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ABSTRACT 

 

Deep learning is beneficial from big data while facing computationally expensive, with 

an increase in data size. Some severe data issues, such as the presence of highly skewed, 

sparse, and imbalanced data, would substantially influence the findings of machine learning. 

Due to the complexity of such data, the ability to assess and evaluate the data is central to 

cost-effective deep learning. More specifically, in Deep Learning, choosing the right validation 

method is vital to ensure the accuracy and biases of the validation process. Current validation 

techniques, including k-fold cross-validation or random split of training and testing datasets, 

are hampered by the lack of systematic sampling with a comprehensive understanding of the 

data. 

In this thesis, we proposed a sampling technique called DeepSampling that aims at 

achieving cost-effective deep learning for a given application. For the proposed 

DeepSampling framework, two sampling schemes are designed [1] to resolve the imbalanced 

data issues using Generative Adversarial Networks (GANs), [2] to develop an effective 

sampling technique based on clustering. The clustering techniques are based on Mahalanobis 

distance metric and use t-SNE (T-distributed Stochastic Neighbor Embedding), to overcome 

the data skewness and sparseness issues. 
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The proposed DeepSampling technique for cost-effective deep learning has been 

evaluated with three Deep Learning models and four benchmark datasets, including MNIST, 

Breast Histology, Malaria cell images, and Stanford dog. The results confirm that the 

accuracies obtained by DeepSampling are improved by approximately 2-3% for image 

classification, compared to traditional evaluation techniques on the same dataset. 
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CHAPTER 1.  INTRODUCTION 

 

When working with deep learning, it is essential to have a high-quality data set to train 

the model, which means the data should be sufficiently large to cover as many cases as 

possible and be a good representation of reality. A useful data set permits the program to 

have a better model of the underlying characteristics of the data and makes it easier to 

generalize these traits. In this scenario, the creation of synthetic data can be useful for several 

reasons like oversampling minority classes and generating new data sets to keep the privacy 

of the originals.  

The principal explanation behind making synthetic images [1], oversampling the 

minority class, is essential when attempting to gain from imbalanced informational 

collections. In numerous examples, it is normal for datasets to have underrepresented 

classes. For instance, when managing credit card frauds, the proportion among typical and 

false exchanges can be 10000 to 1. The equivalent can happen while breaking down clinical 

data where the quantity of sound patients is a lot higher than influenced ones. At the point 

when this occurs, grouping calculations may experience issues distinguishing the minority 

classes since the program would, in any case, have a low mistake regardless of whether it 

groups all the minority classes wrong. To stay away from this difficult, it is conceivable to 

enlarge the minority classes [2]; however, the production of new data by tweaking the unique 

in essential manners. This methodology not just builds the portrayal of the minority class; 

however, it might assist with keeping away from overfitting too. 
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In Deep Learning, the validation techniques are used to get the error rate of the 

model. In traditional deep learning, the validation techniques [4] include random splitting of 

training and testing data with a predefined ratio of 70-30 or 80-20. The more advanced 

technology known as k-fold cross-validation technique divides the entire dataset into k 

predefined number of folds and train the model on (k-1) folds and tests on 1-fold. There are 

no systematic sampling techniques that are applied to the validation process. 

There are various DL models such as [10] DeepTest, [11] DeepMutation, and [1] GAN 

image augmentation, which specifies different way testing can be performed for DL models. 

GAN image augmentation model used [13] GAN Augmentation technique to augments 

training data when not enough to test DL models. The DeepTest model augmented the 

training dataset by applying transformation on images, which caused the DL model to fail for 

specific test data. DeepMutation injected faults into their training data, retrained their 

models using injected faults to create new DL models, and were based on differences 

between original DL models and mutated DL models. They evaluated the quality of test data. 

 

Figure 1: Traditional Deep Learning Model 

  

  Figure 1 shows the traditional Deep Learning technique. In the conventional DL 

framework, during validation, data is randomly split into 70%-30% or performing Cross-

validation on data. It gives accuracy based on test data without considering the 
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representation of data beforehand. In the DeepSampling technique, images are represented 

by applying t-SNE and then finding images that are closet to cluster and then using 

Convolutional Network on the identified images. We have also considered dataset with 

insufficient training data and applied data augmentation techniques to enhance training 

datasets. 

The design of DeepSampling technique divides into three stages:  

i) We proposed a data augmentation technique using the GAN Model, which helps augment 

training data if not enough or imbalanced class distribution. It also allows the DL model 

to learn new features effectively. 

ii) We propose a DeepSampling, a sampling technique for DL models, which will enable us 

to understand training/testing data before applying any model. 

a. We use K- means clustering techniques on t-SNE output for each dataset. This helps 

gather images closest to the centroid of clusters based on (14) Mahalanobis distance 

metric instead of Euclidean distance, which works well only if the covariance structures 

of the clusters are nearly spherical and homogeneous.  

iii) The Mahalanobis metric is applied to capture the cluster's variance structure, and it uses 

covariance between data and centroids in embedded space to calculate the distance. 

a. We assess the proposed transformation testing framework on generally considered DL 

datasets and models, to show the convenience of the procedure, which could likewise 

conceivably encourage the test set upgrade. 
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1.1 Problem Statement 

 

Skewed data distributions arise in many applications where the positive class occurs 

with reduced frequency, including data found in disease diagnosis [1], fraud detection [4, 5], 

image detection [7], computer security[6]. The Intrinsic imbalance is the result of inherently 

occurring frequencies of data, e.g., medical diagnoses, where most patients are in good 

shape. The Extrinsic imbalance is introduced through external factors, e.g., collection or 

storage procedures [28]. 

