. Each set of images
came from a single large digitized photographic plates. Therefore, every batch had different
source plate from where the image regions were selected. The task was to classify the detected
objects as stars, galaxies, or instrumental artifacts in sky images. Image processing routines
were used to identify sky objects and to extract a set of basic features for each object. After
that normalization was applied to some of the original features to reduce the effect of batch
wise distribution of features.

Another approach to handle the batch issue is to view the individual batches in the
training set as coming from a different context and use a context-sensitive learning algorithm

[46] [49].
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Kubat et al. also tried to address variation in batches where they had 9 different batches
of oil spill images [30]. The images all come from the same satellite and the same general
geographical location (strait of Juan de Fuca between Vancouver Island and the northern
tip of Washington state) but the times when they were obtained are different thus one
can expect that the images contain oil spills of different origin and of different types. The
particular method they used is leave one batch out (LOBO). This is essentially the same as
the traditional leave one out methodology except that one whole batch is left out on each
iteration rather than just one example. There are also several approaches such as those of
Burl et al. (1998) [3], Ezawa et al. (1996) [11], and Fawcett & Provost (1997) [13] that

applied separation of batches used for training from those for testing.

3.2 Previous Work On Class Imbalance

The issue of class imbalance can be tackled on the level of the classifier. In such case, the
learning algorithms are modified, e.g. by introducing different weights to misclassification of
examples from different classes [52] or explicitly adjusting prior class probabilities [33]. As
discussed in Section 1.2, we are not particularly interested in algorithm level solutions, rather
our aim is to work with the data level methods that operate on training set and change its
class distribution.

At the data level the most straightforward and common approach is the use of sampling
methods. The basic version of it is called random minority oversampling, which simply repli-
cates randomly selected samples from minority classes. It has been shown that oversampling
is effective and robust [37], yet it can lead to over-fitting [5][48]. In case of image data set
there is also some variation of random oversampling which replicates random images adding
slight variations such as rotation, translation, blur, center cropping, contrast, sharpening
etc. This strategy has been used for a while in a wide range of applications like plant leave
classification [50], concealed cargo inspection [26], human disease detection [27].

A more advanced sampling method that aims to overcome this issue is SMOTE [5]. It

augments artificial examples created by interpolating neighboring data points. Some ex-
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tensions of this technique were proposed, for example focusing only on examples near the
boundary between classes [19]. Another type of oversampling approach uses data prepro-
cessing to perform more informed oversampling. DataBoost-IM, on the other hand, identifies
difficult examples with boosting preprocessing and uses them to generate synthetic data [18].
ADASYN tries to sample more new data around difficult sample than simple minority sam-
ples [20]. Cluster-based oversampling first clusters the data set and then oversamples each
cluster separately [29]. This way it reduces both between-class and within-class imbalance.
An oversampling approach specific to neural networks optimized with stochastic gradient
descent is class-aware sampling [43]. The main idea is to ensure uniform class distribution
of each mini-batch and control the selection of examples from each class.

In 2014, Goodfellow et al. proposed generative adversarial networks (GAN) to generate
high-dimensional data like images [17]. After its successful appearance, in the last couple
of years a good number of different architectures were proposed for different type of image
generation. They have already been used in generation of medical images [15][44], acoustic
scenes [40], plant leaves [54] etc.

In recent years, some GANs have been proposed specifically to reduce class imbalance.
Radford et al. (2016) [41] proposed and evaluated a set of constraints on the architectural
topology of Convolutional GANs that make them stable to train in most settings. They
named this class of architectures Deep Convolutional GANs (DCGAN). Zhu et al. (2017)
[53] proposed CycleGAN which aims to create images with some particular emotions because
in emotion classification some classes of emotions like disgusted are relatively rare comparing
to other labels like happy or sad. Fanny & Cenggoro (2018) [12] proposed class expert
generative adversarial network (CE-GAN) as the solution for imbalance data classification.
They combined class specific data generation as an early step of a classifier where the classifier
can be trained end-to-end given the imbalance data set. Data Augmentation Generative
Adversarial Network (DAGAN) does not depend on the classes themselves and it can be
applied to generate novel unseen classes of data [1]. As a result, DAGAN outperforms
general GANs in the fewshot learning scenario. Mariani et al. tried to couple autoencoding

and GAN [39]. Here the generative model learns useful features from majority classes and
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uses these to generate images for minority classes. They applied class conditioning in the
latent space to drive the generation process towards a target class. The generator in the
GAN is initialized with the decoder of an autoencoder that enables to learn an close class
conditioning in the latent space and to start the adversarial training from a more stable
point helping to mitigate convergence problems arising with traditional GANs.

