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Abstract

In real world applications, it is very common to encounter data with high class
imbalance. Imbalanced dataset is a challenging issue in practical classification
problem, as the classifier gets biased towards the majority classes.

The traditional techniques like synthetic minority oversampling have great suc-
cess in traditional machine learning problems with class imbalance, however these
techniques fail to perform well in the field of complex, structured and very high
dimensional data like images.

In our work we propose a novel dynamic oversampling framework, which is broadly
subdivided into three parts. The first step is the representation learning of the
dataset, where a Convolutional Neural Network is used to map the raw input
training data into a new feature space. In the second step a modified minority
oversampling technique is implemented with adaptive k-NN based search between
in-class samples in deep feature space. Finally a dense neural classifier is trained on
the augmented dataset. To increase the discriminating power of the final classifier
we have trained it with modified sample weights.

We have also supplemented our work with empirical studies on publicly avail-
able benchmark image datasets and have shown that our technique provides a
good countermeasure to handle imbalanced image datasets and provides superior
performance than existing techniques.

Keywords: Imbalanced Classification, Representation Learning, Adaptive-kNN,
Minority Oversampling
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Chapter 1

Introduction

1.1 Problem Statement

In general the pattern classification problem can be mathematically viewed as
learning a function g(.) from a set of patterns X to a set of class labels C = {1, 2,
3,..., C} [1,2]. Each data points in set X is a D-dimensional vector (i.e. X C RP).

If there are only two classes (i.e. |C| = 2) then it is called binary classification
problem. If there are more than two classes (i.e.|C| > 2 then it is called multi-class
classification problem.

A classifier is designed to perform the task of classification [I]. During training a
subset of the original dataset X;..;, C X, called the training dataset are fed to
classifier in order to estimate the property of the function g : X — C. Let there
are total n number of training samples (i.e. |Xyqin| = m). At this stage for each
training sample z; € Xy.4in, where i = 1,2, ..., n the true value of g(x;) are known
to the classifier. During testing phase the classifier is expected to predict correct
class-label of unseen test samples. i.e. for a new unseen data point z; € Xies,
where j = 1,2,...,m the classifier is expected to provide correct values of g(z;).
Here, X;oss C X called the test dataset and |Xyeq| = m.

Definition 1.1. Imbalanced Classification: Consider a classification problem.
If one or few of the classes have significantly less number of training samples
as compared to the other classes then it is called a Imbalanced Classification
problem. The under-represented classes are called minority classes and rest are
called majority classes.

Class imbalance is intrinsic in many classification problems, e.g. medical diag-

noses problem where the majority of patients are healthy. Fxtrinsic imbalance, on

the other hand, is introduced through external factors, e.g. collection or storage

procedures [3].

Let n. denotes the number of training sample pertaining to class-c¢ (¢ € C) and
C|

er1 e = n. We define Class Imbalance Ratio as following.
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Definition 1.2. Class Imbalance Ratio (p)

~ maz {n.|c=1,2,...,|C|}
 min {n.|c=1,2,....C|}

Definition 1.3. Let ny,0, = maz {n.|c=1,2,...,|C|}. Then, we define Minority
Classes (Crin) and Majority Classes (Cy,jr) as following:

1
Cmm:{c|c€CandnC§;><nmm} and  Cpaj = C\ Cin

where, p’ (< p) usually depends on user’s discretion and specific to the dataset
under consideration.

Images are highly structured, spatially coherent, and complex high dimensional
datapoints. Consider a tiny RGB image of spatial dimension 32 x 32. If we
consider each pixel to be a different attribute, then the overall dimensionality of
such images is 3072. Convolutional Neural Network (CNN) (sec: has proven
its excellence in classifying structured data like Images than traditional classifiers
[4]. Image dataset also contains intrinsic long-tail or skewed distribution of classes,
e.g. Scene UNderstanding dataset SUN-397 [5].

1200 -
1000
800

600

# Occurrences

400

0 50 100 150 200 250 300 350 400
Class index

Figure 1.1: Long-tail distribution of SUN-397 dataset
Figure taken from reference: [0]

Despite its success in image classification problem, CNN suffers from the class
imbalance issue and like traditional classifiers it is also prone to get biased towards
the majority classes, resulting in poor performance in minority classes [7]. Our
task is to develop an algorithm that will boost the performance of CNN based
image classifier in the presence of class imbalance in the dataset. Let’s first see an
example to understand the effect of class imbalance in deep learning.
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1.2 A Motivational Example

In this section we shall see an example where the performance of CNN gets dete-
riorated with class imbalance.

1.2.1 Dataset and Imbalanced Settings

MNIST handwritten digit recognition dataset is a very popular benchmarking
dataset in machine learning [§]. There are total 10 classes pertaining to 10 digits.
The dataset contains 60000 training images and 10000 test images.

The dataset is not inherently imbalanced. We have randomly chosen 4 classes as
minority classes (digit-0, 2, 5 & 8). The data from the minority classes are dropped
randomly to achieve the desired class imbalance ratio (p = 10, 20,40 &100).

Recall with

Balanced Data Recall with Imbalanced Data

Digits p=1 p=10 p=20 p=40 p=100
0¥ 0.993 0.978 0.981 0.933 0.861
1 0.998 0.998 0999 0997  0.993
o 0.997 0.933 0.930 0.823 0.804
3 0.995 0.998 0.991 0993  0.994
4 0.994 0.999 0993 0.98  0.994
5* 0.987 0.950 0.946 0.879 0.826
6 0.990 0.995 0992 0996  0.991
7 0.992 0.988 0982 0993  0.998
g+ 0.982 0.927 0.899 0.899 0.846
9 0.981 0.970  0.991 0991  0.991

* marks digits belong to minority classes

Table 1.1: Effect of imbalance in handwritten digit recognition using MNIST
dataset

1.2.2 Performance and Observation

We have tested the performance of the CNN (sec: on imbalanced MNIST data
of different imbalance ratio (p = 10, 20,40 &100) and compared the performance
with the balanced data. The performance metric being Class Specific Recall (sec:
. It has been observed (Table the steady deterioration of the performance
of CNN pertaining to the test samples in minority classes with the increase in
class imbalance ratio (p).



1.3. Our Contribution 11

This example helps us to understand the effect of class imbalance on the perfor-
mance of CNN.

1.3 Owur Contribution
Our contributions are summarized as follows:

e We have proposed a new synthetic oversampling technique for minority
classes in deep feature space obtained by the CNN’s representation learn-
mg.

e We have analyzed the complexity of our algorithm.

e We have also proposed a sample wise re-weighting scheme to improve the
discriminating power of the final classifier.

e We have tested our proposed method for some bench-marking dataset as well
as for a new synthetic dataset which was obtained by sub-sampling original
ImageNet dataset of ILSVRC’12.

1.4 Thesis Outline

The rest of the thesis is organized as follows:

e In Chapter-2, we briefly discussed about the preliminaries, like: CNN,
VGG-16 architecture, k-NN and Ada-k-NN algorithm and different perfor-
mance metrics.

e In Chapter-3, we have discussed about the other related work that has
been already done in this field.

e In Chapter-4, we have described our proposed framework with details.

e In Chapter-5, the datasets being used are briefly described along with
detailed testing procedure.

e In Chapter-6, different CNN architectures used for representation learning
are thoroughly discussed.

e In Chapter-7, the performance evaluation of our proposed framework is
carried out on different datasets.

e Finally, we have concluded our discussion in Chapter-8 after discussing the
scope of future work.