Artificial Intelligence (AI) has gained a wide variety of importance in the past few 

years. Artificial intelligence (AI), such as deep neural networks (DNNs), can deliver human-

level results in some specialty tasks. There is now a likelihood of a wide-scale deployment of 

DNNs in safety-critical applications such as self-driving cars, detecting diseases in the medical 

domain. This typically brings up how programming actualizing this innovation ought to be 

tested, validated, and eventually affirmed to meet the necessities of the significant security 

benchmarks.AI systems that use Deep Neural Networks is implemented in software. 

However, the same traditional Deep Learning validation techniques cannot be applied to DL 

models. The conventional validation techniques in DL models involves randomly splitting data 

into training and testing dataset or.  

  The trained DL model on training data and the trained model is evaluated 

against test data to determine the overall accuracy of the deep learning model. Before 

applying DL models on top of them, there are no significant measures involved in defining the 

training and testing data. For this thesis, we propose a novel sampling framework that 

specifies how training data can be augmented when not in a sufficient amount and also to 
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define training and test data sets. The clustering techniques can be used to determine a 

standardized dataset, which then can be evaluated for four known Image datasets and can 

be assessed against available Convolutional Neural Networks, which uses the traditional 

software testing method for DL models. 

Our criteria can capture and quantify causal relations existing in a DNN that are critical 

for understanding the neural network behavior [16,17]. 

1.2 Proposed Solution 

 

The proposed framework focuses on the augmentation of training data using 

DeepSampling GAN data augmentation techniques when enough training data is not available 

to test the given DL model. The proposed framework helps to evaluate the quality of data 

and evaluate them against well-known four datasets. For testing of DL systems, a reasonable 

approach is to apply clustering techniques to evaluate dataset using the centroid of cluster 

and Mahalanobis distance.  

  After the centroids are assigned for each cluster, the training process is re-executed, 

using the training data identified in each iteration to generate the corresponding DL models. 

In this way, DL models are created based on Mahalanobis distance of data point from the 

cluster and calculating its distance from other data points in the cluster. Then, each of the 

models is evaluated on the dataset generated each iteration by applying clustering 

techniques. Then, each of the mutant models M0 i is executed and analyzed against the new 

data set T after comparing accuracy at the end of each iteration with an increasing number 

of images in the original data set. Applying clustering techniques can help analyze how data 
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is surrounded in a cluster and how data points are compared with data points belonging to 

the same cluster and data points from another cluster. 
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CHAPTER 2. BACKGROUND AND RELATED WORK  

  

This chapter gives the background information of various components used in 

the thesis and provides an overview of related work that will help in understanding 

this work better.   

2.1 Related Work 

 

Currently, testing for Deep Learning software is still at an early stage, with some initial 

research work focused on the neuron coverage, such as GAN augmented DL models [1], 

DeepTest [11] DeepXplore [18], DeepGauge [19], and DeepCover [20]. 

2.1.1 Image Augmentation 

 

 

 Much investigation has been conducted to develop different data augmentation 

techniques to enhance training datasets. The DeepTest [11] presented a systematic strategy 

to automatically synthesize test cases that maximizes neuron coverage in safety-critical DNN 

based systems like autonomous cars and demonstrate that changes in neuron coverage 

correlate with changes in an autonomous car's behavior. They have applied different realistic 

image transformations like changes, in contrast, presence of fog, etc. which are used to 

generate synthetic tests that increase neuron coverage. They leverage transformation-

specific metamorphic relations to detect erroneous behaviors automatically. Their 

experiment shows that the synthetic images can be used to retrain and make DNNs more 

robust to different corner cases.   

A promising approach to training a model that synthesizes images is Generative 

Adversarial Networks (GANs) [21]. GANs have gained significant acceptance in the computer 
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vision community, and different variations of GANs were recently proposed for generating 

high quality real natural images [22, 23]. Recently, several medical imaging applications have 

applied the GAN framework [24, 25, and 26]. Most experiments have employed the image-

to-image GAN technique to create label-to-segmentation translation, segmentation-to-image 

translation, or medical cross-modality translations. Some studies have been motivated by the 

GAN method for image imprinting. In the current study, the applicability of the GAN 

framework to synthesize high-quality medical images for data augmentation.  

