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A B S T R A C T

Dealing with class imbalanced data in many real applications is un-
avoidable. Various undersampling and oversampling techniques have
been implemented to tackle the issue which sometimes are not im-
mune to lose information or to unwanted noise into data. Hence there
is a need to explore the true distribution aligned within the original
data.

Thus, this thesis studies the effect of using Generative Adversar-
ial Networks (GAN) to generate minority class samples as similar
as possible to the original data. We also explore different variants
of GAN such as vanilla GAN (VGAN), Wasserstein GAN (WGAN),
Boundary Equilibrium GAN (BEGAN). A comparison of GANs to
traditional oversampling methods such as random oversampling and
Synthetic minority oversampling technique (SMOTE) is provided. We
extend our study by introducing a new over sampling technique
called SMOTE-VGAN which is a combination of two oversampling
techniques. We test GANs as oversampling technique by perform-
ing classification on two data sets in the predictive maintenance do-
main using Stochastic Gradient Descent (SGD) and Random forest
(RF) classifiers.

The data generated by GANs are evaluated for its similarity to orig-
inal data using Frechet inception distance (FID), TSNE plot. FID mea-
sure is specifically used to calculate the distance between original
and generated data. Whereas TSNE is used to visualize the original
minority verses generated minority data.

The results from FID score show that Generative Adversarial Net-
works have been successful in generating minority data distribution
closer to original compared to SMOTE. Moreover, SGD classifier re-
sults clearly distinguish the advantage of using GANs over SMOTE
for oversampling. Newly proposed SMOTE-VGAN oversamling tech-
nique has also shown considerable improvement in learning the dis-
tribution.
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2 introduction

1
I N T R O D U C T I O N

In a constantly evolving and dynamic world, class prediction based
on data plays a vital role in many real-world applications. In such
applications, prediction becomes difficult if the data is imbalanced.
Learning from binary or multiple class datasets is said to be imbal-
anced if the number of instances from one class, called the majority
classes is significantly higher than the other which is called a minority
class [23]. Some of the examples where class imbalance can be seen
are fraud detection, where there are fewer elements from the class
who commit fraud than non-fraud, in this case, it is costly to misclas-
sify examples from the minority class [19]. Another example, vehicle
maintenance in which the relative imbalance ratio between faulty and
non-faulty cases is high due to which there is a high risk of misclassi-
fication of faulty class [2]. A few more examples include anomaly de-
tection refers to correctly classifying rare class examples as compared
to majority examples [20], facial recognition where there is abundant
class of non-targeted faces compared to targeted faces [21] and medi-
cal diagnosis [22]. This kind of imbalanced data sets exhibit learning
challenges, that is the relatively or absolutely underrepresented class
cannot draw equal attention to the learning algorithm compared to
the majority class [24] which often leads to low generalization ability
for future prediction.

In such circumstance of future prediction, the criteria for target
evaluation is different from standard evaluation metrics such as ac-
curacy. Standard learning methods perform poorly as they develop a
bias in the favor of majority class. For example, if we got two classes
A and B let class A be 90 % in the following dataset and remaining 10

% is class B. It is possible to achieve 90 % accuracy just by predicting
class A every time which is not useful if the task is to identify in-
stances of class B. In this case a properly calibrated method gives out
low accuracy, but would have substantially higher true positive rate,
which is the metric that should have been optimized. These scenarios
often occur in context of detection, such as abusive content online [27]
or medical diagnosis [28].

The issue of class imbalance is generally solved by using undersam-
pling and oversampling methods at data level [28]. Undersampling is
a technique used to create a balance in data by slicing the majority
class to the ratio of minority class. The drawback of undersampling
the data is that it may sometimes ignore the meaningful data which
is potentially useful [28]. Oversampling is a process of adding new
minority samples in existing. Traditional oversampling methods face
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introduction 3

some issues such as over-fitting, it makes exact replica of the exist-
ing samples [25]. SMOTE being one of the standard oversampling
technique has also shown drawbacks such as over generalization and
variance [3]. Therefore, there is a need for regenerating the data by
learning the true underlying distribution of data.

Following the problem statement, the research question is stated
that will be addressed in this thesis.

How to resolve the problem of class imbalance in data for classification
tasks by using Generative Adversarial Networks (GAN)?

We aim to address the imbalance in data for classification tasks by
using Generative Adversarial Networks (GAN) as they have the ca-
pability to capture the probability distribution of the datasets they
are trained on [9]. This network engages a game between a gener-
ator that tries to generate samples that are similar to real samples
and a discriminator which tries to discriminate between real training
samples and generated samples. GANs have many success stories in
creating realistic images in the field of image generation [11, 32, 33],
which inspired us to use this generative network for oversampling.
Further, we investigate different variants of GANs, and their perfor-
mance compared to the traditional oversampling techniques. Evalu-
ation metrics used throughout the thesis for class imbalance data is
Precision, Recall, F-1 score, Area under the curve (AUC).

In this thesis, the class imbalanced problem is specifically addressed
in the case of predictive vehicle maintenance. Predictive vehicle main-
tenance is used by transport vehicle manufacturers for vehicle main-
tenance which gives future predictions of individual trucks [28]. As
case studies, we consider two datasets collected from heavy duty
trucks Volvo and Scania.

This thesis can be beneficial to companies which use predictive
vehicle maintenance, using the effective oversampling techniques to
balance the dataset thereby potentially increase classification perfor-
mance. Researchers who needs to solve the class imbalance issue in
another domain can also be benefited with this thesis by getting an in-
sight on the GANs as oversampling method. The main contributions
of this thesis can be summarized as, a framework for data augmenta-
tion by using GANs to generate minority samples similar to original
minority is proposed. Four different cases of oversampling techniques
are compared to analyze the best approach to deal with imbalanced
data. A new oversampling technique as a combination of two is pro-
posed to achieve better classification performance. Also, two different
evaluations such as supervised and unsupervised are performed to
get the precise evaluation of oversampling methods and generative
models.

The thesis is structured as follows. In the Literature review sec-
tion, most of the concepts related to class imbalanced problem and
some strategies previously applied to solve have been described. In
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4 introduction

the Methodology section, our framework for the thesis with four dif-
ferent cases of using oversampling techniques and choice of different
oversampling techniques, evaluation metrics are mentioned. In the
Experimental setup and evaluation criteria section, a complete de-
scription of each oversampling methods, classifiers and evaluation
metrics is provided. In the Data section, in detail information of data
used and their imbalanced ratio is specified. In Results and discussion
section, the results obtained from different oversampling techniques
are compared, and the best oversampling technique is chosen accord-
ingly. This is followed by a discussion on quality of data generated
with measures like TSNE and FID. In the Conclusion section, the find-
ings from the experiment conducted is summarized with limitations
and future work.
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2
L I T E R AT U R E R E V I E W

There exists a large body of work on resolving class imbalance prob-
lem. The Machine learning community has addressed the class im-
balance problem in two different ways. One is cost sensitive method
[38] and other is sampling methods which can be either by under-
sampling majority samples or oversampling minority samples [39].
Our approach blends oversampling of minority class samples with
different over-sampling techniques. For example, one of the standard
oversampling methods is synthetic minority oversampling technique
(SMOTE). In this method synthetic data is generated along the line
segment that joins the minority class samples which can be seen in
Chawla et al [1] article. However, He. H. Garcia [3] shows that the
separation between the majority and minority instances is not often
clear, in SMOTE noisy samples might be generated.

Alternatively, Douzas et al [4] proposed the generative model for
data generation which captures the actual data distribution. CGAN is
used on binary class imbalance datasets, where CGAN conditioning
on external information is the class labels of imbalanced datasets and
the generative model creates the synthetic data for the minority class.
The performance of CGAN was evaluated over 71 different datasets
with different imbalance ratios, number of features, sub-clustering
structures and compared with different oversampling methods, us-
ing logistic regression, support vector machine, nearest neighbors,
decision trees and gradient boost machine as classifiers. The results
showed that CGAN performs better than all the other models. Un-
like us, however, they focus on training conditional GAN network
with both minority and majority class samples to capture the actual
data distribution whereas we have trained our GAN networks using
minority samples.