Chapter 2

Preliminaries

2.1 Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN or ConvINet) [4] is a class of deep neural
network mostly applied to visual recognition task, e.g. classification of images.
They are also known as Shift Invariant or Space Invariant Artificial Neural Net-
works (SIANN), based on their shared-weights architecture and translation in-
variance characteristics. It has shown superior performance over Multi-Layered
Perceptron [9] in visual recognition task [10]. A Convolutional Neural Network
comprises of following building blocks [11].

pooled Fully-connected 1

feature maps pooled  featuremaps faatyre maps
feature maps o
I r I E S

Input Convolutional Pooling 1 Convolutional

layer 1 layer 2

000000
L X N

Outputs

Pooling 2

Figure 2.1: Block Diagram of Convolutional Neural Network (CNN)
Source: https://res.mdpi.com/entropy /entropy-19-00242/article_deploy/

e Convolutional Layer:
Convolutional layer is the basic building block of CNN. Each convolutional
layer should have the following attributes:

— Input is a tensor with shape (number of images) x (image width) X
(image height) x (image depth).

12
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— A set of learnable Convolutional Kernels whose width and height are
hyper-parameters, and whose depth must be equal to that of the image.
Convolutional layers convolve across the width and height of the input
volume and pass its result to the next layer.

Each convolution operation is usually succeeded by ReLU activation [10].

e Pooling Layer:
Another important concept of CNNs is pooling, which is a form of non-
linear down-sampling. There are several non-linear functions to implement
pooling among which max pooling is the most common. It partitions the
input image into a set of non-overlapping rectangles and, for each such sub-
region, outputs the maximum.

e Fully Connected Layer
After several convolutional and max pooling layers, the high-level reasoning
in the neural network is done via fully connected layers (also known as Dense
layers).

e Classification Layer
This is the final output layer of the CNN where the actual output is compared
with the predicted output and the loss is calculated in supervied learning
framework. The loss is optimized by updating the learnable parameters
through backpropagation learning algorithm [9]

2.2 VGG-16 Architecture

VGG-16 [12] is a deep CNN architecture developed by Visual Geometry Group
(VGG) at Oxford University in the year 2014 for ILSVRC’14 competition [13].

3 234:x224 x 64

5[ 56 = 206
4 Aigxgh-xm-*_: TxTx5H12

. ﬁ“‘ﬁ'ﬂﬁx%L 1x1 %4096 1% 1% 1000
Jyl

r:[] convolution+RelAT
Y { 7 max pooling
/ fully connected+ReLU

| softmax

Figure 2.2: How VGG-16 works
Source: http://www.cs.toronto.edu/ frossard/post/vggl6/
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It comprises of 16 number of intermediate weight layers and 1 Classification (or
Softmaz layer).

e 13 convolutional layers
e 3 fully connected layers

The model achieves 92.7% top-5 test accuracy in ILSVRC’14 competition. The
number of trainable parameters of VGG-16 is approxiately 138.36 million.

2.3 Representation Learning: Supervised Deep

Feature Extraction using Deep Neural Net-
work (DNN)

Definition 2.1. Representation learning is the process of using machine learn-
ing to map raw input data features into a new representation, i.e. a new feature
space, for the purpose of improving detection and classification tasks. This map-
ping from raw input data to new representations is achieved through non-linear
transformations of the input data. [14]

Let the original data points belong to D dimensional space. Through representa-
tion learning we are learning a function f(.) which shall map (embed) the original
data points into d dimensional space (also known as feature space). Usually d < D,
thus representation learning is a technique used for dimensionality reduction and
feature extraction

The mapping f : R” — R? should preserve the neighbourhood information of the
original datapoints as much as possible.

Thus with representation learning classification task g : X — C (as described in
sec: |1.1)) becomes a two step process.

e Find the representation of the original datapoints (X) in feature space using
function f(.). . .
f:X =X, (X CRPand X CRY

e Use these representation of the original dataset (X) to learn another function
h(.) which shall map these feature space to the set of classes (C).

h:X =C

As data passes through the hidden layers of a Deep Neural Network (DNN), it
is transformed by each layer into a new representation. Given sufficient data,
DNNs are able to learn high-level feature representations of inputs through the
composition of multiple hidden layers.[15]

We have employed basic CNN to perform the task of representation learning as
shown above. The CNN is trained on labelled training dataset to learn the em-
bedding function f(.) from input feature space to deep feature space. Thus this
procedure is also known as Supervised Feature FExtraction.
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= =

Dense

Conv + RelLU +
MaxPool

Output

Input
Embedding

Figure 2.3: Representation Learning by CNN

2.4 The k-Nearest Neighbour Algorithm

k-Nearest Neighbour (k-NN) algorithm is a very well known non-parametric pat-
tern classification algorithm [I6]. Because of its simplicity it has found its applica-
tions almost in every domain of pattern classification. Following is the algorithm
to find the k nearest neighbours of a datapoint x from a dataset S.

Algorithm 1 Get_k_Nearest_Neighbours (z, S, k)
Require: The set of Data S and the point x and number of neighbours k

1: Let [S\{z}=n—-1

2: dist =[] > Initialize list of distances

3: fort=1ton—1do

4: d < Euclidean Distance between z and it point of S\ {x}

5: dist.append(d) > Adding the distance computed to the end of list

6: end for

7. neigh < argsort(list, k) > Sort w.r.t. index and return indices of k-smallest
values

8: return neigh

2.5 Class Weighting Scheme

One of the effective way of handling class imbalance is to use class specific weights.
Usually in this method the learning algorithm is highly penalized in the event
of misclassification of minority class samples. A folklore technique is to assign
the class weight of a particular class to be inversely proportional to the prior
probability of the class. Following Class Weighting Scheme (Algorithm: 4) shall
be used to compute class weights of some labelled dataset X.
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Algorithm 2 Class_Weight_Calculation (X)
Require: The labeled dataset X

Let | X|=n
Let the set of class labels C = {1,2,...,C}
Let g(z), Yz € X denotes the class label of datapoint z, i.e. g(x) € C
X« {z|zeXandg(x)=c} YVeeC
Ne < | X¢|
Initialize ClassWeights € RIC! > Initialize Global Class Weight vector
Z+0 > Initialize normalization constant
for c=1to|C| do
Pe < (ne/n) > p, is the prior probability of class ¢ € C
ClassWeights|c] < (1/p.)
Z « Z + ClassWeights|c]
: end for
. ClassWeights < ClassWeights /Z > This step normalizes the class weight
vector
14: return ClassWeights

[ S S

2.6 Performance Metrics

Performance of a classifier on a C-class classification problem can be expressed in
the form of a matrix called the Confusion Matriz, which is defined as follows:

Definition 2.2. A Confusion Matriz over a test set Xy for a C-class classi-
fication problem can be defined as M¢c = [m;;j]oxc, where m;; represents the
number of points which actually belong to i’ class but are predicted as a member
of class j, Vi,j € C. Thus, the diagonal elements (i.e.m;;) are those instances
of class ¢ which are correctly classified while the rest are different misclassifica-
tions. Each entry in the confusion matrix must be a non-negative integer i.e.
m;; € 7t U {0}, Vi,j €C

There are some important properties of the Confusion Matrix as discussed follow-
ing:

1. The sum of the entries of the confusion matrix is denoted by n; (i.e. ZjC=1 mij =
ni; Vi € C), which is the number of test points belong to the i class. We
assume n; > 0.

2. The sum of the entries in the j* column of the confusion matrix denoted by
I (ie. S5, my; = 1;; ¥j € C), which is the number of test points predicted
as j'" class by the classifier.