 

 In the paper, GAN augmented images for liver lesion using a synthesis of high-quality 

focal liver cancer lesions from CT images using generative adversarial networks (GANs). They 

designed a CNN-base solution for the liver lesion classification task, with comparable results 

to state-of-the-art methods. The augmentation of the CNN training set, using the generated 

synthetic data has improved classification results. They presented a way that uses the 

generation of synthetic medical images for data augmentation to improve performance on a 

medical problem with limited data. They also demonstrated this technique on a liver lesion 

classification task and achieved ∼ a 7% improvement using synthetic augmentation over the 

classic augmentation. Their model is a CNN-based architecture for the liver lesion 

classification task, that delivers state-of-the-art results.  
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Table 1: Comparative Evaluation of Image Augmentation Work 

 

Paper Objective Dataset Model Used Results (Accuracy) 

Synthetic data 

augmentation 

using GAN for 

improved liver 

lesion 

classification 

(2018) 

Synthetic 

Image 

Augmentation 

for the 

medical 

dataset 

Liver lesion 

image 

dataset 

 

GAN and 

DCGAN 

 

CNN-AUG-GAN 

(DCGAN) 85.7% 92.4% 

CNN-AUG-GAN 

(ACGAN) 81.3% 90.0% 

GAN 

Augmentation: 

Augmenting 

Training Data 

using 

Generative 

Adversarial 

Networks 

(2018) 

Classical 

augmentation 

techniques 

applied on the 

training 

dataset 

 

Diverse 

domain 

datasets such 

as cars, birds, 

etc. 

 

Used classical 

augmentation 

techniques 

such as 

oversampling 

Increase the accuracy 

of the model by 2%  

 

Unsupervised 

representation 

learning with 

Used 

convolutional 

Generative 

Network 

Unsupervised 

dataset of the 

medical 

domain such 

Used classical 

augmentation 

techniques 

No significant 

improvement in the 

accuracy of all domain 

images. Accuracy 
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deep 

convolutional   

generative 

adversarial 

networks 

as cell images 

of various 

diseases 

improvement of 2% 

overall 

 

2.1.2 Sampling Techniques 

   

In this paper [4], a general problem of learning a Mahalanobis distance metric from 

side information is addressed. It is formulated as an optimization problem, in which the ratio 

of distances (in terms of the rate of matrix traces) is used as the objective function. An 

optimization algorithm is proposed to solve this problem, in which a lower bound and an 

upper bound, including the optimum, are explicitly estimated and used to stipulate the initial 

value for iterations. Experimental results show that with a small number of pairwise 

constraints, our algorithm can provide a useful distance metric for performances. 

 Except for the significant improvement of the learned distance metric over the 

Euclidean distance metric, there still exist a few aspects to be researched. Intrinsically, our 

algorithm adopts a binary search approach to find the optimum. More fast iteration 

algorithms will be investigated in the future. We will also develop an incremental learning 

version of our algorithm for online data processing. 

 This paper [29] presents the proposed combined techniques to re-distribute the data 

in classes to solve the class imbalance problem.  They are the integration of under-sampling 

technologies using Complementary Neural Network (CMTNN) and the over-sampling 
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technique using the Synthetic Minority Over-sampling Technique (SMOTE). The experiment 

employs three types of machine learning algorithms for classifying the test sets, including 

ANN, SVM, and k-NN. The classification results are evaluated and compared in terms of 

performance using the widely accepted measures for the class imbalance problem, G-mean, 

and AUC. The results obtained from the experiment indicated that the proposed combined 

technique by SMOTE and CMTNN generally performs better than other methods in most test 

cases. 
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Table 2: Comparative Evaluation of Sampling Techniques 

Paper Objective Dataset Model Used Results (Accuracy) 

Learning a 

Mahalanobis 

distance metric 

for data 

clustering and 

classification 

Distance metric 

application on 

datasets 

Toy data set, 

Diabetes 

dataset and 

Iris 

 

k-means and 

k-nearest 

neighbor 

 

    K-means accuracy 

94.2% 

Classification of 

imbalanced 

data by 

combining the 

complementary 

neural network 

and SMOTE 

algorithm. 

Under-sampling 

techniques 

using 

Complementary 

Neural Network 

(CMTNN) and 

the over-

sampling 

technique using 

SMOTE 

German 

Credit Card 

data and 

Indian 

Diabetes 

data 

 

SMOTE and 

CMTNN 

Removes 

misclassification from 

datasets 
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2.1.3 Cost-Effective Deep Learning 

  

 In this paper, DeepTest [11], they addressed the issues of defective cases and 

designed a systematic testing methodology for automatically detecting behaviors of DNN-

based software of self-driving cars. First, we leverage the impression of neuron coverage (i.e., 

the number of neurons activated by a set of test inputs) to explore different parts of the DNN 

logic. We demonstrate that changes in neuron coverage are correlated with coinage in the 

actions of self-driving cars (e.g., steering angle, brakes applied). Therefore, neuron coverage 

criteria can be used as a counsel instrument for systemically exploring different types of car 

behaviors and identify erroneous practices. 

             In the paper DeepMutation [12], they proposed a mutation testing framework and 

workflow designed for Deep Learning systems, which enables the quality evaluation and 

weakness localization of the test dataset. They devised six source-level (i.e., on the training 

data and training program) mutation operators to introduce defects into the DL programming 

elements. We further design six mutation operators that directly inject faults into DL models. 