All the previous work generally compared their works with baseline or other works of
the same category. For instance, oversampling-based techniques have been compared with
other oversampling-based techniques while generative models are evaluated based on whether
they can outperform the vanilla classifier trained on data set without augmentation. Until
recently, there was no literature comparing the common old oversampling-based techniques
with most recent GAN-based techniques. Zhang (2018) [51] attempted to compare sampling
techniques with generative models with their proposed Extended Nearest Neighbor (ENN)
based selection process to add the most relevant samples to the original imbalanced database.
However, the study lacks in depth analysis of the training phase, encountered with sampling

techniques and generative models.
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Chapter 4

Methodology

4.1 Addressing Batchwise Class Imbalance

The first issue in our problem formulation is how to learn and experiment with batched
examples. The critical feature is that, examples are naturally grouped in batches. Whenever
data is collected in batches there is a possibility that the batches systematically differ from
one another or that there is a much greater similarity of examples within a batch than
between batches. The classier will be learned from one set of images and it will be applied
on images that were not part of this set.

Among the approaches described in Section 3.1 normalization of features will not works
best standing in the era of deep learning, where we do not do any hand engineering on
features rather we learn them using deep convolutional neural networks. Also, context-
sensitive learning does not fit perfectly as in most of the cases we are not aware of the
context. Specially when there is a scarcity of the data or imbalance, even simple contextual
techniques will not be successful. We do not always know what are the contextual parameters.
Even when we know that in reality there is a contextual variable that influences the classifier
e.g. the amount of lightening in a area, which can have impact on both case of the insulator
texture or plant leaf texture, often we have no way to compute the value of this variable.

Therefore, we decided not to pursue context-sensitive learning.
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An alternative approach is to combine all the examples into one large data set in the hope
that the learning algorithm will be able to detect systematic differences between batches and
react by creating a disjunctive definition with a disjunct say for each batch. However, if the
individual batches have a relatively small number of positive examples such a system will be
prone to the problem of small disjuncts. Moreover, the batches that have many examples
will dominate those that have few examples and also true for the within batch ratios.

We have to model both the within batch characteristics and the across batch character-
istics. Also we simply do not have enough data or batches to do this with any certainty.
Therefore, to make sure that our learning algorithm is not bias to any particular batch the
best approach will be to make all the batches to have same level of balance and then merge
all the batches to build a large data set. Thus our work will follow this approach.

The next thing that we need to decide is what will be that 'same level’ of balance.
While little systematic analysis of imbalance and methods to deal with are available for deep
learning, researchers employ some methods that might be addressing the problem likely
based on intuition. That is why we will take a qualitative approach rather than quantitative
approach. Every variation of imbalance in every batch is natural. Therefore, we can select
the highest ratio present in our observed reality as an standard for the more imbalanced set

unless the highest ratio is too imbalance.

4.2 Selection of Data Augmentation Techniques

As a certain level of balance has to be achieved, we need to find a better way to augment
data. Based on our review of the literature, the method most commonly applied in deep
learning is oversampling. However, we have identified three overall category for augmentation
- random oversampling, synthetic oversampling, and generative models. In our experiment
we wished to select one method from each of the category to come to a final judgment at
the end. To this end, we selected random oversampling, SMOTE, and GAN. As synthetic
oversampling-based approaches are not easily applicable to higher dimension of data we will

take some measure to use it for image data.
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4.2.1 Random Oversampling

The Random oversampling method operates by replicating the randomly selected set of
examples from the minority class, so that the majority class does not have overbearing
presence during the training process. We chose random image every time from the original
data set until we reach the required number of images to achieve the desired balance. I used

the RandomOverSampler from the imbalanced-learn package of scikit-learn [34].

4.2.2 Adaptation of SMOTE

SMOTE algorithm creates artificial data based on the feature space similarities between
existing minority class by introducing non-replicated minority class. It has been noted that
although SMOTE seems to work well with low dimensional data, the effectiveness in the case
of high-dimensional data is less impressive. This is due to the fact that SMOTE is not able
to manage the bias in the majority class for the classifier where the data is high-dimensional.

Also in the deep learning setting where we learn the feature vector of an image data
inside the classifier, this method is not particularly suitable. Even if we can extract the
feature vector by any means from the image data and find the feature vector for a synthetic
image using SMOTE, how can we construct the image from that feature vector without help
of any generative model?

One way to circumvent this issue is to use the whole image as its feature vector. Thus,
if the width of the image is w pixel, height of the image is h pixel, and there is 3 channels,
then the size of the feature vector will be ¢ x w x h. From here in the text, when we will

mention SMOTE that will denote this particular adaptation of SMOTE.