The effect of class imbalance in automating vehicle data analysis
has been a widely researched topic [40]. Here we discuss various
earlier works on the effect of class imbalance and how they have used
machine learning algorithms to resolve this issue and connect to our
situation. The study of Rune Prytz et al [2] helps in understanding
how minimal data will affect the predictive maintenance of trucks. In
their work predictive maintenance of trucks, they have used logged
vehicle dataset, they also provide a view on how minimal data leads
to a low generalization ability of learning models. Mostly tree-based
algorithms are less sensitive to imbalanced data hence random forest
is used than SVM method. As a choice of learning algorithm Rune
Prytz et al [2] have used KNN, C5.0, Random forest and each of them
is evaluated using R.

5
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6 literature review

Experiments carried out by Rune Prytz et al [2] shows that even
with low-quality classifiers how cost savings grow as the imbalance in
data decreases and the cost when measured on test set drops rapidly
for both KNN and C5.0 classifiers because test dataset contains 95-5%
split of negative and positive examples. Hence as the distribution in
the training set becomes more and more distinct from the distribution
of the test dataset, the quality of the dataset decreases. Hence from
their work, we could understand the importance of data availability
for the learning of machine learning models. Also, how the random
forest classifier could detect a failure in the truck than other low-
quality classifiers.

Rune Prytz et al [2] expresses their concerns over current classifi-
cation quality and cost avoidance being not so great due to limited
access to data whereas instead to wait for the data to stack itself, im-
balance problem in data could be solved by oversampling minority
samples as proposed in our work.

Previous works has confirmed GANs are able to regenerate data
realistic to actual data distribution in various domains. Some of the
different domains where GANs were used are object detection/recog-
nition [6], super-resolution [7] and face aging [5].

Face aging, also known as age synthesis and age progression, is
defined in Grigory Antipov et al [5] as aesthetically rendering a face
image with natural aging. Generative adversarial networks have been
used for this purpose. In the study of Grigory Antipov et al [5], GANs
are explicitly trained to generate the most plausible and realistic im-
ages which are hard to distinguish from real data. They have also
focused on preserving the original identity of the human face. The
Grigory Antipov et al [5] trained Age-CGAN and face aging was done
in two steps: First, given an input face image, find an optimal latent
vector that allows generating a reconstructed face as close as possible
to the initial one. Second, given the target age, generate the resulting
face image by simply switching the age at the input of the generator.

One of the major research area GAN have been used is object detec-
tion/recognition. Xinlong Wang [6] have used GAN to improve recog-
nition accuracy in the context of license plate recognition for mov-
ing cars using a moving camera. The GAN framework used by them
are cycleGAN and WGAN. cycleGAN is used to learn mapping that
maps synthetic images into real images. They generate 200,000 syn-
thetic license plates as SynthDataset using computer graphics scripts.
CycleGAN and cycleWGAN models are trained on this dataset and
found that images achieve a better recognition accuracy.

GAN has been used for class imbalance application in the field of
image analysis, image classification datasets can often be imbalanced.
Giovanni Mariani et al [8] have used a variant of GAN called BAGAN
(Balancing GAN) as a data augmentation tool to restore balance in
the imbalanced dataset. They train GANs to generate minority class
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literature review 7

images and they have also used autoencoders to initialize GANs to-
wards a good solution. Giovanni Mariani et al [8] train BAGAN with
four different class imbalance datasets and compare the results with
ACGAN and found that BAGAN performs better than the other gen-
erative adversarial networks.

In the study of S Zheng et al [41], the key challenges faced by failure
prediction in the field of Prognostic and Health Management (PHM)
is discussed. Some of the challenges include highly imbalanced train-
ing data, the extremely high cost of collecting more failure samples,
and the complexity of the failure patterns. It is mentioned that the
complexity and nature of data is hard to learn by the traditional
oversampling methods. Hence, S Zheng et al [41] propose Generative
Adversarial Networks for failure prediction (GAN-FP). GAN-FP uses
three different modules that work collaboratively to train an inference
network. One to generate realistic failure and nonfailure samples us-
ing infoGAN, the second module adopts weighted loss objective to
train inference network and the third module uses another GAN to
tune the inference network to enforce consistency. The experiment
was conducted on various data sets, one of them is Air Pressure Sys-
tem (APS) which is also used in this thesis. GAN-FP is compared
with different sampling settings and classifiers which include SMOTE
oversampling and Random forest classifier. According to their results
from different evaluation metrics such as AUC, precision, recall and
F1 score GAN-FP performed better than SMOTE for APS data. From
their work it can be inferred that GANs can be effective for imbal-
anced classification and failure prediction.

Sankha et al [42], claims that oversampling techniques which are
helpful in handling class imbalance cannot be applied directly to end-
to-end deep learning systems. Therefore, a three-player adversarial
game between a convex generator, a multiclass classifier network and
a real/fake discriminator is proposed in their work to perform over-
sampling in deep learning systems. This network is called as Gener-
ative Adversarial Minority Oversampling (GAMO) and is aimed to
adjust the classifier induced boundaries in a way to reduce misclassi-
fication of minority. Additionally, Sankha et al [42] proposed a tech-
nique called GAMO2pix that generate realistic images from the syn-
thetic instances produced by GAMO. They evaluate their proposed
method by using multiple class imbalance image datasets such as
MNIST and Fashion-MNIST. The classification performance of these
are compared using baseline classifier networks (CN). GAMO is com-
pared with one of the traditional oversampling method, SMOTE and
found to be performed better in both datasets. Therefore, GAMO is
said to be an effective oversampling technique for handling class im-
balance. But their future suggestion include implementation of BE-
GAN to improve the quality of data generated which we consider
employing in this thesis.
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8 literature review

Berthelot et al [12] proposed a new variant GAN network, new
equilibrium enforcing method paired with a loss derived from the
Wasserstein distance for training auto-encoder. This network provides
new approximate convergence measure, fast and stable training and
high visual quality. Their focus was to generate image closer to ac-
tual with higher resolutions. This was achieved by using a relatively
simple model architecture and a standard training procedure. With
this new variant GAN, they were able to resolve lack of measure of
convergence in GAN variants also they mention the training and con-
vergence time for the BEGAN networks is lesser than earlier GANs.
This was one of the motivations to utilize the BEGAN network in our
experiment.

While working with SMOTE [3], state-of-the-art oversampling tech-
nique, has a higher probability of reproducing noisy samples, hence
GANs could be our way out to reproducing data closer to actual data
distribution. Earlier GANs lacked a measure of convergence, there-
fore WGANs [10] and BEGANs [12] recently introduced a loss that
also acts as a measure of convergence which has been carried out for
the benefit of stability and better mode coverage. In our experiment
for the challenges faced from imbalanced nature of data we not only
explore different variants of GANs as a solution but also provide in-
sights on evaluating the data generated from them.
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3
M E T H O D O L O G Y

In this section, an explanation of our framework which is used to
understand the class imbalance effects and description of method-
ological choices used in the process of solving class imbalance are
provided. A classification of unhealthy vs. healthy truck is used for
the evaluation of different models that address class imbalance. The
oversampling models are intended to up sample the unhealthy class
thereby creating a balance in data and improve the performance of
classification. Figure 1 is the representation of experimental frame-
work where different cases of oversampling techniques can be ob-
served. Cross validation (CV) is critical when oversampling is applied
on data. It is important to understand the suitable stage to perform
cross validation because it may lead to over-optimism if it is applied
after oversampling. The reason for this may be because similar pat-
terns of data could be present in the train and test set which leads to
overfitting as well. So, it is better to first perform the cross validation
and then apply oversampling only to train set. These cases of cross
validation after and before oversampling are depicted in case 1 and
2.