They proposed two DL-specific mutation testing metrics to allow quantitative measurement 

for test quality. They evaluated the proposed mutation testing framework on widely studied 

data sets and models to demonstrate the functionality of the technique, which could also 

potentially facilitate the test set enhancement. 

             In the paper DeepExplore [30], they designed, implemented, and evaluated 

DeepXplore, the first white box framework for systematically testing real-world DL systems. 

They introduced neuron coverage for consistently measuring the parts of a DL system 

exercised by test inputs. Next, we leveraged multiple DL systems with similar functionality as 
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cross-referencing oracles to avoid manual checking.   Table 3: Comparative Evaluation of Cost-

Sensitive Deep Learning 

Paper Objective Dataset Model Used Results (Accuracy) 

DeepTest: 

Automated 

testing of 

deep-neural-

network-

driven 

autonomous 

cars 

Issues 

associated 

with defective 

cases  

Autonomous 

car google 

dataset  

 

Transfer 

Learning 

Models 

 

CNN-AUG-GAN 

(DCGAN) 85.7% 92.4% 

CNN-AUG-GAN 

(ACGAN) 81.3% 90.0% 

DeepMutation: 

Mutation 

Testing of 

Deep Learning 

Systems 

Quality 

evaluation 

and weakness 

of the test 

dataset 

Diverse 

domain 

datasets such 

as cars, birds, 

etc. 

 

Injecting 

faults into the 

DL model and 

test them. 

Increase the accuracy 

of the model by 2%  

 

Deepxplore: 

Automated 

Whitebox 

testing. 

Neuron 

Coverage of 

defective 

cases 

  ImageNet 

and Udacity 

driving cars 

dataset 

Neuron 

coverage for 

faulty cases. 

  Improve the DL 

model's accuracy by 

up to 3% 
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CHAPTER 3.  PROPOSED FRAMEWORK  

 

 The DeepSampling framework is based on a combination of Image Augmentation and 

using Generative Adversarial Network [1,2] and sampling techniques, which are based on the 

k-means clustering algorithm. 

Clustering is a fundamental task in data science and unsupervised machine learning. 

Clustering divides data into a number k of subsets. It consists of a grouping of similar objects 

into a set known as a cluster. Objects in the same cluster are likely to be different compared 

to those rating other groups (clusters). It deals with finding a formation in a collection of 

unlabeled data. To divide data into k clusters, we have proposed using k- means clustering 

technique. This technique has shown excellent results in small feature dimensions, although 

with higher dimensions, the clustering becomes inefficient and unreliable. A solution to this 

problem is achieved using [6] t-SNE (T-distributed Stochastic Neighbor Embedding) to lower 

the dimension of the input feature space to a size where the k-means clustering methods 

works with reliable and efficient results. 

3.1 Framework Architecture  

Figure 2 shows the overall architecture of the DeepSampling framework vs. 

Traditional Deep Learning to identify the dataset, which is used to evaluate DL models. The 

architecture is divided into three parts. The first part shows data augmentation techniques 

that are applied to a dataset such as Malaria cell images when images are not enough to train 

the DL model.  The second part of architecture uses t-SNE for dimensionality reduction, and 

the third part uses t-SNE output for each dataset which helps to gather images which are 

closest to the centroid of cluster based on [14] Mahalanobis distance metric. The Euclidean 
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distance works well only if the covariance structures of the clusters are nearly spherical and 

homogeneous.  

 

 
Figure 2: Traditional DL vs. DeepSampling 

 

 

3.2 DeepSampling Image Augmentation 

 

  The generative model aims to implicitly learn the data distribution from a set of 

samples x(1),…,x(m) (e.g., images) to further generate new examples drawn from the learned 

distribution. 

The generator network takes a vector of 1000 random numbers drawn from a uniform 

distribution as input and outputs a malaria cell image of size 64 × 64 × 1, as shown in Figure 

3. 
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The network architecture [8] consists of a fully connected layer shaped to size 4 × 4 × 1024 

and three fractionally-strided convolutional layers to up-sample the image with a 5 × 5 kernel 

size. A fractionally-strided convolution (also known as 'deconvolution') can be interpreted as 

expanding the pixels by inserting zeros in between them.   

   Convolution over the expanded image will result in a larger output image. Batch-

normalization is applied to every layer of the Convolution network, except for the output 

layer. Normalizing responses to have zero mean and unit variance over the entire mini-batch 

stabilizes the GAN learning process and prevents the generator from collapsing all samples to 

a single point [7]. ReLU activation functions are applied to all layers except the output layer, 

which uses a tanh activation function.  

 
Figure 3: GAN Architecture for Image dataset 

 

 

The discriminator network has a typical CNN architecture that takes the input image of 

size 64 × 64 × 1, and outputs one decision: is this image real or fake? The network consists of 

four convolution layers with a kernel size of 5 × 5 and a fully connected layer. 
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Stride convolutions are applied to each convolution layer to reduce 

spatial dimensionality instead of using pooling layers. Batch-normalization is applied to every 

layer of the network, except for the input and output layers.  