3. The total number of test points = Z?ﬂ chzl mi;; Vi,j € C.

To summarize the performance of a classifier we define following performance
metrics, whose values are easily obtainable from the Confusion Matrix.
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e Precision: Precision (denoted by «) for i'" class is defined as:

;= ”Z . Viec. (2.1)

i
Average Precision is calculated as:

IC|

_ 1
i=1

Average Precision for majority and minority classes are calculated as:

1 1

Omai = —— a. and pim = ——— Q. (2.3)
’ |Cmaj| CGCmaj |Cm7'n| c € Cmin
e Recall: Recall (denoted by 3) for i class is defined as:
g ="0" viec (2.4)
T

Average Recall (also known as Awverage Class Specific Accuracy, ACSA) is

calculated as:
C]

_ 1
_ 2.5
s C ;:1 s (2.5)

Average Recall for majority and minority classes are calculated as:

5maj:; Z ﬁc and 5mm:; Z Bc- (26)

‘Cma] ’ ce Crnaj ’sznl ce Crnin
e F'1 Score: F1 score for it class is defined as:
20, 3;
F, = ) 2.7
a; + B 2.7)
Average F1 score is calculated as:
B 1 C]
F= ] Y F (2.8)
i=1

Average F1 score for majority and minority classes are calculated as:

1 1
— F, and F,;, = ——
|Cmaj| ccCr |Cmm|

maj ¢ € Cmin

Fraj = F. (29
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e GMean: GMean (denoted by ) is calculated as:

1

e\ ] |

v=1I6] = HZL . (2.10)
=1

i=1

Q‘)—‘

GMean for majority and minority classes are calculated as:

o Conin]
Tmaj = H Bc and TYmin = ( H 66) . (211)

ce Cmaj ¢ € Cmin
e Accuracy: Accuracy (denoted by 7) is calculated as:

t M. <l my;
p = raceMe) _ dumm (2.12)

sum(Me) Sl S




Chapter 3

Related Works on Deep Learning
with Class Imbalance

Addressing class imbalance has been extensively studied over past few decades.
Johnson and Khoshgoftaar [14] published a comprehensive review of different tech-
niques used in the context of class imbalance both in the fields of traditional ma-
chine learning and deep learning. Researcher have shown that in class imbalanced
scenarios, the length of the minority class’s gradient component is much smaller
than the length of the majority class’s gradient component. In other words, the
majority class is essentially dominating the net gradient that is responsible for
updating the model’s weights[17].

All the techniques used in order to increase the classifier’s performance in the
presence of imbalanced data can be grouped into Data Level Methods, Algorithmic
Level Methods and Hybrid Methods.

In this section we shall briefly discuss the different techniques used for handling
class imbalance in Deep Learning.

3.1 Data Level Methods

These kind of techniques mainly deals with different methods of re-sampling the
training data to make it to-some-extent balanced.Various Data Level methods in
the context of deep learning are following:

3.1.1 Random Over Sampling (ROS)

In this method all minority classes were over-sampled until class balance was
achieved, where any class smaller than the largest class size is considered a minority
class. Masko and Hensman [I§] explored the effects of class imbalance and ROS
using deep CNNss.

19
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3.1.2 Random Under Sampling (RUS)

All majority classes were under-sampled until class balance was achieved, where
any class larger than the smallest class size is considered a majority class. RUS
performs poorly when compared to baseline as because of under-sampling the
classifier looses much of the information, which may be crucial for pattern classi-
fication. Buda et al. [I9] performed a two phase training procedure where in the
first phase the CNN is trained with balanced data produced by RUS and in the
second phase the CNN is fine tuned with the original data.

3.1.3 ROS + RUS

Let, p, is the actual class imbalance ratio in the dataset and p, is the desired class
imbalance ratio (p, > pq). Then in this method the majority classes were under-
sampled and minority classes are over-sampled to achieve the desired imbalance
ratio pg. Buda et al. [I9] compared ROS and RUS using three multi-class image
data sets and deep CNNs.

3.1.4 Synthetic Minority Oversampling TEchnique (SMOTE)

Synthetic Minority Oversampling Technique is a powerful method that has shown
a great deal of success in various applications [20]. The SMOTE algorithm creates
artificial data based on the feature space similarities between existing minority
examples. The SMOTE algorithm in short is described below.

— Let :EEC) denotes " sample of a minority class ¢ (¢ € Cyin).

— Let {2'9, 219, .., 219} denotes a set of k nearest neighbours of z\” for some
predefined value k (k € N).

(c)

i

— Choose one of the k nearest neighbours. Let’s call it

. % () |
— For some random number § € [0, 1], a new synthetic sample z; ~ is generated

in class ¢ using the following formula:

59 =29 4 (@Z@ - x§c>) X . (3.1)

The working principle of SMOTE algorithm has been pictorially depicted in figure:
[3.1] There are other variants of SMOTE like borderline-SMOTE [2I] and safe-
level-SMOTE [22] which improve upon original algorithm.

Khan et al.| [23] used SMOTE to compare with the results obtained by their
method. We have also used SMOTE to compare with the results produced by our
algorithm on different dataset.
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(a) Example of k-NN of z; (k = 6). (b) Synthetic sample generated.

Figure 3.1: How SMOTE works
Figure taken from reference: [3]

3.2 Algorithmic Level Methods

These type of techniques mainly focuses on modifying the model’s underlying
learning or decision process to increase sensitivity towards the minority group.Various
Algorithmic Level methods in the context of Deep Learning are discussed below.

3.2.1 Focal Loss

[24] proposed a model that effectively addresses the extreme class im-
balance commonly encountered in object detection problems, where positive fore-
ground samples are heavily outnumbered by negative background samples.

5
CE(p) = —log(p) = g .
—)-y = .
4 FL(p)) = —(1 — p)” log(p1) v=1
—_——=2
3 —=5
w
w
o
2 .
well-classified
examples
1t A
0
0 0.2 0.4 0.6 0.8 1

Figure 3.2: Focal Loss for different values of hyper-parameter
Figure taken from reference: [24)
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To combat the extreme imbalances, focal loss re-shapes the cross entropy (CE) loss.
This is achieved by multiplying the CE loss by a modulating factor, oy (1 — p;)”.

FL(p:) = —as(1 — pt)" log(py)- (3.2)

Hyper parameter v > 0 adjusts the rate at which majority classes are down
weighted, and a; > 0 is a class-wise weight that is used to increase the importance
of the minority class. Fasily classified examples (i.e. the majority class sam-
ples), where p, — 1, cause the modulating factor to approach 0 and reduce the
sample’s impact on the loss. Though the idea was originally proposed for binary
classification problem, the same can be extended for multi-class classification as
well.

3.2.2 Cost Sensitive Deep Neural Network

In Cost Sensitive Deep Neural Network (CSDNN) the loss function was modified
to incorporate a pre-defined cost matrix, forcing the network to minimize mis-
classification cost. Cost sensitive method has outperformed many other existing
methods of deep learning in case of imbalanced classification. Wang et al.| [25] has
employed a CSDNN method to detect hospital re-admissions, a class imbalanced
problem where a small percentage of patients are readmitted to a hospital shortly
after their original visit.

3.3 Hybrid Level Methods

Data level and algorithm level methods are combined in several ways and applied
to the problem of imbalance learning. These type of composite methods are labeled
as Hybrid Methods. Among various existing Hybrid Level methods following two
methods are very useful in the context of deep learning for imblanced classification.