A representation of experimental framework is as shown in figure
1 where different cases of oversampling techniques can be observed.

Figure 1: Framework

In this figure, the baseline represents the case where no oversam-
pling is used, the raw data is directly split into train, validation, and
test-sets. Train-set and validation-set are used for training and tuned
the machine learning model.Test set is used for prediction. This base-
line is then compared to case-1, case-2, case-3 and case-4 to determine
the effect of oversampling methods on learning models. The differ-
ence between the cases is as follows.

• Case-1: Entire samples are shown to over-samplers for oversam-
pling minority class data and augmented to original entire sam-
ples. Then, data is split in to train, validation and test-sets for
CV of the learning model.

9
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10 methodology

• Case-2: Raw-samples is split into train, validation and test-sets.
Train-set is shown to over-samplers for oversampling minority
class data and is augmented to original train-sets. Further with
augmented train-sets, validation-sets and test-sets CV is applied
on learning models

• Case-3: From Wilcoxon feature extraction method entire sam-
ples with 286 attributes is split into train, validation and test-
sets followed by oversampling and CV as in case-2.

• Case-4: From PCA feature extraction 15 principle components
is split into train, validation and test-sets followed by oversam-
pling and CV as in case-2.

The choice of methods used in the experiment is as follows.

• Feature extraction methods:

Wilcoxon Rank-Sum test and Principle Component Analysis (PCA)

• Oversampling methods:

Random Oversampling (ROS), Synthetic Minority Oversampling
Technique (SMOTE), Generative Adversarial Networks: Vanilla
GAN (VGAN), Wasserstein GAN (WGAN), Boundary Equilib-
rium GAN (BEGAN), SMOTE-VGAN.

• Classifiers:

Stochastic Gradient Descent (SGD) and Random forest (RF)

• Performance Metrics:

Supervised: Precision, Recall, F1 Score, ROC curve, AUC value.
Unsupervised: T-distributed Stochastic Neighbor Embedding (TSNE)
graph and Frechet Inception Distance (FID) measure.

Following the methodological choices now its appropriate to men-
tion the goal of the experiment.

Dimensionality reduction techniques are used to reduce compu-
tational cost of GAN networks. Dimensionally reduction lead to in-
formation loss and the question that we would like to investigate
here is the scale of the information loss for the classification task.
Analysis of data complexity is carried out using two different CV
approaches that are CV after oversampling (case-1) and CV before
oversampling (case-2) to understand the appropriate usage of cross-
validation when oversampling methods are used. Traditional over-
sampling methods such as random oversampling (ROS), synthetic
minority oversampling technique (SMOTE) are compared with GAN
and evaluated their effects on two different classifiers using appropri-
ate performance metrics. Further, we explore the learning experiences
of various types of GANs such as VGAN, WGAN, BEGAN. A new
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variant of GAN is proposed which combines two oversampling meth-
ods SMOTE and VGAN. The quality of data generated are examined
using supervised evaluation metrics. With these experiments, a basis
for more informed usage of GANs as the oversampling method is
provided in the sense to improve the results in classification problem.
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4
A L G O R I T H M S A N D E VA L U AT I O N C R I T E R I A

As mentioned in section 3, different feature extraction methods, ma-
chine learning models and oversampling techniques have been ap-
plied throughout. Details on each of these methods has been dis-
cussed in this section.

4.1 dimensionality reduction methods

GAN networks are known for their high computational costs than
simple oversampling methods [43] hence to reduce the computational
costs two different dimensionality reduction methods were utilized as
case-3(Wilcoxon rank sum) and case-4 (PCA) in the framework.

4.1.1 Wilcoxon Rank Sum Test

The Wilcoxon rank sum test is a nonparametric statistical significance
test for determining whether two independent samples were drawn
from a population with the same distribution. The two samples are
combined, and rank ordered together. The strategy is to determine
if the values from the two samples are randomly mixed in the rank
ordering or if they are clustered at opposite ends when combined. A
random rank order would mean that the two samples are not differ-
ent, while a cluster of one sample values would indicate a difference
between them [44].

The Wilcoxon rank test can be implemented in Python using the
wilcoxon() SciPy function. The function takes the two samples as ar-
guments and returns the calculated statistic and p-value. p-values on
less than 5% level 132 features were rejected indicating that that the
clusterâs attributes had similar distribution those will not contribute
useful information for the machine learning models to identify un-
healthy trucks remaining 268 attributes are considered for both train-
ing, validation and testing purposes.

4.1.2 Principle Component Analysis

PCA mathematically transforms the data set to principal components
that define the maximal variance in the data. Principal components
are a linear combination of the features and are mutually uncorre-
lated [16]. As the features in our data is correlated to one another it
can be represented with few features of high variance and no multi-
collinearity between them. Figure 2 shows the graph of explained

12
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4.2 machine learning models 13

variance vs principle components for Volvo data. 15 principle compo-
nents are selected with high variance which can be observed in the
figure.

Figure 2: PCA explained variance analysis for Volvo data

4.2 machine learning models

As we are interested in investigating class imbalance effects on ma-
chine learning algorithm during classification, we consider different
classifiers such as Stochastic Gradient Descent (SGD) and Random
Forest (RF) to evaluate oversampling results. SGD is a simple learning
model whereas RF is known for its ensemble of unpruned classifica-
tion characteristics. Machine learning (ML) models work better when
there is the equality of classes in data while predicting, therefore over-
sampling techniques are used to create this balance in data thereby
helping ML models perform better. Details on each of the classifiers
is explained in this section.

4.2.1 Stochastic Gradient Descent

It is a learning algorithm used for finding the parameters that result
in the minimum cost function for a given function f. This learning
model is based on gradient descent, but rather than using an entire
data sample with each iteration, SGD uses a small batch or even just
a single example for each iteration, making more adjustments but re-
sulting in a faster run-time [34]. One of the reasons for using SGD
than gradient decent for our experiment is that, the runtime of SGD
lends itself towards classification problems with large data. SGD is a
simple yet very efficient approach to discriminative learning of linear
classifiers under convex loss functions such as support vector ma-
chine. Penalty is added to the loss function that shrinks model pa-
rameters towards the zero-vector using either the squared Euclidean
norm L2 or L1. For building SGD learning model, we have used Grid-
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14 algorithms and evaluation criteria

SearchCV. The implementation of Stochastic Gradient Descent (SGD)
is based on Python library scikit-learn.

4.2.2 Random forest classifier

To understand the working about random forest we need to learn
how decision trees work. Decision trees are machine learning models
that rely on partitioning the feature space and storing a distribution
over class labels for each region. Even though decision trees are easy
to interpret and are intuitive, their predictions are not as accurate as
for other types of predictors, such as the ones based on logistic regres-
sion. In order to alleviate this issue, random forests are used which is
a combination of decision trees [35]. To be clearer, they are devised by
training different trees on different subsets of data that are randomly
selected with replacement. The resulting prediction from the random
forest is then produced by combining these decision trees. This is
a valid method to avoid overfitting in a specific class in the data.
RF learning models are famously used for large input variables also
known for handling imbalanced data quickly. The implementation of
Random Forest classifier is based on Python library scikit-learn.

Hyper-Parameters affects on the performance of the classification
models when having a high number of options for the selected pa-
rameters. In our experiment, we implement a grid-search method to
compute and compare the performance metrics for same classifier
and by using different parameters with different values, to get the
best combination of parameters that optimize the performance of the
classification task. Train and validation set are used for tuning and
selecting the best parameter respectively. In grid-search approach, F1

score [45] and Area Under the Curve (AUC) values are computed for
considering the best parameters.