Leaky ReLU activation functions are applied to all layers except the output layer, which uses 

the Sigmoid function for the likelihood probability (0,1) score of the image. 

 

 

Figure 4: DeepSampling GAN architecture 

 

   

3.3 Dimensionality Reduction 

 

t-distributed stochastic neighbor embedding (t-SNE) has been proposed in [22] as a highly 

flexible dimensionality reduction (DR) technique. It is based on probabilistic modeling of 

points in the original space and the projection space. It tries to preserve these probabilities 

as much as possible, as measured by the Kullback-Leibler distance. Assume data points 

xi∈Rn is given. 
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Figure 5: t- SNE Visualization of Datasets 

  

 

3.4 DeepSampling Technique 

 

K-Means algorithm is one of the easiest and simplest unsupervised learning algorithms 

for clustering. It takes a bunch of unlabeled data points and tries to group them into the "k" 

number of clusters based on a distance metric. The general steps behind the K-Means 

clustering algorithm are: 

i) Define the number of clusters (k). 

ii) Place k central points (centroids) randomly in different locations in the space of the 

problem. 

iii) For each data point, using a Euclidean distance metric, assign it to the closest centroid. 

iv) Recalculate k new centroids as the barycenter. 

v) Repeat the assigning of data points to the new barycenter. 
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vi) Repeat steps 4 and 5 until the barycenter does not move anymore. 

vii) A Mahalanobis distance metric computes the square of distances between two points xi 

and xj as:   

 

viii)  A Mahalanobis distance metric (27) is used as a metric in many research methods to 

reduce sample size by gaining accurate information regarding the quality of data rather 

than merely applying Deep Learning Architecture. 

ix) After finding the centroid of each cluster, the distance between the centroid and each 

data point is calculated by considering only the initial 60 data points and then increasing 

them in multiples of 10 till we cover every data point present in the cluster. 

x) Let the training data consist of n labeled examples {( , xi)} n i=1 where xi ∈ Rd and xi ∈ {1, 

. . . , c}, where c is the number of input classes. For classification, the training process has 

two steps. The first step identifies several k similarly labeled data points for each input xi. 

xi) Target neighbors are selected by using knowledge (if available) or by merely computing 

the nearest (similarly labeled) data points using Euclidean distance. We use the notation 

jài to indicate that xj is a target neighbor of xi.  

xii) The second step adapts the Mahalanobis distance metric so that these target data points 

are closer to ~xi than all other labeled inputs. The Mahalanobis distance is estimated by 

solving a problem in semidefinite software. Distance metrics obtained in this way are 

observed to yield consistent and significant improvements in overall error rates. 
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xiii) Let yij ∈ {0, 1} indicate whether the input data points xi and xj have an identical class label. 

Also, let ξij ≥ 0 denote the amount by which a differently labeled input xl invades the 

"area" around input xi defined by its target neighbor xj.  

xiv) The Mahalanobis distance M is obtained by solving the following algorithm, which 

iteratively defines the distance between the centroid of cluster and data points 

surrounding cluster. 

 

 

 

Figure 6: DeepSampling Clustering Technique 

Figure 6 shows the DeepSampling process where the input malaria image dataset is passed 

as input to the t-SNE (T-distributed Stochastic Neighbor Embedding) where features are 

extracted, and data is reduced lower dimension. When the output of t-SNE is fed to the 

clustering algorithm, depending upon the distance of data points from the centroid of the 
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cluster, they are selected. Table 3 shows the calculation of Mahalanobis distance (MD) and 

Euclidean distance (ED). In the original variable space, the Mahalanobis distance Metric 

considers the correlation in the data, as it is computed using the inverse of the variance and 

covariance matrix of the data set of interest.  

 The Mahalanobis distance and Euclidean distance will first be illustrated with a simple 

example in two dimensions, x1 and x2. The two first columns of the simulated data in Table 

3 were used. The Euclidean distance towards the center of the data can be calculated for each 

of the n objects as 

 

where xi1 and xi2 are the values of the object I for variables x1 and x2, respectively.The values 

x1̄ and x2̄ the means of the n values measured at, respectively, x.1 and x.2. 

For the first object, the Euclidean distance towards the center of the variable space is 

computed as: 

ED1= (4−6)2+(3−5.350)2=3.086. 

The Mahalanobis distance for the object is calculated as: 

 

The Euclidean distance and Mahalanobis distance of each data point towards the centroid of 

the cluster of simulated data calculated using only the first two variables x1 and x2: 
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Table 4: Mahalanobis Distance Metric for Data Points 

Object Number(i)   ED   MD 

1   3.0859  1.5464 

2   1.6800  0.9122 

3   2.5928  1.0814 

4   2.1030  0.9619 

5   3.4238  1.3576 

 

Table 3 provides statistics of applying Mahalanobis distance metric on the Malaria Image 

dataset.  