4.2.3 Wasserstein GAN

As there is a good number of available GAN models, it is hard to choose one. In 2017,
Arjovsky et al. introduced a form of GAN called Wasserstein-GAN, WGAN in short, an
alternative to traditional GAN training [2]. This new model can improve the stability of

learning, get rid of problems like mode collapse, and provide meaningful learning curves. In
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their work, they concentrate on the various ways to measure how close the model distribu-
tion and the real distribution are, or equivalently, on the various ways to define a distance
or divergence p(Py, P,). The most fundamental difference between such distances is their
impact on the convergence of sequences of probability distributions. WGAN minimizes a
reasonable and efficient approximation of the Earth Mover (EM) distance which they named
Wasserstein-1. Training WGANs does not require maintaining a careful balance in training
of the discriminator and the generator, and does not require a careful design of the network
architecture either.

In WGAN, they incorporated DCGAN with their Wasserstein-1 loss function. DCGAN
is one of the best Deep Convolutional Generative Adversarial Network [41]. It takes as input
100 random numbers drawn from a uniform distribution and outputs an image of desired
shape. The network consists of many convolutional, deconvolutional and fully connected
layers. The network uses many deconvolutional layers to map the input noise to the desired
output image. Batch Normalization is used to stabilize the training of the network. ReLU
activation is used in generator for all layers except the output layer which uses tanh layer
and Leaky ReL.U is used for all layers in the Discriminator. Fig. 4.1 and Fig. 4.2 represent

the DCGAN discriminator and generator network respectively [41].
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Figure 4.1: Architechture of DCGAN Discriminator (Radford, Metz & Chintala et al., 2016)
[41]
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Figure 4.2: Architechture of DCGAN Generator (Radford, Metz & Chintala et al., 2016)
[41]

4.3 Experimental Design

We designed experiments to evaluate the performance of our selected algorithms. We com-
pared every result to the results of the baseline approach and to other selected approaches.

We also performed an qualitative analysis on the image generated.

4.3.1 Data Set Selection

We tried to choose a data set that is analogous to the task of classifying damaged and
undamaged insulator. In the insulator images, the task is to identify damaged insulator
which has discoloration in the texture due to lightening or other effects. Fig. 4.3 shows a
sample of electric tower image. From the image we need to isolate the insulators first to
apply any classifier which adds an extra layer of difficulty not relevant to our main goal.
Keeping similarity with the insulator identification task, we picked up the detection task
of infected tomato plant leaves. We selected the disease Mosaic Virus because it causes

a damage similar to discoloration. Infected leaves have a yellowish texture on the original
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green color. The PlantVillage data set exhibits imbalance across mosaic virus classes [25].

Figure 4.3: Example image from damaged insulator detection task (T. D. Witt, personal
communication, 2019)

4.3.2 Data Set Preparation

In our tomato plant data set we have total 1590 healthy leaves and 370 infected leaves.
Therefore, we considered healthy leaves as majority class and infected leaves as minority
class. We artificially created two batches of same size having different level of imbalance.
The more imbalance data set has approximately 5% infected leaves and 95% healthy leaves

while the less imbalance batch has 33% infected leaves and 67% healthy leaves.

Table 4.1: Number of images in each batch

Healthy | Infected | Total
More Balanced Set 660 320 980
Imbalanced Set 930 50 980
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No preprocessing was required as the data is already clean. All the leaf images were
captured against a similar grayish background. Fig. 4.4 presents some samples from both

classes.

(a) Healthy Leaves (b) Infected Leaves

Figure 4.4: Examples of healthy and infected leaves (Hughes & Salathe, 2015) [25]

We used 20% of the data for testing. Also rest of the data was divided again into 80:20
ratio for training and validation set respectively. During cross-validation each division of

data maintained the ratio mentioned in Table 4.1 for every batch.

4.3.3 Classifier Network

What type of classier should we use is one of the crucial decision to make. In a traditional
classification task, a logistic regression works well when the data is linearly separable but fails
to understand the non-linear relationship. SVM employs kernel tricks and maximal margin
concepts to perform better in non-linear and high-dimensional tasks. Even a powerful SVM
model, most of the times, benefit from the proper feature selection and feature extraction
techniques. A single layer perceptron did not perform up to the expectations as it could only
capture limited linear patterns, stacking two or more neural layers improved the performance

significantly. A Convolutional Neural Network (CNN, or ConvNet) are a special kind of
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multi-layer neural networks, designed to recognize visual patterns directly from pixel images
with minimal preprocessing. Nowadays, for image classification and object recognition tasks,
CNN-based approaches gained much popularity than any other approaches.