4.3 over sampling methods

A widely adopted technique for dealing with a highly unbalanced
dataset is called re-sampling [37]. Adding more samples to the mi-
nority class is called over-sampling which can be observed in figure 3.
Despite the advantage of balancing classes, these techniques also have
their weaknesses. The simplest implementation of over-sampling is to
duplicate random records from the minority class, which can cause
over-fitting [25]. In our experiment we are going to provide a better
understanding of the following commonly used oversampling meth-
ods.
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Figure 3: Oversampling data representation [46].

4.3.1 Random Uniform Oversampling

Random oversampling simply replicates randomly the minority class
examples. In random uniform oversampling methods, there is a risk
of overfitting the dataset because observations in the dataset are re-
peatedly duplicated [25]. When training is conducted on this artifi-
cially inflated dataset, the duplicates may be overrepresented which
may not be representative of the natural underlying feature distribu-
tions of the minority classes. We have used Random Over Sampler
from module imblearn [47] to implement random uniform oversam-
pler to upsample the minority class observations.

4.3.2 SMOTE:Synthetic Minority Over-sampling Technique

To reduce the chances of overfitting that we might face by using sim-
ple oversampling method as ROS, SMOTE is been utilized as sug-
gested by Chawla et al. (2002) [1]. Here in SMOTE instead of merely
replicating existing observations, the technique identifies more spe-
cific regions in feature space as the decision region for the minority
class. This is achieved by linearly interpolating a randomly selected
minority observation and one of its neighboring minority observa-
tions which can be observed in figure 6. More precisely, SMOTE exe-
cutes three steps to generate a synthetic sample. Firstly, it chooses a
random minority observation a. Among its k nearest minority class
neighbors, instance b is selected. Finally, a new sample x is created by
randomly interpolating the two samples which can be seen in figure
4, where w is a random weight in [0, 1].
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x = a + w * (b-a)

• x -> newly generated minority sample

• a -> original minority observation

• b -> nearest minority class neighbor

Figure 4: SMOTE data oversampling overview [48]

4.3.3 GAN:Generative Adversarial Network and variants of GAN

Due to the introduction of unwanted noises in SMOTE, it skews the
underlying distributions of the features to the point it confuses the
classifier, hence resulting in its poor performance. For example, with-
out understanding the deeper meaning in highly structured data,
SMOTE cannot create synthetic samples similar to original. Thus, we
decided to work on GANs for over sampling said to be helpful in ef-
fectively generating artificial data realistic to the original data [5,6,29].

4.3.3.1 VGAN:vanilla GAN

The GAN architecture was first proposed by Ian Goodfellow and col-
leagues [9]. The vanilla GANs implementation comprises of two net-
works, the generator and discriminator, which compete against each
other in a min-max optimization process.

generative network The generator learns to map a latent space
to the distribution of the data. It aims to reproduce, so that when it
is fed with a noise vector z from the latent space, it predicts a sam-
ple from the estimated distribution. The generator is evaluated by the
discriminator, which means that its goal is to create data samples that
are similar to those in the original data set.
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discriminative network The discriminator is responsible for
evaluating the quality of the data created by the generator. It receives
as input data samples from the original data set and data generated
by the generator and tries to predict if the distribution of the gener-
ated data is similar to original data distribution.

Figure 5: Schematic view of GAN [49]

The main idea for GANs is to train two Artificial Neural Networks
to compete with each other with 2 different objective functions. The
generator G tries to fool the discriminator into believing that the in-
put sent by generator is real. While the discriminator D decrease its
loss value by identifying the generated sample is fake, on the other
hand the generator is also trying to decrease its loss by producing
realistic sample. This process is repeated for a while or until Nash
equilibrium found. This process is called Adversarial Training and
can be observed in figure 5.

gan architecture and parameter choice GAN architec-
ture includes parameters such as batch size, epochs, leaky Relu as the
activation function, binary cross-entropy as the loss function, Adam
as the optimizer algorithm, learning rate, 128 hidden layers each for
generator and discriminator.

gan training process The training of vanilla GAN is done by
first separating the dataset based on target class and only the minority
class as input. The GAN network is prepared to generate N samples
of minority truck data for N epochs by adding uniformly distributed
noise vector Z to generator network. The generator predicts a sam-
ple from the estimated distribution with feedback from discriminator.
The discriminator D is a binary classification neural network, so it cal-
culates the loss for both fake data and real data and combine them as
the final loss as D loss. The generator G also calculates the loss from
its noise as G loss since each network has a different objective func-
tion. These two losses go back to their respective networks to learn
from the loss while adjusting the parameters with respect to the loss.
Adam optimization algorithm is used to optimize both the networks.

[ January 26, 2020 at 19:06 – classicthesis ]
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This process is repeated for N number of epochs. The batch which
has the least generator loss is selected.

Following are the equations for D and G play two-player mini-max
game with value V(G,D):

minGmaxD V(D,G) = Ex∼pdata(x)[logD(x)]+Ez∼pz(z)[log(1−D(G(z)))]

maxD V(D) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))]

minG V(G) = Ez∼pz(z)[logD(1−D(G(z)))]

1: Cost Function Of GAN.[16]

• Pdata(x) -> the distribution of real data

• X -> sample from pdata(x)

• z -> Noise vector

• P(z) -> distribution of generator

• Z -> sample from p(z)

• G(z) -> Generator Network’s output

• D(x) -> Discriminator Network’s output for real data.
x->P(y|real x)->0,1

• D(G(z)) -> Discriminator Network’s output for fake data.
x->P(y|fake x)->0,1

The intension of loss function is to push the prediction of real data
towards 1 and the fake data to 0 which is done by log probability
term. If we observe the joint loss function, we are maximizing the
discriminator term that is log of D(x) should be closer to zero and
log of D(G(z)) should be closer to 1. Here generator is trying to make
D(G(z)) closer to 1 while discriminator is trying to do the opposite.

drawbacks of gan The original GAN suffers from several dif-
ficulties like mode collapse and convergence. Model collapse occur
when the generator collapse into very narrow distribution that only
covers a single mode in data distribution. Convergence is to indicate
when to stop training, from the objective function of GAN its hard
to interpret the training progress. Hence, we decide to explore the
WGAN which has the special distance metric to let us know how
close our regenerated data is to original data.
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4.3.3.2 WGAN:Wasserstein GAN

To address the shortcomings of GANs Arjovsky Bottou, 2017 pro-
posed an alternative loss function, the Wasserstein distance. Wasserstein-
GAN (WGAN) replaces the original Jensen-Shannon (JS) divergence-
based loss functions with the Wasserstein distance. The Wasserstein
distance is informally defined as the minimum cost of transporting
mass in order to transform the distribution f into the distribution g. It
measures the distance between two distributions. The schematic view
of WGAN can be seen in figure 6.

Figure 6: Schematic view of WGAN [50]

wgan training process The parameters used and the train-
ing process is similar to VGAN with few changes. In the process of
WGAN training, there exists no log function in the loss equation. The
output of discriminator is no longer a probability, hence sigmoid func-
tion is not applied at the output of discriminator. Critic the weight
of Discriminator, which measures the Wasserstein distance between
original data and generated data this feedback is given to genera-
tor. The discriminator is trained in order to learn W (Wasserstein
distance). Adam optimization algorithm is used to optimize both the
networks. This process is repeated for N number of epochs. The batch
which has the least generator loss is selected.

Equation 2 below has the real data distribution Pr and the gener-
ated data distribution pθ . Using the Kantorovich Rubinstein duality
Wasserstein distance can be calculated as seen in Martin Arjovsky
et al [10] where sup is the least upper bound and f is a 1-Lipschitz
function following this constraint.

W(Pr,Pθ) = sup|f|L<1Ex∼pr [f(x)] − Ex∼pθ [f(x)]

|f(x1) − f(x2)| 6 |x1 − x2|

2: Wasserstein Distance Equation [10]

• Pr -> The distribution of real data.