3.3.1 Large Margin Local Embedding (LMLE)

Huang et al. [26] proposed the Large Margin Local Embedding (LMLE) method
for learning more discriminative deep representations of imbalanced image data.
The method is motivated by the observation that minority groups are sparse and
typically contain high variability, allowing the local neighborhood of these minor-
ity samples to be easily invaded by samples of another class. By combining a new
informed quintuplet sampling method with a new triple-header hinge loss func-
tion, deep feature representations that preserve same class locality and increase
inter-class discrimination are learned from imbalanced image data. These deep
feature representations, which form well-defined clusters, are then used to label
new samples with a fast cluster-wise k-NN classification method. The proposed
LMLE method is shown to achieve state-of-the-art results on the CelebA [27] data
set, which contains high imbalance levels up to p = 49.
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3.3.2 Deep Over-Sampling Framework (DOS)

Ando and Huang [28)] introduced over-sampling to the deep feature space produced
by CNNs in their DOS framework. The DOS framework consists of two simulta-
neous learning procedures, optimizing the lower layer and upper layer parameters
separately. The lower layers are responsible for acquiring the embedding function,
while the upper layers learn to discriminate between classes using the generated
embeddings. In order to learn the embedding features, the CNN’s input is pre-
sented with both a class label and a set of deep feature targets, an in-class nearest
neighbor cluster from deep feature space. Then the micro-cluster loss computes
the distances between each of the deep feature targets and their mean, constrain-
ing the optimization of the lower layers to shift deep feature embeddings towards
the class mean.

Multi-task Training

Single-task Training Training Set Embedding
. ) Xpr by f &
Supervised Supervised

Classifier Learning Feature Learning Sagple

T Class ()

Selection Yi
Classification layers
Embedding Neighbour {f(g }k
i by f i Search )iz
Embedding layer (shared)
1 I Overloaded sample
. A] d — 5 o SN*
X+ (Input — e.g. image) ppet xl.(c) = (xim,yi , {xi(jc)}]_:l)

(a) (b)

Figure 3.3: The DOS Framework: (a) Basic CNN Architecture for supervised
feature learning and (b) The Deep Feature Overloading Framework
Figure adopted from reference: [28]

The deep over-sampling component is the process of selecting k in-class neighbours
from deep feature space. In order to address class imbalance, the number of in-
class neighbours to select should vary between classes. For example, using £ = 3
for the minority class, and k& = 0 for the majority class, will supplement the
minority class with additional embeddings while leaving the majority class as is.



Chapter 4

Our Proposed Technique

In this chapter we shall discuss about our proposed framework. We call it Adap-
tive Dynamic Over-Sampling (ADOS) Framework.

4.1 Mathematical Notations

Following are the list of mathematical notations used to describe our work.

C Set of Classes
Crnaj Set of Majority Classes
Cnin Set of Minority Classes
X, € R™P Training Dataset
X, € RmxP Test Dataset
n Number of training samples
m Number of test samples
Ne Number of training sample pertaining to class-c, Ve € C
Nomaz mazx {n.:ce{L, 2,...,|C|}}
Nonin min {n.:ce€ {1, 2,...,|C|}}
n A set of one-hot-encoded class labels for training dataset.
vr = {vikiz yi€[0:1]°, Vie {1, 2 .., n
Yre = {yi}i4 A set of one-hot-encoded true class labels of test dataset

gte = {Qz}ﬁl

A set of class labels of test dataset predicted by the classifier.
9; € (0,1l i € {1, 2,..., m} gives empirical posterior
probability distribution P(c|z;), where, x; € X and Ve € C

f:RD—HRd

Embedding function which maps input feature space of
dimension D to extracted deep feature space of dimension d

h: RY— (0, 1)l

Final classification function which maps deep feature space
to class conditional probability distribution

g: RP = (0,1)lcl

Overall classifier which maps input feature space to class
conditional probability distribution. g(z) ~ h(f(z))

Xtr c Rnxd

Embedding of training dataset in deep feature space.
This embedding is obtained from embedding function f(.)

24
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Embedding of test dataset in deep feature space

X, € Rmxd ) o . . .
This embedding is obtained from embedding function f(.)

number of nearest neighbours of i sample of class-c
‘ obtained by ada-kNN algorithm

1(0) Maximum number of nearest neighbours pertaining to any
max point in class-c

1) Minimum number of nearest neighbours pertaining to any
man point in class-c

Vmaz max {kmm cce{l, 2,...,|C|}} (User Specified)

Vrnin min {kSh - c € {1, 2, ..., |C|}} (User Specified)

) 5" nearest neighbour of 7" training sample of class-c, in
gl deep feature space. j =1, 2,..., kfc) andt=1,2,.... n

e Weight of j** nearest neighbour of i** training sample of
“ class-c

£ Generated new neighbour of xEC) as combination of other
! neighbours in deep feature space.

SZEC) Generated new sample by xgc) in deep feature space

5 Augmented dataset in deep feature space.
aug

This is generated by our proposed framework.

Table 4.1: Mathematical Notations

4.2 Step by Step walk through the Technique

Following is the step by step procedures of our novel oversampling framework.

4.2.1 Training of Supervised Feature Extraction Model

We have already described the architecture of the CNN used for Supervised feature
extraction in Chapter [6] To train the CNN we used weighted categorical cross-
entropy [29] loss function. The weights are calculated using the Class Weighting
Scheme as described by the Algorithm 4.

A = Class Weight_Calculation(Xy,.), where Xy, isthe original training dataset

= {\e } ", is the l;-normalized weight vector for |C| classes. The weighted
categomcal cross-entropy loss function is defined as following;:

n [C]

= ——ZZ/\ log ) (4.1)

i=1 c=1

The feature extracting CNN learns the embedding function f(.) by optimizing the
loss through Back-propagation. This is also called Representation Learning.
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4.2.2 Extraction of features

After the feature extracting CNN learns the embedding function f(.) we obtain
the embedded representation of training and test datasets.

Xt'r = {j‘ | = f(l’), Ve Xtv"} and Xte = {i‘ | T = f(l'), Ve Xte}-

CNN as feature extractor

Convolutional neural network is very useful in extracting features from the struc-
tured, high-dimensional and spatially coherent data like images. |Wiatowski and
Bolcskei gave a rigorous mathematical treatise on how complex features embedded
in higher dimensional manifold are getting extracted by Deep Convolutional Neu-
ral Networks (DCNN) [30]. Wang and Raj also described how complex features
are getting classified by non-linear mapping produced by different layers of deep
neural network [31].

Motivation behind Feature Extraction

Our proposed algorithm is a k-NN based algorithm. We know that k-NN performs
poorly in higher dimensional space (curse of dimensionality [32]). It is expected
that, k-NN shall perform better in the deep feature space rather than the original
input space, as the dimensionality of deep feature space is much less as compared
the original input space. Hence, this representation learning followed by deep
feature extraction from both training and test samples are necessary.

4.2.3 Adaptive Dynamic Over-Sampling Algorithm

In a nutshell our proposed algorithm does following:

— Find the £ numbers of in-class nearest neighbours of a minority class sample.
The number of neighbours (k) to consider is point specific and obtained from
a linear heuristic inspired from Ada-kNN2 method [33].

— Take a weighted combination of these neighbours to create a synthetic neigh-
bour.

— New synthetic sample pertaining to that minority class is a random convex
combination of the original sample and that synthetic sample.

— Add this new synthetic sample to the augmented dataset and repeat the
procedure until certain number of minority samples are generated (this is
determined by the desired class imbalance ratio).

Our algorithm adaptively chooses the point specific number of nearest neighbours
for each minority class samples, generates synthetic samples and also dynami-
cally updates the dataset. Hence the name Adaptive Dynamic Over-Sampling
(ADOS).



4.2. Step by Step walk through the Technique 27

Now we shall touch upon the critical aspects of our algorithm.