The ImageNet project, a large visual database designed for use in visual object recogni-
tion, runs an annual software contest, the ImageNet Large Scale Visual Recognition Chal-
lenge (ILSVRC), where proposed approaches compete to correctly classify and detect objects
and scenes. According to the result of the ILSVRC, ResNet model outperforms all the ex-

isting models.

Table 4.2: Comparisons of top architectures from ILSVRC

Architecture | Num of Parameters | Top-1 Accuracy | Top-5 Accuracy | Year
AlexNet 61M 57.1 80.2 2012
VGG 138M 70.5 91.2 2013
Inception-V1 ™ 69.8 89.3 2013
ResNet-50 25.5M 75.2 93 2015

ResNet incorporates residual module, as depicted in Fig. 4.5 which allows training of very
deep networks without vanishing gradient and degradation problem [22]. It also features
heavy batch normalization. ResNet were able to train a NN with even 152 layers while still
having lower complexity than VGGNet. For our problem we have chosen ResNet50. This
variant of ResNet has 50 layers. It achieves a top-5 error rate of 3.57%. Fig. 4.6 shows the
details of the ResNet Architecture [§].

4.3.4 Experimental Setup

In K-fold cross-validation technique the data set is randomly divided into k subsets. The
model is trained with k-1 subsets and tested on the remaining 1 subset. This process is
repeated k number of times each time considering a different subset for testing. We used

5-fold cross-validation in our experiment.
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Figure 4.6: ResNet Architecture (Das, 2017) [§]

The other major parameters of the experiment are outlined as follows:

e Size of the images used: 64 x 64

e Number of channel in the image: 3

000

)

e Number of epoch for GAN training: 200

e Number of epoch for classifier training: 3,000

e Dropout Rate in classifier network: 0.2

e Learning Rate for the optimizer: 0.001
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Chapter 5

Results and Experimental Studies

This chapter includes a brief description of the evaluation metrics. Besides presenting the
values of the evaluation metrics, it illustrates the differences in the performance for each

approach.

5.1 Evaluation Metrics

Measuring the performance of a classifier applied on imbalanced data using traditional met-
rics such as accuracy is difficult since it does not take into account the lower number of
instances in the minority class. Metrics such as Precision and Recall have been used fre-
quently for assessing the performance of a classifier in such cases. A combination of these
measures, such as F-measure, are single class focus metrics that use different combinations
of specificity and sensitivity of the classifiers to give a better indication of performance.
Ranking order metrics such AUC measure assess a classifiers performance over all imbalance
ratios and hence provide a summary of the entire range.

True Positives (TP): They are the correctly predicted positive values which means the
classes that are “positive” are predicted to be “positive”.

True Negatives (TIN): They are the correctly predicted negative values which means

the classes that are “negative” are predicted to be “negative”.
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False Positives (FP): They are the incorrectly predicted positive values which means
the classes that are “negative” are predicted to be “positive”.
False Negatives (FN): They are the incorrectly predicted negative values which means

the classes which are “positive” are predicted to be “negative”

Accuracy:
TP+TN
Precision = 1
reCision = e P T FN (5.1)
Precision:
TP
Precision = ——— 2
recision = oo p (5.2)
Recall:
TP
= ——— :
Recal TPLFN (5.3)

F-measure or F-score:

(1+ B%) Precision.Recall
[B2. Recall + Precision

Precision = (5.4)

where (3 is a weight coefficient to adjust the significance of recall (usually 5 = 1). When
[ =1, it is generally named as F1 score.

Area Under the Curve (AUC) Area Under the Curve (AUC) is an evaluation method
independent of selected threshold and prior probabilities. It measures the probability of the
classifier assigning a higher rank to a randomly chosen positive example than a randomly
chosen negative example and represents the performance of a classifier averaged over all
possible cost ratios. Some limitations of this measure may be noted with different classifiers,

for comparative purposes due to the skew-ratio distribution and interpretability.
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5.2 Quality of Augmented Data

The quality of the image will have a significant effect on the performance of the classifier.
There is no way to quantitative judge the quality rather than to do that qualitatively. One

can think of the following issues while determining the quality of the generated images.

e Generated images must represent the desired class.
e Generated images must not be repetitive.

e Generated images must be different from the real ones already available in the training

set.

The images generated by the SMOTE are appeared to be little blurry in the edges. As this
algorithms pick an value between two similar data point, the images looks like overlapping
of two image. On the other hand, images generated by GAN are more clear and sharp. The
shape of the leaves are perfect in most of the times. They seem to have a lot of variation.

Fig. 5.1 shows the quality of the generated images.