• pθ -> The distribution of Generated data.
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4.3.3.3 BEGAN:Boundary Equilibrium Generative Adversarial Nets

BEGAN is an equilibrium enforcing method paired with a loss de-
rived from the Wasserstein distance for training auto-encoder based
Generative Adversarial Networks. It is based on a proposition that
matches the reconstruction loss distribution of real images and gener-
ated images lead to the matching of the real data distribution using
Wasserstein distance [12]. The schematic view of BEGAN is as shown
in the figure 7

The discriminator is an autoencoder, its cost function composes of
two goals:

• a good autoencoder: we want the reconstruction cost D(x) for
real images to be low.

• a good critic: we want to penalize the discriminator if the recon-
struction error for generated images drops below a value m.

Figure 7: Schematic View of BEGAN [49]

The effect of matching the distribution of the errors instead of
matching the distribution of the samples directly is studied by first
introducing auto-encoder loss, then a. lower bound to Wasserstein
distance between the auto-encoder loss distributions of real and gen-
erated samples is calculated using equation 3 [12].

W1(µ1,µ2) = infγεΓ(µ1,µ2)E(x1,x2)∼γ[|x1 − x2|][f(x)] − Ex∼pθ [f(x)]

Using Jensen’s inequality, we can derive a lower bound to W1(µ1,µ2) :
infE[|x1 − x2] > inf|E[x1 − x2]| = |µ1 − µ2|

LD =W1(µ1,µ2) > |µ1 − µ2|

3: Equation to estimate lower bound to Wasserstein distance [12]

The BEGAN objective is:

LD = L(x) − kt.L(G(zD))
LG = L(G(zG)

kt+1 = kt + λk(γL(x) − L(G(zG))
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• LD− > lossfunctionofdiscriminator

• LG− > lossfunctionofgenerator

• L(x) -> reconstruction cost of real data

• L(G(zD)− > reconstructioncostofgenerateddata

• k -> running mean

• γ− > hyperparameter

BEGAN uses an equilibrium to balance the generator and discrimina-
tor. Proportional Control Theory is used to maintain the equilibrium.
It is implemented using a variable kt to control how much emphasis
to put on L(G(zD))duringgradientdescent.
We initialize kt to be zero at the beginning, so it gives time to develop
the autoencoder first. We can experiment with the impact of γ by
dropping its value from 1. As γ gets closer to 0, the discriminator will
focus more on the autoencoder for better images than counteract the
generator. So, the generator start overfitting itself and the mode drops.
So, when we drop γ, the image quality improves but the mode starts
collapsing too. In BEGAN, the image quality is indirectly related to
L(x) of the real images. When the model converges, the difference
between the reconstruction losses converge to zero.

4.3.3.4 SMOTE and VGAN

In this work, we propose a novel algorithm that use SMOTE-VGAN
for unhealthy truck prediction. The idea here is to understand if
GAN networks could learn better using slightly balanced data from
SMOTE. SMOTE-VGAN work on two different modules collabora-
tively to oversample data closer to original data. The network of both
SMOTE and VGAN are same as mentioned in section 4.3.2 and sec-
tion 4.3.3.1, the data generated from SMOTE is fed to the VGAN
network to learn and over-sample the data.

4.4 evaluations criteria for supervised models

Measuring the performance of a classifier applied on imbalanced data
using traditional metrics such as accuracy is difficult since it does
not take into account the lower number of instances in the minority
class. Threshold metrics such as Precision and Recall, F1-score have
been used frequently for assessing the performance of a classifier in
such cases. Ranking order metrics such as AUC measure assess a
classifiers performance over all imbalance ratios and hence provide
a summary of the entire range. Stratified random split was used to
divide the data for cross validation. An overview of these measures
are provided below.
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roc curve and auc score 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 ran-
domly chosen negative example and represents the performance of
a classifier averaged over all possible cost ratios. Some limitation of
this measure for comparative purpose for different classifier may be
noted due to the skew-ratio distribution and interpretability[36].

confusion matrix Confusion Matrix is a performance measure-
ment for machine learning classification problem where output can
be two or more classes. It is a table with 4 different combinations of
predicted and actual values as seen in figure 8. It is useful for mea-
suring Recall, Precision, Accuracy and most importantly AUC-ROC
Curve.

Figure 8: Confusion matrix.[21]

Accuracy = ( TN + TP ) / ( TN + FP + TP + FN )
Precision = TP / ( TP + FP )
Recall = TP / ( TP + FN )
F1score = 2 * Precision * Recall / ( Precision * Recall )
From figure 8 for Volvo data, TP(True Positive) is the cost of break-
down on the road for each truck, FP(False Positive) is the cost of
unnecessary component replacement for miss-classified non-faulty
truck as faulty truck, TN(True Negative) Number of non faulty trucks
in the data, FN(False Negative) is the faulty truck wrongly classified
as non-faulty.
For Volvo data, precision is significantly more important than recall
because the component that is need of replacement which is not pre-
dicted costs less than the unnecessary component replacement of a
non-faulty truck which costs money. As we are dealing with highly
imbalance data in general, popular measure for evaluating the classi-
fier is F1 score hence in our experiments we have given more impor-
tance to precision, F1 score referred from [13].
For Scania data, total cost of a prediction model is the sum of Cost1
multiplied by the number of Instances with type 1 failure and Cost2
with the number of instances with type 2 failure, resulting in a total
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cost. In this case Cost1 refers to the cost that an unnecessary check
needs to be done by mechanic at an workshop, while Cost2 refer to
the cost of missing a faulty truck, which may cause a breakdown[14].

4.5 unsupervised evaluation of oversampling tech-
niques

In this section, measures used to evaluate the quality of generated
data from different oversampling techniques are explained. In our
framework, apart from using supervised methods we also use unsu-
pervised method of evaluation to evaluate the quality, diversity and
how close the generated minority data to original.

t-distributed stochastic neighbor embedding(tsne) To
visualize the data distribution of original data and regenerated data
T-sne graphs are utilized. It is a tool to visualize high-dimensional
data[15]. It converts similarities between data points to joint prob-
abilities and tries to minimize the Kullback-Leibler divergence be-
tween the joint probabilities of the low-dimensional embedding and
the high-dimensional data.

frechet inception distance The Frechet Inception Distance
is a metric for evaluating the quality of generated data and specifi-
cally developed to evaluate the performance of generative adversar-
ial networks[26]. For this experiment FID measure has been used to
calculate the distance between the original and regenerated data from
different over-sampling methods.
The FID score uses the inception v3 model, a convolution neural net-
work used in image recognition [51]. Specifically, the coding layer of
the model (the last pooling layer prior to the output classification of
images) is used to capture features of an input data. These activa-
tions are calculated for a collection of real and generated data. The
activations are summarized as a multivariate Gaussian by calculating
the mean and covariance. These statistics are then calculated for the
activations across the collection of real and generated data. The dif-
ference of two Gaussians (synthetic and real-data) is measured by the
Frechet distance also known as Wasserstein-2 distance.
The FID score is calculated using the following equation [26]
d2 = ||mu_1−mu_2||2 + Tr(C_1+C_2− 2 ∗ sqrt(C_1 ∗C_2))

• d2− > distance

• mu_1 and mu_2 -> feature-wise mean of real and generated data

• C_1 and C_2 -> covariance matrix for real and generated feature vec-
tors
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D ATA

In this thesis we are going to resolve class imbalance problem
particularly in predictive vehicle maintenance field. Predictive ve-
hicle maintenance is a strategy used in transport vehicle industries.
This strategy mainly depends on data collected from components
of heavy-duty trucks. This type of data has class imbalance issue
because of large amount of data contributing to normal operation
of vehicle, while few samples of failures. Two such data sets are
considered; one is collected from Volvo AB [15] trucks for prediction
of engine related component failure and the other is Air Pressure
System (APS) data set from Scania trucks [14].