Motivation for adaptively choosing the number of nearest neighbours

Bhattacharyya and Chakrabarti [34] and Mullick et al.| [33] showed that the local
density around a point bears a inverse relation to the expected nearest neighbour
distance. That means for a particular point lesser value of nearest neighbour dis-
tance indicates a dense locality around the point, whereas a large nearest neighbour
distance indicates sparse locality.

klk

k(C)

max

(c)
k i

k) =2

min

A J

|
|
|
]
d(C) d(c) d(C)
i

max

Figure 4.1: Choosing the value of k adaptively using linear heuristic

As the distribution of classes are not known apriori, choosing a global k for all
points in the dataset stands a risk of ignoring the local distribution of the neigh-
bourhood of each point. Moreover, finding a good global value of k using exhaus-
tive search is almost an impossible task. Hence, a heuristic approach is taken to
find-out the more appropriate value of k£ for each point. In our work, we have
considered a linear heuristic, originally proposed by Mullick et al.| [33] to find the
locality sensitive number of nearest neighbours to consider for each point. The
heuristic is duly modified to suit the need of our present work.

Once we get the value of parameter k for a specific point we can find out its
k nearest neighbours using Algorithm 1. Another supplementary algorithm to
compute pairwise distances between the points of a given dataset is shown also
below (Algorithm 3).
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Algorithm 3 Compute_Pairwise_Distance (5)
Require: The dataset S

1: Let |S| =n

2: Initialize D € R™*" > D is the pairwise distance matrix
3: fori=1ton do

4: for ) =1ton do

5: if 1 == j then

6: Dli,i] + (=1)

7: else

8: Dli, j] + Euclidean Distance between i and j** datapoints
9: end if

10: end for

11: end for

12: return D

Algorithm 4 Get_Number_of Nearest_Neighbours (z, S, knaz, kmin)

Require: The dataset .S, the test-point x, maximum number of neighbours k,, .,
and minimum number of neighbours k,,;,

Let D < Compute-Pairwise-Distance(5) > Using Algorithm 2
Amin <— minimum{d |d € D andd > 0}
dimaz < mazximum{d | d € D and d > 0}
dist = || > Initialize list of distances
Let [S\ {z}|=n—-1
forv=1ton—1do
d < Euclidean Distance between x and i*" point of S\ {x}
dist.append(d) > Adding the distance computed to the end of list
end for
Let d, = minimum/(dist)
. if d < d,,;, then
: else if d > d,,,, then
k= kma:c
. else
O = )
. end if

. return k

e e e e e e
SO AN ol s

— =
oo

On choosing the value of AG.

In our work we have considered that, the maximum number of neighbours we
shall look upon for a particular data-point depends on which class it belongs.
This approach is particularly important when we have different number of training
images in different classes. It is kind of intuitive that we shall look upon more
number of neighbours in the class with more number of training samples.
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We assume a relationship of the form:

where, a & b are some positive constants particular to the dataset.

Now, the following conditions have to satisfied:
if Ne = Nupae then, KO =y and if Ne = Nyin then, kO =y

max max

Solving for a & b we get the following values:

b= log (Vmw)/log (nmaz> and a = (M;m;) (4.2)
Vimin Nmin nmaz

Putting the values of a and b we get the following formula:

b
kfﬁlz = \‘Vma:v X (nnc ) J (4.3)

In our study we have assumed v,,;, = 10 and V.. = 20

Example 4.1. Let, there are four classes (viz. 1, 2, 3, 4). Let, the number of
training samples per classes are 200, 400, 600 and 1000 respectively. Let, V0. = 20
and vy, = 10.

Thus from equation 6.3, b = log(2)/log(5) ~ 0.431.
Hence, ke = PO X (%)O'mj — 13. Similarly, k2, = 16.

Generating Synthetic Sample

7 s it

h sample of class-c in deep feature space. We find its k,fc) neighbours.

(c (¢)

Let, dgj) is the euclidean distance between z; ) and its j* neighbour g

9 _ 70

i.e. dgj.) = ‘ ; i

o Jori=12 kL. (4.4)

Let, dl(fn)az = max {dl(]c-) lj =1, 2 kz(c)} Then, w'® . the weight associated with

17
4t neighbour of i* sample of class-c is:

C 1 C C - C
w(.):Eexp(—d( )/d() ), forj=12 .., k;i(). (4.5)

L) 1j Imax

(©)
Z is a l;-normalization constant. i.e. Z = Zf;l exp < — dl(.j)/dgfqu).

We now generate a synthetic neighbour in deep feature space pertaining to i
sample of class-c as weighted combination of its neighbours:
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k()
B0 =3 w7l (4.6)
j=1

Hence further the neighbour, lesser will be its contribution to generate this syn-
thetic neighbour because of the weight associated with it.

Now for some random value 0 € [0, 1] the new generated synthetic sample (:%EC))

in deep feature space corresponding to i*" sample of class-c is:

(c) - .
z, =867 + (1-6)2. (4.7)
Uz 4 Uz 4
0 o o © ° 0 0 O
0] @]
0 o0 0 o 0 o O o
0 o 0 O 0 O 0 o o) OOO (o]
o Yoo © 0 0 o o0 ©
0 0 o Oxij (0] 0 g
o0 ~ Byl g o 0%, o " =
o ] Wi 0 xax--- Generated
1) " 0 o
0 (0] o — 'EI 0] o ] B, O Neighbour
Oo| o @ %0 0ol o8 g%
O O u} o [m] O O o [m] o
u, 152 uy U;
(a) Example of kgc)—NN of 5%('0)- (b) Synthetic neighbour generated.
Uz a
o oo © 0
0 0. 0 o
0 o © 0 O
o o O 0 0 Generated
o O o) 0 J.-" Sample
o ofl%° .o % m
o oz
© © o gg\.mtd o
Oo| p O ' g i
o) O m o
Uuq Uy

(c) Synthetic sample generated.
Figure 4.2: The working principle of ADOS
This synthetic sample is augmented to the dataset. Generation of synthetic sample

in our proposed framework is pictorially depicted in Figure 4.2. The complete
algorithm is shown below.



4.2. Step by Step walk through the Technique 31

Algorithm 5 Adaptive_Dynamic_Over_Sampling

C|

w1, Actual Imbalance

Require: X,,, y;, C, Number of samples in each class {n.}

Ratio (p,), Desired Imbalance Ratio (pq)

1: Xaug — Xtr > Initialize the augmented dataset
2t Yaug < Yur > Initialize the augmented labels
3: Npae < mazx {n.}

4: Cpin {c | n. < %} > The set of minority classes
5. for ¢ in C,,;, do

6: né?n = {%-‘ — Ne > No. of samples to be generated for class-c

7. X9« {i|ze€ X, AT belongs to class-c}
8: X’éﬁ)n +— 0 > Initialize generated set of samples of class-c
9: yéﬁ% «— 0 > Initialize generated labels of class-c

10: Calculate k{Sh using the the Equation 6.3

11:  fori=1ton'Y do

12: kL9 < Get_Number_of Nearest_Neighbours (29, X9 X, ke, 2)
13: {:il(]c)}jsci — Get,k:,Nearest,Neighbours(f(c), X U Xg(z% : kgc))

14: Calculate {w”}fii using Equation 6.5

15: Calculate fvl(»c) using Equation 6.6 > Generate synthetic neighbour
16: d < Random|0, 1] > A random number between 0 to 1
17: Calculate }EC) using Equation 6.7 > Generate synthetic sample
18: X8« x99 U {5:26)}

19: yéi)n — yé?n |J one_hot_encode(c)

20: end for

o0 Xgug ¢ Xaug U X5
22: Yaug — Yaug U yg(](é)n
23: end for

24: return Xaug7 Yaug
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4.2.4 Training of final classifier

The final classifier is a neural classifier with input dimension same as the dimension
of the feature space and the final dimension is number of classes.

We train the neural classifier with a proposed sample specific re-weighting scheme
which is explained below.