(a) Generated by SMOTE (b) Generated by GAN

Figure 5.1: Examples of generated leaf image
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5.3 Performance on Test Data

Table 5.1 shows the value of the performance metrics for different approaches. These results
are based on 5-fold cross-validation and the high-lighted results are the best in each metrics.
It illustrates that the GAN-based method outperforms all other methods evaluated by dif-

ferent metrics. These results also show that the GAN-based method eliminates the influence

of the skewed data distribution.

To demonstrate the credibility of our experimental results, we ran 5-fold cross-validation,
and conduct the Students t-test to show significant performance difference exists between
the GAN-based approach and the baseline. Table 5.2 presents all the p values determined

for each metric. The p-values for Recall and F1-score are less than 0.05, which suggests that

the means are significantly different at the 95% level of confidence.

Table 5.1: Evaluation metrics for each approach (Average for 5-fold cross-validation)

Approach Name Accuracy | Precision Recall F1 AUC
Baseline 0.859184 | 0.695476 | 0.483784 | 0.562106 | 0.883044
Random Oversampling | 0.849490 | 0.606722 | 0.648649 | 0.620203 | 0.866607
Random Undersampling | 0.837245 | 0.598592 | 0.583784 | 0.582286 | 0.855682
SMOTE 0.866327 | 0.664705 | 0.591892 | 0.625911 | 0.887723
GAN-based 0.855612 | 0.613628 | 0.662162 | 0.632928 | 0.892504

Table 5.2: Significance test for baseline and GAN-based method for 5-fold cross-validation

with 95% confidence level

Accuracy

Precision

Recall | F1

AUC

P-value

0.35

0.11

0.02 | 0.01

0.25
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5.4 Comparative Analysis

From Table 5.1 it is clear that SMOTE achieves the best accuracy. However, as discussed

earlier, accuracy is not a better metric for imbalanced data set. The baseline wins over all

in terms of precision. Therefore, the rate of misclassifying negative examples are less for

baseline. As the baseline has more negative samples it is reasonable to do so. In terms of

other three metric - recall, f1-score, and AUC - the GAN-based approach is performing well

compared to any other approach. Random undersampling failed to perform any good in

terms of all of the metrics as it lost some information due to the undersampling.
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Figure 5.4: Loss function plot for different approaches

The recall for GAN-based approach is significantly higher than the baseline and slightly
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better than random oversampling-based approach. Therefore, we can say GAN-based ap-
proach is good at detecting the positive class which is our prime objective. Also, the F1l-score
and AUC is greater for the GAN-based approach which means it maintains a good balance
in detecting both class.

Also we noticed that GAN-based approach helps to avoid overfitting. Overfitting means
the model got more biased towards the training data set. This can be determine by looking
at the values of loss function for both the training and validation set at at the training time.
If the training loss is much lower than the validation loss we can conclude that the model is
getting a good hand on classifying the training set but failing to apply that knowledge on the
validation set. SMOTE-based approaches are also good at avoiding overfitting as they also
adds different sample than what exists in the original data set. Random oversampling-based
approach is the one that is more prone to overfitting. Fig. 5.4 presents the training and

validation loss function for different approaches.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

We performed a series of experiments to investigate the performance of different data aug-
mentation techniques. Our study shows that a GAN-based generative approach can produce
more clear and meaningful image samples. Based on our analysis from Chapter 5, we can
conclude that deep generative models, such as GAN, could be implemented as image gen-
erator to compensate the skewed data distribution, which can capture the distribution of
original data more accurately. The variation in the samples introduced by a GAN-based
approach make it easier for classifier to find classification boundaries. Thus, a GAN-based
approach outperforms other traditional random oversampling, random undersampling, and
feature space oversampling methods. Previous work on generative models demonstrated the
superiority of GAN-based approach for class imbalance on simple structured image data sets,
such as MNIST, NIST19 and Fashion MNIST but presented a doubt in case of complicated
and critical data domain. Our work invalidates the doubt and clearly indicates the possi-
bility of using generative models as a data augmentation tool for critical classification tasks

like visual anomaly detection.
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6.2 Future Work

One major topic of future work is to further investigate the GAN-based approach on other
critical visual anomaly detection tasks. In future, We wish to compare the GAN-based
approach to other generative approaches such as VAE. During our experiment we noticed
there is a significant effect of learning rate on learning from imbalanced data set. Slight
increase in learning rate can cause drastic performance reduction which is not usual in case
of balanced data set. This effect can be due to the particular data set or can be a general
issue. Therefore, our future work will include exploring further by using different learning
rate on diverse data set. Last but not least, further work on developing more effective and

computationally more efficient algorithms for data augmentation is highly desirable.
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