In this experiment for Volvo data, we have used 67038 histogram sam-
ples of Volvo data from 3376 trucks, which were logged over a three
year period. The data consists of two variables, engine RPM and en-
gine torque, where the information expresses the time spent in each
configuration defined by the combination of the two variables. The
axes typically contain twenty bins, and each histogram contains four
hundred values.
The values in the histograms are cumulative, and are typically down-
loaded from the trucks every second week. For each truck complete
history captured in bi-weekly histograms. From this data labelling
was set in the following manner. For each truck, the histogram data
was labelled healthy by default. If there had been a repair at a cer-
tain date, the histogram data from that date to three months before
that date were labelled unhealthy as seen in figure 9. The reasoning
behind this is that the degradation of engine components to manifest
itself in the data before it breaks down was expected. The healthy
class is indicated by 0 whereas unhealthy by 1. The imbalance ratio
of Volvo data can be observed in figure 10.
The data was split into three sets train, validation and test using strat-
ified random split. The complete data of 67038 readings was split
into 30% (test set) and 30% of the remaining data was used as vali-
dation(21% of the whole data) and the rest as train data(49% of the
whole data).
Another data that we have used in this study is Air Pressure System
(APS) data from scania trucks. The training set consist of instances
classified as positive or negative. The positive class represents failures
for the specific component of APS system which can be named as
APS-unhealthy labelled as class 1 , while negative instances represent
trucks with failures for components not related to the APS which can
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Figure 9: Volvo data class labelling

Figure 10: Healthy and Unhealthy Class

be named as unhealthy with label 0. The imbalance ratio of Scania
data can be observed in figure 11.

Figure 11: Unhealthy and APS-Unhealthy Class

The training set contains 60000 samples. The test data set contains
16000 samples. Both training and test data sets had missing values,
hence missing values were imputed. The missing values were filled by
using the information available in the dataset as if they were observed.
The most commonly used method is simple mean imputation which
was implemented using SimpleImputer from sklearn to replace the
missing value using the statistics mean of each column. Also, the
target values for test set were unknown so we predict them using
SGD and RF classifier to use it as a ground truth and test for model
evaluation.
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The data was split into three sets train, validation and test using strat-
ified random split. The complete data of 76000 readings was split into
21% test set and 24% of the data was used as validation and the rest
as train data of 55%.
Figure 12 and 13 shows the t-SNE plots in 2-D space for both datasets.
Majority class 0 is indicated by green color and minority class 1 is
indicated by cyan color. From the figures we can observe the high
overlap between the classes in both the datasets.

Figure 12: t-SNE with Volvo-Data Figure 13: t-SNE with Scania-Data
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R E S U LT S A N D D I S C U S S I O N

To resolve class imbalance several oversampling techniques as Ran-
dom Oversampling, SMOTE, VGAN, WGAN, CGAN, BEGAN,
SMOTE-VGAN has been implemented throughout the experiment.
The main goal of our experiment is to understand if oversampling
the minority data would help machine learning models to be more
efficient and also to determine the quality of generated data from
various over sampler methods.
The performance of the prediction models is estimated using cross-
validation (CV). In order to correctly perform CV, it is essential to
observe the principle that all the steps involved in the building of the
prediction model must be performed using only the training data. To
better explain the proper usage of cross-validation we further com-
pare the results from cross-validation before and after oversampling
in following section 6.1.1. In supervised approach to determine the
machine learning models performance various metrics as accuracy,
precision, recall, F1-score, AUC were explored while to understand
the quality of generated data from over-samplers unsupervised meth-
ods as t-SNE plots, FID measure has been discussed further.

6.1 supervised approach for comparing oversampling

techniques

In this section we are going to examine the performance of machine
learning models after using different oversampling techniques in su-
pervised manner. The results from four different cases of our frame-
work have been reported and discussed here.

accuracy Choosing accuracy as the performing criterion in class
imbalance classification may give inaccurate and misleading informa-
tion about a classifier performance which can be observed in this
section. Table 1 represents the Baseline accuracy of both Volvo and
Scania datasets with SGD and RF classifiers. Baseline is the approach
where data with no oversampling and no feature selection is per-
formed, the imbalanced data is used as it is for prediction. For both
datasets we can see that the accuracy is high for both the classifiers
this is because of the class imbalance effect on classifier. The classi-
fier is trying to meet its objective-rule by producing high accuracy
just by correctly classifying all examples from the majority class but
misclassifying examples of the minority class. Hence, we are consider-
ing evaluation metrics such as Precision, Recall, ROC-AUC, f1 score

27
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which is famously used metrics for imbalance datasets in later sec-
tions.

Case-2 Volvo-Data

Accuracy SGD RF

Baseline 84 93

Scania-Data

SGD RF

90 88

Table 1: Accuracy of SGD and RF classifiers

6.1.1 Volvo-Data

In this section, we examine the results of different oversampling tech-
niques performed on Volvo dataset. One of the reasons for implement-
ing General adversarial neural networks was because of the prior
knowledge of Volvo data being a 2D-histograms that resemble images
consisting of colored squares and GANs ability to generate realistic
image samples. In this section variations of GANs and simple over-
samplers as random over-sampler, SMOTE has been implemented for
the analysis of the effect on learning models. Also, to understand the
difference in the quality of data generated, network and time com-
plexity.

6.1.1.1 Over-optimism and Over-fitting

It is important to ensure that evaluation of prediction models us-
ing cross-validation is correctly performed, especially when oversam-
pling has been performed on data. Failing to do so will produce
unreliable and overoptimistic cross-validated estimates of the perfor-
mance of the prediction model which can be seen in this section.

Figure 14: Test SGD-AUC plots of case-1 and case-2
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To understand the effect of joint use of CV and oversampling ap-
proaches two different cases has been implemented. We use SGD
classifier on Volvo data for this purpose. In figure 14, graph repre-
sents the test AUC values of Case-1 and case-2 with green and light
green colors respectively. Case-1 is where at first the oversampling
is performed on entire data and then CV is performed to train and
test the prediction model. Case-2 is where at first CV is performed
and then oversampling is applied to only train data. After oversam-
pling, the SGD model results confirm that the AUC values in case-1
are 10-20% higher than case-2 not because the model is generalized
well but the difference between the training and test results are not
considerable in this situation. This is because test sets contain similar
characteristics or patterns to train sets as all the samples are shown
to oversampling models while generating minority samples. Whereas
in case 2, only the train samples are shown to over-samplers while re-
generating artificial samples and true evaluation is performed with
test set which was never used during over- sampling. As a result,
over-optimism does not appear in this scenario. However ROS and
SMOTE seem to be introducing overfitting as there is no effect of CV
on them, this is intuitive as they create exact replicas(ROS) or very
similar replicas (SMOTE) to the existing training patterns, the mod-
els tend to overfit these training patterns and fail to generalize to
different ones.