Sample Specific re-weighting scheme

Let, the number of training samples in a minority class-c(c € C) before oversam-
pling is n. and after oversampling is n.. Let, > n.=mnand ) n, =n'

Then prior probability of class-¢ before oversampling is p. = n./n and after over-
sampling the same is p,, = n/n/

ceC ceC

Now, we have already discussed that a folklore technique is to assign the class
weight of a particular class to be inversely proportional to the prior probability of
the class (sec: . Hence before oversampling the weight of particular minority
class-c is w, o p. and after oversampling the same is w], o pl.

We propose that all the original sample of minority class-c shall get sample specific
weight equal to w, (i.e. the class weight before oversampling) and all the new
synthetically generated sample shall have sample specific weight equal to w, (i.e.
the class weight after oversampling). Following is an example to better understand
the proposed sample weighting scheme.

Example 4.2. Consider a binary classification problem with one class having 2000
samples and other class contains 100 samples producing an actual class imbalance
ratio (p,) = 20. Let, our desired class imbalance ratio (pg) is 4.

Then we have to synthetically generate additional 400 samples for class-2.
Now prior probabilities of the classes before oversampling are: p; = % and py = %

Hence the class-weights (normalized) prior to oversampling are:

21/20 1 J 21 20
wy = = — and wy = =
"T(21/20) + (21) 21 7 (21/20) + (21) 21

Prior probabilities of the classes after oversampling is: p| = % and py = %

Hence the class-weights (normalized) after oversampling are:

, 5/4 1 5 4

“EEmEe) 5 T e b

According to our sample specific re-weighting scheme all the newly generated sam-
ples of class-2 shall have weights w/, while the original samples of class-2 will have
the same weights wy. The weights of the samples of class-1 remain unchanged.

The intuition behind this technique is we are assigning lesser importance to the
synthetically generated samples as compared to the original one in minority classes.
This type of weighting scheme is particularly important when the synthetic sam-
ples in the minority class has high variance.
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4.3 Complexity Analysis of Our Proposed Method

Here we shall discuss about the time complexity of our proposed algorithm Adap-
tive Dynamic Over-Sampling technique.

Assumptions

We have made following assumptions while analysing the complexity of our pro-
posed oversampling technique.

— Let us consider a binary classification problem.
— The positive class is denoted as C, and the negative class is denoted as C_ .
— |C4| =nand |C_| = N.

— In the context of class imbalance let us further assume, N > n. Class
imbalance ratio p = %

— The dimensionality of deep feature space is d.

— In our algorithm we find the number of nearest neighbours specific to a point
using the linear heuristic described in our algorithm. The exact value of k
is difficult to determine analytically without knowing the distribution of the
data points in deep feature space. Hence we consider k as expected value of
the number of nearest neighbours for all points of minority class.

k= E[k].

The value of k shall lie between kmaz and k,,;,, which are user defined pa-
rameters.

— We shall consider the desired tmbalance ratio = 1. That means after over-
sampling both the classes shall contain same number of samples.

Complexity of the generation of first synthetic sample

To generate first synthetic sample of minority class, we have to go through the
following steps.

— Calculation of distance matrix. Complexity of this step is O(n?d), as there
are n number of d -dimensional data-points in the minority class (in deep
feature space). We have assumed that claculating distance between two
points in d-dimensional space takes O(d) time.

— To find k number of nearest neighbours from the distance matrix will take
O(nk) time.

— Weight calculation of each individual neighbours shall take O(l;;) time.

— New synthetic point generation. Complexity of this step is O (l%d)
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Complexity of the generation of subsequent synthetic samples

Now after we augment the dataset with this newly created sample we need not to
recompute the distance matrix again. We can simply append a row and a column
to the already calculated distance matrix. Hence, assuming that there are already
t many samples in the minority class at some point (n < ¢ < N) following steps
are required to create a new synthetic minority sample.

— Appending a row and column to the already calculated distance matrix,
takes O(td) time.

— To find k number of nearest neighbours from the distance matrix will take
O(tk) time.

— Weight calculation of each individual neighbours shall take O(k) time.

— New synthetic point generation. Complexity of this step is O(kd).

Note that, the last two operations are same for all points.

Complexity of total algorithm

Hence, the total time complexity of our proposed algorithm is:

O(nd) + 2_: O(td) + io<t1;)+ - (0(k) + O(ka))

Now, O(n?d) + 31", ., O(td) = O(N?d).
Now if we assume N > n, which is very reasonable in the context of high class
imbalance, we have

Zl O(tk) ~ O(N?k) and Zl (O(k) + O(kd)) ~ O(Nkd)

Finally, the overall complexity reduces to: O(N?d) + O(N2k) + O(Nkd). With
further reasonable assumptions like, k¥ < d < N, the complexity of the algorithm
further reduces to:

O(N?d),

where, N is the number of data-points in the majority class (= total number of
training data-points, assuming high class imbalance) and d is the dimension of the
feature space.



Chapter 5

Description of the Datasets

To test our models we have used various datasets. Following are the description
of the datasets.

5.1 MNIST-back-rotation Images (MNISTrb)

The MNIST-back-rotation-image (MNISTrb) [35] is an extension of the MNIST
dataset contains 28 x 28 gray-scale images of rotated digits over randomly inserted
backgrounds. The default training and test set consist of 12000 and 50000 images,

respectively.
! J
*’ d
. ] . , :

Figure 5.1: A glimpse of MNIST7b dataset
Figure taken from reference: [35]

5.1.1 Data Augmentation

As the number of training samples are less, we have augmented each of the images
of MNIST b training dataset with additional 9 images produced by different trans-
formations (like: rotation, flipping etc.) of the original image. After augmentation
the training dataset contains 120000 images.

5.1.2 Imbalanced Settings

This augmented dataset as well as the original MNISTrb dataset is not inherently
imbalanced. To make it imbalanced we have randomly chosen 4 classes out of

35
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10 as minority class. We have randomly dropped the training samples from mi-
nority classes to make achieve desired imbalance ratio (p). Thus we have made
imbalanced dataset of p = 10, 20, 40 and 100 from augmented MNIST7b dataset.

5.2 Fashion-MNIST Dataset

Fashion MNIST [36] is a MNIST like dataset of gray-scale images of dimension
28 x 28. Like MNIST, it also consists of 10 classes, 60000 training and 10000 test
images. However, as the name suggests the classes in Fashion-MNIST dataset are
fashion items.

Label Description  Examples

0 T-Shirt/Top ;'

1 Trouser fl -3

2 Pullover : iﬂ; ﬁ\

3 Dress " @E

5 Sandals ,-L Se
A\ )&

6 Shirt gi

% .

7 Sneaker &

8 Bag

9 Ankle boots

)AJJJA_JAJJJAJJJJAJ

Figure 5.2: Class names and example images of Fashion MNIST dataset
Figure taken from reference: [30]

5.2.1 Imbalanced Settings

Fashion-MNIST dataset is also not inherently imbalanced. We make it imbalanced
by first selecting 4 minority classes, followed by removing random samples from the
minority classes to achieve predefined imbalance ratio (p). Thus we have prepared
imbalanced dataset of p = 10, 20, 40 and 100 from Fashion-MNIST dataset.
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5.3 CIFAR-10 Dataset

The CIFAR-10 dataset [37] consists of 32 x 32 RGB images. A total of 60,000
images in 10 categories are split into 50,000 training and 10,000 testing images.