Statistics show that as Mahalanobis distance between the centroid and data points in each 

cluster, and it covers 20% of data points in each cluster. All these data points include 20% of 

the region surrounding centroid of the cluster, as shown in Figure 4, which shows 20% of the 

area covered by data points. 

 

Figure 7: Region Covered by DeepSampling Technique 
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CHAPTER 4.  RESULTS AND EVALUATIONS  

4.1 Introduction 

We evaluated the performance of the DeepSampling framework based on four datasets: 

the MNIST data set of handwritten digits, the Breast Histology Image dataset, the Malaria cell 

images dataset, and the Stanford dog dataset. The data sets are preprocessed by t-SNE to 

reduce their dimensionality.  

 

4.2 Data Preparation 

Table 4 gives in an excellent idea about all the datasets which are used to evaluate 

the given framework. The more detailed information about datasets is mentioned below. 

Table 5: Statistics of Datasets Used in the Evaluation 

     

Dataset Training Images Testing Images No. of 

classes 

Dimension 

Malaria Cell 4500 2000 5 256*256*3 

Breast Histology 12568 7685 5 512*512*3 

Stanford Dog Images 20000 10000 120 256*256*3 

MNIST 60000 10000 10 28*28 

 

 

4.2.1 MNIST Dataset 

In this thesis, we use the MNIST dataset. The MNIST is a dataset developed by LeCun, 

Cortes, and Burges for evaluating machine learning models on the handwritten digit 

classification problem (28). It has been popularly used in research and to design novel 

handwritten digit recognition systems. The MNIST dataset contains 60,000 training cases and 

10,000 test cases of handwritten digits (0 to 9). Each number is normalized and centered in a 

grayscale (0 - 255) image with size 28 × 28. Each image consists of 784 pixels that represent 
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the features of the digits. Some examples from the MNIST dataset are shown in Figure 8. The 

MNIST dataset is balanced over the ten classes (0 - 9). Figure 7 shows the percentage of each 

class in the MNIST dataset. 

 

Figure 8: Class Percentage of MNIST Dataset 
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Figure 9: MNIST Dataset Samples 

 

 

 

4.2.2 Malaria Image Dataset 

The Malaria Image dataset has a total of five classes and imbalanced distribution. 

Figure 9 shows the distribution of classes in the malaria image dataset. The dataset has 4500 

training images and 2000 testing images. The data consists of two classes of uninfected cells 

(RBCs and leukocytes) and four classes of infected cells (gametocytes, rings, trophozoites, and 

schizonts). Annotators were permitted to mark some cells as difficult, if not clearly, in one of 

the cell classes. The data had a massive imbalance towards uninfected RBCs versus uninfected 

leukocytes and infected cells, making up over 95% of all cells. Figure 10 shows the sample 

malaria cell image. 
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Figure 10: Malaria Image dataset Distribution 

 

 
Figure 11: Malaria Image Samples 

 

4.2.3 Stanford Dog Image dataset 

This dataset contains 120 dog breeds. The training set contains 10,222 dog images. To 

build our models and calculate their accuracy, we used only the training set from Stanford. 

We split the Stanford Training Set into a train set (8,185 images), a validation set (1,015 

images), and a test set (1,022 images). We did this because we only had the labels for the 

training set. This dataset contains photos of dogs, some wearing clothes, some with humans, 

dogs of different sizes and with diverse backgrounds.  

36%

36%

10%

10%

8%

Distribution of Classes in dataset

Ring

Trophozoite

Schizont

Gametocyte

Ovale
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Figure 12: Stanford Dog Image Dataset Samples 

 
Figure 13: Distribution of Stanford Dog Breeds 
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4.2.4 Breast Histology Image dataset 

In this dataset, we are provided with many small pathology images to classify. Files 

are named with an image id. The train_labels.csv file contains the ground truth for the images 

in the train folder. We will be predicting the labels for the images in the test folder. A positive 

label indicates that the center 32x32 region of an image contains one pixel of breast histology 

tissue. The tissue in the outer region of the patch does not influence the label. This outer 

region is provided to enable fully convolutional models that do not use zero-padding and to 

ensure consistent behavior when applied to an entire image. 

 

Figure 14: Breast Histology Image Samples 
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4.3.1 Evaluation Metrics 

4.3.1 DeepSampling Technique Evaluation Metrics 

i. Classification Accuracy 

It is the ratio of the number of correct predictions to the total number of input samples. 

Number of Correct Predictions

Total Number of Predictions Made
 

ii. Confusion Matrix 

A confusion matrix is a table that is often used to describe the performance of the DL 

classification model (or "classifier") on a set of test data for which the correct values are 

known. Following are terms associated with Confusion Matrix: 

• True Positives: The cases in which the classification model predicted YES, and the actual 

output is also YES. 

• True Negatives: The cases in which the classification model predicted NO and the actual 

output is also NO. 

• False Positives: The cases in which the model predicted YES, and the actual output is NO. 

• False Negatives: The cases in which the model predicted NO and the actual output is YES. 