6.1.1.2 Model Comparison

Table 2 represents SGD and RF models performance from case 2

where at first CV is performed and then oversampling is applied to
only train data. In table both minority and majority score values of
precision, recall, F1- score are given to understand the significance of
these evaluation metrics in case of class imbalance data. SGD predic-
tion for minority class with precision, recall, f1-score have improved
results with oversampling than baseline making it clear that oversam-
pling could help the learning models improve performance and the
increased results of GANs are closer saying the models are general-
ized. Whereas in ROS and SMOTE the performance of SGD models
has degraded and models have failed to generalize after oversam-
pling. Considering AUC of SGD classifier BEGAN has performed the
best.
In case of RF classifier, the oversampling techniques did not affect
the results. We can see that the AUC of baseline (no oversampling is
performed) is as same as the AUC of oversampling techniques. There
is no significant change in the results. When we compare the results
of SGD with RF classifier, RF model outperforms SGD.
One of the challenges is to feed huge data for GAN networks so it was
appropriate to use dimensionality reduction technique. As mentioned
in earlier section 4 the computational costs of training GAN networks
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Case-2

Models Precision Recall F1-Score AUC

Classes 0 1 0 1 0 1

SGD Baseline 0.87 0.2 0.99 0.02 0.92 0.03 0.52

ROS 0.88 0.19 0.79 0.31 0.84 0.24 0.53

SMOTE 0.89 0.16 0.57 0.54 0.7 0.25 0.52

VGAN 0.88 0.51 0.79 0.66 0.83 0.57 0.64

WGAN 0.87 0.85 0.97 0.57 0.92 0.68 0.62

BEGAN 0.87 0.51 0.82 0.62 0.85 0.56 0.68

SMOTE-VGAN 0.87 0.55 0.90 0.54 0.93 0.7 0.64

RF Baseline 0.94 0.85 0.98 0.62 0.96 0.72 0.94

ROS 0.96 0.83 0.98 0.72 0.97 0.77 0.94

SMOTE 0.95 0.82 0.98 0.69 0.97 0.75 0.94

VGAN 0.92 0.92 0.98 0.73 0.95 0.81 0.93

WGAN 0.92 0.93 0.98 0.73 0.95 0.82 0.93

BEGAN 0.92 0.92 0.98 0.73 0.95 0.82 0.93

SMOTE+VGAN 0.87 0.92 0.98 0.53 0.93 0.69 0.93

Table 2: Evaluation of learning models considering complete feature set(CV
before oversampling)

are high due to which dimensionality reduction method were imple-
mented. Table 3 represents precision, recall, F1- score, AUC scores
from wilcoxon rank sum test method referred to as case 3. For SGD
model, the difference in precision and recall score is not consider-
able while comparing different oversampling techniques for selecting
a best oversampling method. Considering F1 score as deciding factor
for model performance for the comparison of different oversampling
techniques is not favoring as well. Therefore, looking at the AUC val-
ues VGAN, WGAN, SMOTE-VGAN methods have slight improve-
ment in model performance but not significant, also the prediction of
minority class is very low.
When we compare the results of SGD with dimensionality reduction
(case-3) to the results of SGD without dimensionality reduction (case-
2), the AUC results seem to be declined. The reason could be because
of loss of information and features being highly influential in the
dataset considered.
Volvo data is continuous as mentioned in section 4, with PCA as di-
mensionality reduction method data was represented with fewer vari-
ables compared to case-2 where all the features were considered. 15

principle components with highest variance was used to reduce the
train time complexity of GAN networks. Table 4, presents precision,

[ January 26, 2020 at 19:06 – classicthesis ]



6.1 supervised approach for comparing oversampling techniques 31

Case-3

Models Precision Recall F1-Score AUC

Classes 0 1 0 1 0 1

SGD Baseline 0.87 0.2 0.99 0.02 0.92 0.03 0.51

Wilcox 0.87 0.15 0.94 0.07 0.9 0.1 0.51

ROS 0.87 0.19 0.92 0.13 0.89 0.15 0.53

SMOTE 0.88 0.20 0.89 0.19 0.88 0.19 0.53

VGAN 0.88 0.21 0.91 0.16 0.89 0.18 0.55

WGAN 0.87 0.23 0.91 0.16 0.89 0.18 0.54

BEGAN 0.87 0.21 0.98 0.04 0.92 0.06 0.52

SMOTE-VGAN 0.87 0.20 0.95 0.08 0.91 0.12 0.54

RF Baseline 0.94 0.85 0.98 0.62 0.96 0.72 0.94

Wilcox 0.94 0.86 0.98 0.70 0.97 0.72 0.94

ROS 0.96 0.83 0.98 0.69 0.97 0.76 0.94

SMOTE 0.95 0.83 0.98 0.63 0.96 0.75 0.94

VGAN 0.94 0.86 0.98 0.63 0.96 0.73 0.93

WGAN 0.95 0.86 0.98 0.63 0.96 0.73 0.93

BEGAN 0.95 0.86 0.98 0.63 0.96 0.73 0.93

SMOTE+VGAN 0.95 0.86 0.98 0.63 0.96 0.73 0.94

Table 3: Evaluation of learning models considering Wilcox rank-sum feature
set(CV before oversampling)

re- call, F1-score and AUC values of SGD and RF models with prior
(Baseline) and posterior to various oversampling techniques.
In SGD model prediction of minority class with precision, recall and
F1-score has considerable decrement compared to case 2 where all
the dimensions were considered. By this it can be said that using
dimensionality reduction reduced the classifier performance. In the
AUC perspective its hard to select the best performed oversampling
methods as models are taking random guess with AUC value ranging
in 0.5. As in the earlier cases RF models dependency on oversampling
models cannot be depicted. Overall there is an evident decrease in
model performance using the dimensionality reduction. This could
be acceptable because the there maybe information loss during the
dimensionality reduction.

6.1.2 Scania-Data

To test the generalization of GANs as oversampling methods the case
2 experiment was again carried on another imbalanced dataset from
Scania where there is higher class imbalance compared to Volvo data
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Case-4

Models Precision Recall F1-Score AUC

Classes 0 1 0 1 0 1

SGD Baseline 0.87 0.2 0.99 0.02 0.92 0.03 0.51

PCA 0.87 0.02 1.00 0.09 0.93 0.02 0.50

ROS 0.86 0.11 0.90 0.04 0.88 0.07 0.51

SMOTE 0.87 0.19 0.97 0.03 0.92 0.05 0.50

VGAN 0.87 0.22 0.99 0.02 0.92 0.04 0.51

WGAN 0.87 0.12 0.97 0.01 0.92 0.04 0.51

BEGAN 0.87 0.13 0.99 0.02 0.93 0.01 0.51

SMOTE-VGAN 0.87 0.15 0.98 0.13 0.92 0.04 0.51

RF Baseline 0.94 0.85 0.98 0.62 0.96 0.72 0.94

PCA 0.88 0.92 0.98 0.16 0.94 0.27 0.92

ROS 0.92 0.86 0.99 0.45 0.95 0.59 0.93

SMOTE 0.92 0.83 0.99 0.46 0.95 0.59 0.94

VGAN 0.89 0.90 1.00 0.18 0.94 0.29 0.93

WGAN 0.89 0.91 1.00 0.17 0.94 0.29 0.93

BEGAN 0.89 0.92 1.00 0.17 0.94 0.29 0.93

SMOTE+VGAN 0.89 0.92 1.00 0.17 0.94 0.29 0.93

Table 4: Evaluation of learning models considering PCA feature set(CV be-
fore oversampling)

as mention in section 5. Another distinction of this dataset is that the
features constitutes readings from different sensors.
In this section supervised evaluation of models with simple over sam-
plers as random over-sampler, SMOTE and variations of generative
adversarial neural networks has been implemented and evaluated.
Table 5 represents SGD and RF models performance from case-2
where at first CV is performed and then oversampling is applied to
only train data. In table both minority and majority score values of
precision, recall, F1- score are given to understand the significance
of these evaluation metrics in case of class imbalanced Scania data.
The precision and recall for majority class (0) is higher compared to
minority class (1) this is because of the presence of high number of
majority than minority. But it can be observed that precision and re-
call of minority class has significant increase in SMOTE and WGAN.
By observing the prediction of minority class using SGD classifier, the
improvement can be clearly seen with different oversampling tech-
niques. WGAN and SMOTE has increased results compared to other
techniques with respect to AUC values. RF model has outperformed
SGD by looking closely at the minority predictions after using over-
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Case-2