5.3.1 Imbalanced Settings

Like the previous two datasets described CIFAR-10 dataset is also originally a
balanced dataset. We make it imbalance by first choosing 4 minority classes
and randomly removing images from the minority classes until we achieve certain
imabalnce ratio (p). We have prepared imbalanced CIFAR-10 dataset of p =
10, 20, 40 and 100.

airplane %.% w..z-b_l
automobile EEHHE‘
ot Sl WS W
=  EEOENEEEs P
ceer 1 I 0 0 0 I R
oo [ NS BN i D PY Y Y
frog -.-"'.-
rorse il RO S 5 Y o I B 5 TR
o R e R e
ek o R s 0 8 S o D S

Figure 5.3: Class names and example images of CIFAR-10 Dataset
Source: |http://karpathy.github.io/2011/04/27 /manually-classifying-cifar10/

5.4 Street View House Number (SVHN) Dataset

The Street View House Numbers (SVHN) dataset [38] consists of 73,257 images
for training and 26,032 images for testing. The images are in 32 x 32 RGB format.
There are 10 classes, 1 for each digit. Digit 1’ has label 1, ’9’ has label 9 and ’0’
has label 10.


http://karpathy.github.io/2011/04/27/manually-classifying-cifar10/
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Figure 5.4: A glimpse of SVHN dataset

Source: https://sigopt.com/blog/unsupervised-learning-with-even-less-
| supervision-using-bayesian-optimization /|

5.4.1 Imbalanced Settings

The class distribution of SVHN dataset shows that it is not inherently balanced.
The highest number of images belong to class-1 (13861) and the lowest number

of images belong to class-9 (4659), producing an inherent class imbalance ratio

_ 13861 .
P = dgsy O

However for our work we have taken 4 number of randomly chosen classes as
minority classes and reduced images from those classes randomly until we achieve
specified imbalance ratio (like p = 10, 20, 40 and 100)

Remark. For our convenience we have re-labelled digit '0’ to 0.


https://sigopt.com/blog/unsupervised-learning-with-even-less-supervision-using-bayesian-optimization/
https://sigopt.com/blog/unsupervised-learning-with-even-less-supervision-using-bayesian-optimization/
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Figure 5.5: Class Distribution of SVHN Dataset

5.5 Re-sampled ImageNet Dataset

This dataset is created as an artificial benchmark data to demonstrate the scalabil-
ity of our algorithm. Original ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) [13] consists of around 14 million images distributed into 1000 classes.

1z00

1000

800
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400

Number of Occurrences

200

o 20 40 ] 80 100
Class Index

Figure 5.6: Class distribution of Re-sampled ImageNet dataset

We have randomly sampled a 100 classes out of those 1000 classes. To create
imbalance we have randomly selected from 30 to 1200 samples in each classes in
the multiple of 30. Fig: shows the class distribution.

There are total 64,740 number of training samples in this dataset. We have manu-
ally selected 2000 test samples (20 samples per class). The inherent class imbalance
ratio of this dataset is 1200 = 40.



Chapter 6

Neural Network Architectures
and Training

In this chapter we shall discuss about the deep neural network Architectures that
we are going to use for our study. Our whole process involves three steps as
discussed following.

e First step is Supervised Feature Learning. A CNN is used for this
purpose (fig: [6.1)). After learning of features we have to extract the features
from training and test dataset using the trained CNN.

e Second step is populate more synthetic samples using our proposed
algorithm (Chapter: |4))

e The final step being to build a classifier and train it with our populated
dataset.

As discussed in the following sections the models used as feature extraction are
different for different datasets.

6.1 Feature Extracting Architecture for MNISTrb
and Fashion-MNIST Dataset

The feature extraction models for these datasets are taken from the Deep Over-
Sampling (DOS) paper and we used the same setting as discussed in that paper[28].
The architecture of the CNN that used as feature extracting model for these
datasets is pictorially described in the figure: [6.2]

The input layer of this CNN accepts a batch of gray-scale (single-channel) images
of spatial dimension 28 x 28. Followed by input layer there is a Convolutional
Block which consists of a Convolutional Layer with number of output filters = 6
and filter dimension: 5 x5, followed by a Batch Normalization, Activation (ReLU),
and Mazx Pool Layer (with stride: 2).

40



6.1. Feature Extracting Architecture for MNIST7b and Fashion-MNIST Datasetl

Input

Conv + ReLU

Maxpool
'. Conv + ReLU

Dense

Classification

Figure 6.1: CNN used as Supervised Feature Extractor

After this, there is another Convolutional Block with number of output filters =
16. Then output of final Max-Pool layer is flattened and connected to a Dense (or
Fully Connected) layer of dimension 120. This layer is our Embedding Layer.
This layer is finally connected to Classification Layer of dimension 10, as there
are 10 number of classes.

Convolution Block: 1 Convolution Block: 2

# Output filters : 6 # Output filters : 16
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Figure 6.2: Supervised Feature Extracting CNN for MNISTrb and Fashion-
MNIST dataset

The loss function is computed at the final classification layer. We shall brief about
the loss function at the chapter: [l The loss function is optimized using Back-
propagation [9] learning algorithm. There are total 52186 number of trainable
parameters in this model.
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6.2 Feature Extracting Architecture for CIFAR-
10 and SVHN Dataset

The architecture of the CNN that used as feature extracting model for these
dataset is pictorially described in the figure: [6.3

Convolution Block: 1 Convolution Block: 2
# Output filters : 20 # Output filters : 50
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Figure 6.3: Supervised Feature Extracting CNN for CIFAR-10 and SVHN dataset

The input layer of this CNN accepts a batch of RGB (3-channels) images of spatial
dimension 32 x 32. Followed by input layer there is a Convolutional Block which
consists of a Convolutional Layer with number of output filters = 20 and filter
dimension: 5 x 5, followed by a Batch Normalization, Activation (ReLU), and Max
Pool Layer (with stride: 2).

After this, there is another Convolutional Block with number of output filters
= 50. Then output of final Max-Pool layer is flattened and connected to a Dense
(or Fully Connected) layer of dimension 500. Which is then connected to another
Dense layer of dimension 120. This layer is our Embedding Layer. This layer is
finally connected to Classification Layer of dimension 10, as there are 10 number
of classes.

There are total 7,14, 780 no. of trainable parameters in the model.

6.3 Feature Extracting Architecture for Re-sampled
ImageNet Dataset

We have used fine-tuned model of VGG16 architecture (sec: to extract the
features from the images of this dataset. We have modified the top layer of the
network. Most of the previous convolutional blocks are remained frozen except
few at the last.

There are total 14,473,516 number of trainable parameters in this model.
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Figure 6.5: Fine-tuned VGG-16 architecture for feature extraction of Re-sampled

ImageNet dataset

6.4 Training Schemes

Following table (/6.1]) illustrates the training scheme of the feature extracting CNN
for various datasets.

Dataset IC| n Ir[l)put Image Encod(.ed Ba.tch Epochs
imension Dimension  Size
MNISTrb 10 12000 50000 28 x 28 x 1 120 40 5
Fashion MNIST 10 60000 10000 28 x 28 x 1 120 40 5
CIFAR-10 10 50000 10000 32 x 32 x 3 120 60 5
SVHN 10 73257 26032 32 x 32 x 3 120 60 5
Resampled ImageNet 100 64740 2000 224 x 224 x 3 1024 128 30

Table 6.1: Dataset-specific Feature Extracting CNN training scheme

All the networks were build in python programming language using Keras [39)
package with tensorflow [40] back-end. The models were trained with NVIDIA

TITAN-XP GPU.



Chapter 7

Experimental Results

This chapter is the summary of the results produced by experimental studies on
different dataset. We have considered following metrics for evaluating our model’s
performance.

— Recall averaged over minority classes

— Recall averaged over all the classes, also known as Average Class Specific
Accuracy (ACSA)

— F1 score averaged over all the classes
— GMean

— Accuracy

We have compared following methods for each dataset over varying class imblance
ratio (p) = 10, 20, 40, and 100:

e BL: Baseline model
e BL+CW: Baseline model with class-weighting scheme

¢ BL+ROS-RUS: Baseline model along with Random Over-Sampling and
Random Under-Sampling techniques.