 

iii. F-Score 

F-score considered one of the most popular performance metrics. It is also called a 

balanced F-score or F-measure. It is a harmonic mean of recall and precision. It is used to test 

accuracy. It is the consideration of both precision and recall. 

2xPrecisionxRecall

 Precision + Recall
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iv.  Precision 

  Precision is the fraction of related instances among the retrieved instances. 

 

True Positive

True Positive + False Positive
 

 

v. Recall 

 

  Recall (also known as sensitivity) is the ratio of correctly identified instances over the 

total amount of relevant instances. 

True Positive

True Positive + False Negative
 

 

Figure 1 

 

                                             Figure 15: Confusion Matrix 
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4.4 Results 

4.4.1 DeepSampling Image Augmentation Results 

We started by examining the effects of using the classic data augmentation for the 

Stanford dog images classification. We then synthesized images using GAN and examined the 

classification results after adding the synthesized images to the training set. 

 

Figure 16: Deep Convolutional GAN Architecture (Generator+Descriminator) 

We used classical data augmentation, as mentioned in Figure 5. We refer to this 

network as CNN-AUG. We recorded the classification results for the Malaria image 

classification CNN for increasing amounts of data augmentation over the original training set. 

To examine the effect of adding the numbers of samples, we formed the data groups D1 aug 

⊂ D2 aug ⊂ ... ⊂ D5 aug such that the first data group was only made up of the original images 

and each group contains more augmented data samples. For each original ROI, we produced 

a significant number of augmentations (Nrot = 30, Nf lip = 3, Ntrans = 5 and Nscale = 5), 

resulting in N = 100 augmented images per category and overall ∼ 6000 examples per class. 

Then, we selected the images for the groups by sampling randomly augmented examples 

such that for each original category, we sampled the same augmentation volume. 
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Figure 17: Generated Synthetic Images After Epochs 

 

The results of the GAN-based synthetic augmentation experiment are shown in Figure 

10. The results (classical augmentation) are shown in table 6. We see the accuracy results for 

the image classification task for each group of classes. When no augmentations were applied, 

an accuracy of 82.89% was achieved. The results improved as the samples of training data 

increased, the accuracy result of 87.08% is made. 

Table 6: Images Generated by DeepSampling GAN 

 

Table 5 shows the number of images present in the original dataset and the number 

of images generated by DeepSampling image augmentation. There are approximate ~6000 

total images made by the DeepSampling framework. 

 

 

 

   

Class No of Samples DeepSampling Images 

Ring 2450 2450 

Trophozoite 2450 2450 

Schizont 650 2550 

Gametocyte 700 2658 

Ovale 500 2597 

         Epoch 200                                                               Epoch 500    Epoch 1000 
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Table 7: Comparison of Testing Accuracy for DeepSampling Image Augmentation 

  

Image Augmentation Applied Test Accuracy of Model 

No Image Augmentation 82.89% 

Classic Image Augmentation 85.08% 

DeepSampling Image Augmentation 87.08% 

 

 

Table 6 shows the accuracy improvement of applying the DeepSampling GAN augmented 

model on the Malaria image dataset. Table 7 shows the confusion matrix for Malaria Image 

Dataset. Table 8 shows the Recall, Precision, and F1 score for the Malaria Image dataset. 

               Table 8: Confusion Matrix on Malaria Image Dataset 

 Ring Trophozoite Schizont Gametocyte Ovale 

Ring 2133 53 78 56 34 

Trophozoite 45 2089 89 56 45 

Schizont 67 45 2383 67 76 

Gametocyte 88 45 43 2365 87 

Ovale 76 34 98 67 2089 

 

                                Table 9: Confusion Matrix Statistics 

 

 

 

 

 

 

  

Precision 0.88 

Recall 0.76 

F1 Score 0.81 
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4.4.2 Evaluation of DeepSampling Framework  

This section evaluates our proposed framework based on the Classification accuracy of 

various Convolutional Neural Networks to compare the accuracy of multiple classifiers based 

on the following three techniques of data sampling. 

i. Training Testing Split: Most DL models use 70%-30% or 80%-20% split to evaluate the 

accuracy of the DL model. 

ii. Cross-Validation: Cross Validation is a technique that involves reserving a sample of a 

dataset on which you do not train the model. Later, you test your model on this sample 

before finalizing it. 

iii. Clustering to sample data: This approach uses k means clustering techniques on t – SNE 

output to reduce the dimensionality of data. It applies the Mahalanobis distance metric 

to the sample dataset. We chose the data points which are closer to the centroid of each 

cluster and define the dataset to evaluate the DL model in hand. Figure 14 shows t- SNE 

outputs of each known datasets listed in 4.2.  