Models Precision Recall F1-Score AUC

Classes 0 1 0 1 0 1

SGD Baseline 0.87 0.52 0.97 0.51 0.92 0.50 0.72

ROS 0.95 0.65 0.98 0.67 0.96 0.66 0.89

SMOTE 0.95 0.66 0.98 0.69 0.96 0.68 0.90

VGAN 0.99 0.54 0.99 0.61 0.99 0.59 0.86

WGAN 0.97 0.88 0.99 0.68 0.98 0.77 0.97

BEGAN 0.88 0.57 0.92 0.67 0.90 0.61 0.71

SMOTE-VGAN 0.99 0.58 0.99 0.66 0.99 0.62 0.86

RF Baseline 0.97 0.89 0.99 0.69 0.99 0.76 0.97

ROS 0.98 0.82 1.00 0.68 0.97 0.77 0.97

SMOTE 0.99 0.87 1.00 0.97 1.00 0.91 0.98

VGAN 0.99 0.88 0.99 0.96 0.98 0.92 0.99

WGAN 0.99 0.86 0.98 0.95 0.98 0.91 0.97

BEGAN 0.99 0.84 0.99 0.96 0.99 0.94 0.98

SMOTE+VGAN 0.99 0.88 1.00 0.95 0.99 0.92 0.99

Table 5: Evaluation of learning models considering complete feature set(CV
before oversampling)

sampling methods. This is different from our previous observation
with Volvo Data. Finally, for case 2 test values of all performance met-
rics as recall, F1 score of oversampling methods is always higher than
baseline in particular most of the GAN models have achieved greater
value than simple oversampling techniques. Understanding the need
for large amount of data for GANs in order for them to generate
high quality data, the data up sampled from SMOTE with 5000 sam-
ples were fed to VGAN. This combination of SMOTE-VGAN has also
achieved better AUC results compared to baseline. Therefore making
it clear that oversampling the data using GANs resolves class imbal-
ance in cases of Scania data.

6.2 un-supervised approach

To determine the quality of data generated from various over sam-
pling method two different methods has been explored. To visualize
and compare the generated data with original data t-SNE plots were
plotted. For numeric measure of distance between original and regen-
erated data FID measure is been calculated.
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6.2.1 Visualizing generated samples with t-SNE Plots

Figure 15: Volvo-data t-SNE plot: [Left-Right] a)SMOTE b)VGAN c)WGAN
d)BEGAN e)SMOTE-VGAN

Dimensionality reduction algorithm as t-SNE is been applied to visu-
alize the difference between original and generated data from various
oversampling methods. For Volvo data, 5000 samples of healthy data
are represented by the colour cyan, 5000 samples of unhealthy data
are shown in green and 5000 samples of the generated unhealthy
samples are represented by a light green colour which can observed
in figure 14. We choose just 5000 samples to visualize as the com-
putation of t-SNE is expensive. These can be seen as three different
majority, minority, generated minority clusters with cyan, green and
light green color respectively.
From figure 15(a), the generated unhealthy cluster from SMOTE are
distributed all over and do not match the formation of unhealthy
original cluster. In figure(b), VGAN has slightly learnt small portion
of upper mode but majority of re-sampled minority data produced by
this method appears to have been generated samples in same region
with limited diversity. In figure (c) and (d), both WGAN and BEGAN
has learnt the upper mode of minority data. When compared with
VGAN, learning of WGAN and BEGAN networks are much better.
The combination of SMOTE-VGAN generated data visualized in fig-
ure (e). They seem to have tried learning both the modes in rotated
fashion.
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Figure 16: Scania-data t-SNE plot:[Left-Right] a)SMOTE b)VGAN c)WGAN
d)BEGAN e)SMOTE-VGAN

Scania data visualization of original and regenerated data from over-
sampling methods using t-SNE can be seen in figure 15. 700 samples
of healthy data are represented by the colour cyan, 700 samples of
unhealthy data are shown in green and 700 samples of the generated
unhealthy samples are represented by a light green colour which can
observed in figure 17. These can be viewed as three different majority,
minority and generated minority clusters with cyan, green and light
green color respectively.
In figure 16(a) the generated unhealthy clusters from SMOTE are
spread-out all over and follow very less portion of un-healthy orig-
inal samples pattern and the over-sampler has added more noise to
the original samples. In figure (b), VGAN has produced all modes but
they appear to centered in middle while in figure (c) and (d) WGAN
and BEGAN all the regenerated data appears to be in same region
with limited diversity. Further 2000 samples of minority class gener-
ated from SMOTE was used to train VGAN to enhance the learning
experience of GAN. This can be seen in figure (e), the regenerated
samples appear to be generated in on single wide region and follow
very less portion of original data. From t-SNE plots of both Volvo data
and Scania data we could observe that learning pattern of GANs was
similar for both datasets.
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6.2.2 Frechet Inception Distance Measure

The evaluation of generated data being close to the distribution of real
data was not much referable from tsne graphs. Hence, it is important
to use a valid distance measure such as FID. In this section, the FID
measure was used to calculate the distance between original and sam-
ples generated from different oversampling techniques in both case
of Volvo and Scania data.

FID-Case2 Volvo-Data Scania-Data

SMOTE 1303.2 4280.9

VGAN 1079.7 3760.1

WGAN 1062.3 3436.2

CGAN 1063.1 3924.4

BEGAN 1061.1 3631.3

SMOTE-VGAN 1078.3 3672.5

Table 6: Frechet Inception Distance Measure

Table 6 represents the FID measure for both volvo and scania data.
For volvo data 5000 samples of original cluster is compared with re-
generate 5000 samples cluster from various oversampling methods
where as in Scania data 700 original cluster is compared with regen-
erated 700 cluster. Detailed explanation of FID measure calculation is
given in section 5. The aim is to archive lowest FID score indicating
the generated data is closer to original data.
From table 6, in both the data-sets the FID measure of SMOTE is
higher than the GANs stating the generated data is noisier. From
volvo data table among the GANs, BEGAN was best in learning
the underlying distribution of original minority Volvo data. Whereas
WGAN seems to have improved learning compared to other GANs in
Scania data as well. Hence, we can factually say that GANs learn the
underlying distribution of data and contribute in better prediction
than simple oversampling techniques.

[ January 26, 2020 at 19:06 – classicthesis ]



7
C O N C L U S I O N

Class imbalanced learning on complex data has always been a chal-
lenge for machine learning research. As a solution for this we have
tried different variation of oversampling techniques on Volvo and
Scania truck data. The imbalance issue in the classification task of
these imbalanced data sets were solved using Generative Adversarial
Networks as an oversampling technique. Moreover, GANs proved to
be better than simple oversampling techniques like random oversam-
pling and SMOTE in learning the underlying distribution and thereby
contributing for the learning of machine learning models.
One of the observations from our experiments is using dimensionality
reduction technique degraded the performance of the classifier due to
under-representation of data. Also, with some learning models there
is less dependency on oversampling methods in our case this could
be explained with RF learning model. A suggestion to understand
the concepts of over-optimism and over-fitting during over-sampling
is provided by carrying out two different cross validation approach.
We found out that combination of two oversampling techniques like
SMOTE-VGAN can help achieve better results. For the evaluation of
learning models and quality of data generated we used supervised
and unsupervised evaluations. When we align the results from both
the approaches, we could notice that SMOTE has performed well
with AUC perspective while it has worst FID value. Nevertheless,
GANs are still better than SMOTE we can say this by looking at the
results of BEGAN for Volvo data has performed best both by AUC
perspective and FID measure. In Scania data WGAN has performed
best both by AUC perspective and FID measure. Clearly, we can see
the improvement in results due to the generation of better-quality
minority data.
This study limits the reduction in computational costs of GAN net-
works with dimensionality reduction tools that could help improve
learning in classifiers and also only one combination of oversam-
pling technique is explored. As a future work, one could use better
evaluation metric or explore more such oversampling techniques like
SMOTE-WGAN, BEGAN-SMOTE so on.

37
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