¢ SMOTE: SMOTE algorithm applied in feature-space
e DOS: Deep Over-Sampling technique

e ADOS: Adaptive Dynamic Over-Sampling (Our proposed method)

44
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7. Experimental Results

0.7 1

0.6 1

0.5 1

Values

0.4 1

0.3 1

0.2 1

0.1 1

— BL

= BL+CW
— BL+ROS5-RUS
— F5-5MOTE
— D05

— ADOS

- —4

20 40 60 80 100
Imbalance Ratio

Figure 7.1: Average recall of minority classes on MNIST7b dataset
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Figure 7.2: Average recall of all classes (ACSA) on MNISTrb dataset
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Figure 7.4: GMean on MNIST7b dataset



7. Experimental Results

48

OIyR1 9OUR[RQUIL JUSIDYIP JO j9seIep [ SINJN-UOIYSe,] PoouR[RqUI 9} UO SPOYIOUW JULIYIP JO uosLreduiod 9oURMLIONSJ 7'/ 9[R],

€08°0 L8L°0 0T80 6690 0SL0 09L0 LgL0 1920 T19L0 CSOL0 €FLO LPLO IS0  FP90 9890 oSeroay
0L9°0 8,0 9PL0 0970 €790 €190 6€90 6890 L9940 LEL0 @4L0 6890 G910 6I¥0 0€E0 UL 00T
906'0 L¢80 8060 ¥e6'0 <¢g80 Gc6'0 8880 6080 1680 €890 LELO LVLO 2g60 €6L°0 €260 leN

928°0 I¥P8°0 V80 8LL0 G080 6080 F9L0 L8L°0 68L0 €8L°0 96L0 86L0 €.90 OVL0 €GL°0 oSeray
8TL0  LI80 %940 1090 0920 €€90 6090 ¥vL0 GE90  €9L°0 0080 OVL0 8GF0 F¥E90 SIS0 UIN 0F

L06'0 8480 0160 7¥¢6'0 <¢¥80 9260 8880 9I80 <680 86L0 ¥6L°0 T1¢80 0160 TI80 <1670 Cepy

298°'0 €98°0 TL8'0 LIS0 9680 GER0 ©I80 FES'0 ¢ER0 080 8ER0 8IS0 €IL0  L9L0 8LLO 9Semay
6180 T¥80 9280 1690 L2080 ¥ILO ¥#9L°0 T€R0 €LL0 9920 TP8°0 89L°0 Z8F0 8990 9950 UIN 0%

0060 0980 €060 GI60 998°0 LI60 7980 9€80 T.L80  G€80 9€80 1980 G¢6°0 €E8°0 Lc60 lepy

¥.8°0 0880 6480 €980 T1.80 0.80 1I¥80 0980 0980 6280 6E80 6E8°0 LPLO 06L0 96L0 9Femway
0€8°0 0880 9¢8°0 88L0 7980 96L°0 T€80 €980 8ER'O G280 P80 ¢80 ¥49°0 6IL°0 0290 UIN 0T

G060 0880 8060 LI60 9,80 6I60 8F80 L¥80 80 ¢e80 LE8OD P¥P80O <CI6°0 8¢80 ¥I60 0

RES W) Td o4 UeSIND  Td oy  WeIND T4 o4 WD T4 °d  URND T4 od SSE[D  onyey quiy

(poypo i pasodou) ] SOM - SOY W3Mop sse[D J—
soav ALONWS-Sd + ouresey + oureseyqg oupsed

"MO[e( UMOTS ST josejep T,SINJN-UoIyseq uo mwgﬂpwm PooteequI JU2IoJIP UL SPOYJol JUSISHIP I0] paulelqo S}ISad 9 T,

Joselep L SINITN-uUolyseq UO S)NS9oYy ¢°L



7.2. Results on Fashion-MNIST dataset
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Figure 7.5: Average recall of minority classes on Fashion-MNIST dataset
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Figure 7.6: Average recall of all classes (ACSA) on Fashion-MNIST dataset



50

7. Experimental Results

0.85 1

0.80 1

0.70 1

0.65 1

— BL
= BL+CW
— BL+ROS-RUS
= F5-5MOTE
ADOS

20 40 60 80 100
Imbalance Ratio

Figure 7.7: F1 score averaged over all classes on Fashion-MNIST dataset
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Figure 7.8: GMean on Fashion-MNIST dataset
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7.3. Results on CIFAR-10 dataset
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7. Experimental Results
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Figure 7.9: Average recall of minority classes on CIFAR-10 datset
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Figure 7.10: Average recall of all classes (ACSA) on CIFAR-10 datset
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Figure 7.11: F1 score averaged over all classes on CIFAR-10 datset
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Figure 7.12: GMean on CIFAR-10 datset
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Figure 7.13: Average recall of minority classes on SVHN datset
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Figure 7.14: Average recall of all classes (ACSA) on SVHN datset
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Figure 7.15: F1 score averaged over all classes on SVHN datset
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Figure 7.16: GMean on SVHN datset
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7.5 Results on Re-sampled ImageNet dataset

The results obtained for Re-sampled ImageNet dataset is shown below.

. Baseline +  Baseline + ADOS
Baseline Class Weight ROS-RUS FS-SMOTE (Proposed Method)

min_pr 0.150 0.142 0.119 0.125 0.220
min_re 0.044 0.215 0.243 0.221 0.274
min_F1 0.059 0.158 0.160 0.138 0.222
maj_pr 0.148 0.141 0.153 0.155 0.174
maj_re 0.177 0.142 0.124 0.142 0.232
maj F1 0.140 0.129 0.112 0.134 0.193
avg_pr 0.149 0.141 0.146 0.149 0.184
avg.re 0.149 0.157 0.156 0.159 0.234
avg F1 0.123 0.135 0.122 0.134 0.199
test.acc  0.369 0.384 0.351 0.386 0.402
train.acc  0.434 0.435 0.446 0.581 0.687

Table 7.5: Performance comparison of different methods on the Resampled Ima-
genet dataset.

Graphically the performance on re-sampled imagenet dataset is following.
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Figure 7.17: Performance comparison of different methods on resampled ImageNet
dataset



Chapter 8

Conclusion and Scope of Future
Work

8.1 Conclusion

From the results obtained from our experimental study it has been observed that:

e Our proposed method Adaptive Dynamic Over-Sampling (ADOS) Tech-
nique has performed significantly well as compared to other state-of-the-art
technique.

e With the increased value of class imbalance ratio our proposed method
(ADOS) has shown relatively smaller decline in the performance. Hence,
our proposed algorithm is more resilient to class imbalance problem.

Hence we can say that our proposed method is a better technique to handle
the class imbalance problem, as per the results produced by testing on different
dataset.

8.2 Scope of Future Work

Despite its good performance, this method has few shortcomings. One of the short-
comings is that this method has an additional overhead of finding point specific
number of nearest neighbours, thus it becomes computationally expensive. Ex-
tending our proposed methodology, following are list (not exhaustive) of research
areas those can be explored:

e A comparative study can be made between supervised feature learning and
unsupervised feature learning (using deep auto-encoders)

e Different kinds of weighting functions (like: radial basis function, wedge
shaped function etc.) can be explored while creating synthetic neighbour for
a datapoint.

o8
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e The idea of Borderline-SMOTE can be entangled with our proposed method-
ology to create samples near to the class boundary and thereby creating more
discriminating power to the classifier.

e A study on the performance of our proposed method as compared to the
existing ones for classifying general (not image) imbalanced datasets can be
done.

e The idea of manifold learning can be intertwined with our proposed Over-
Sampling algorithm to produce more locality sensitive synthetic samples.

e Some clever data structure can be proposed to improvise the overall time
complexity of our proposed oversampling algorithm.
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