 

Figure 18: t- SNE visualization of DeepSampling Datasets 

 

The features from t-SNE are used as features as input to k-means clustering 

techniques to reduce the dimensionality of input data. During the DeepSampling method 
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based on K-means clustering, images are selected inside the region, and the DL model is 

evaluated for accuracy. As the distance between the centroid of cluster and data points 

increases, the more data points are selected from that region, and the process continues till 

the accuracy of the DL model is achieved such that it reaches an absolute value more 

significant than the state-of-art performance. Figure 14 shows 20% of the region covered by 

the DeepSampling, and Table 9 shows the corresponding data points inside each cluster for 

the Breast Histology Image Dataset. Table 9 shows the iteration results of applying k means 

clustering on the entire Breast Histology Image dataset. A Mahalanobis distance metric 

computes the square of the distance between two points xi and xj as:   

 

Depending upon initial data samples set and distance between centroid and data 

nearest data points, data points are selected, and Convolutional Neural Network (VGG19) is 

applied on those data points and evaluates accuracy for DL models. As shown in Table 9, 20% 

region specifies training and testing data points, which can be used to assess the DL Model. 

Figure 15 and Figure 16 show the area covered by the DeepSampling technique. Table 9,10 

indicates that some training and testing data points covered by the region. 
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     Figure 19: DeepSampling Applied on Breast Histology Image Dataset 

 

 

Table 10: Region Covered 20% by DeepSampling 

  Cluster Training Data Testing Data Testing 

Accuracy 

  

  Tubular 457 246  75.98%  

  Ductal Lobular 580 249 

  Medullary 578 248 

  Mucinous 570 244 

  Ductal 573 245 

  Total Images           4107  
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Figure 20: Different Region Covered by DeepSampling 

 

        Table 11: Region 50% and 80% Covered by DeepSampling 

  Cluster Training Data Testing Data Testing 

Accuracy 

  

  Tubular 1435 615  82.67% 

  Ductal Lobular 1452 621 

  Medullary 1446 619 

  Mucinous           1425 611 

  Ductal 1432 614 

  Total Images           10270  
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             Table 12: Region 90% Covered by DeepSampling 

 

  Cluster Training Data Testing Data Testing 

Accuracy 

  

  Tubular 2583 1107  90.18% 

  Ductal Lobular 2612 1119 

  Medullary 2602 1115 

  Mucinous           2564 1099 

  Ductal 2577 1104 

  Total Images           18277  

 

 Table 11 shows the comparison of Validation techniques such as random split (70-30), 

K fold Cross-Validation with DeepSampling approach. There is an improvement of 2-3% in the 

accuracy of the Deep Learning Model as DeepSampling considers the data points which are 

closer to the centroid of the cluster rather than randomly splitting up the data points. Table 

12,13 and 14 shows the testing accuracy for different validation techniques and compares 

them with our DeepSampling approach. 
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Table 13: Comparison of Validation Techniques for Breast Histology Dataset 

  Validation 

Technique 

Training Data Testing Data Testing 

Accuracy 

  

  Train/Test Split 14177 6076   87.09%  

  5-fold CV 12152 8101   87.98%  

  DeepSampling 12938 6544   90.18%  

  DeepSampling 

Random 

Approach 

          12800 6682   88.45%  

 

  

Table 14: Comparison of Validation Techniques for Stanford Dog Dataset 

  Validation 

Technique 

Training Data Testing Data Testing 

Accuracy 

  

  Train/Test Split 21000 9000   78.13%  

  5-fold CV 20000 10000   79.01%  

  DeepSampling 18900 11000   81.89%  

  DeepSampling 

Random 

Approach 

          11898        11002   79.90%  
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Table 15:Comparison of Validation Techniques for MNIST Dataset 

  Validation 

Technique 

Training Data Testing Data Testing 

Accuracy 

  

  Train/Test Split 49000 21000   98.03%  

  5-fold CV 60000 10000   98.42%  

  DeepSampling 51896 18104   98.13%  

  DeepSampling 

Random 

Approach 

          52090        17910   98.34%  

 

 

                                    Figure 21: Confusion Matrix for MNIST Dataset 

 

                    Table 16: Statistics of MNIST Dataset 

 

 

   

   

             

  

Precision 0.88 

Recall 0.76 

F1 Score 0.81 
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CHAPTER 5.  CONCLUSION AND FUTURE WORK   

 

5.1 Conclusion 

 

In this thesis, we presented a software testing framework based on clustering techniques 

such as (5) K-means clustering to introduce with training and testing datasets. The datasets 

are selected depending upon how feature representations are more accurate for images that 

are located near the centroid of the cluster using (4) Mahalanobis distance metric, which is 

used as base criteria. Also, for the understanding of data distribution, we have applied (6) t-

SNE (T-distributed Stochastic Neighbor Embedding) to visualize high-level representations 

learned by an artificial neural network. We have built the DeepSampling architecture 

specialized for DL systems to ensure the quality of data using four datasets MNIST, Breast 

Histology, Malaria cell dataset, and Stanford dog datasets with 3 DL models. 
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5.2 Future Work 

 

DeepSampling works well with the image dataset when the distribution of classes is 

imbalanced. Apply the DeepSampling framework on the text dataset and compare the 

results. Extend the framework to accommodate the advanced Deep Learning models such as 

autoencoders. This work can be extended to other types of data, such as sensor data and 

videos. The quality of the generated image samples could be improved by incorporating 

unlabeled data to improve the GAN learning process. 
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