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Abstract

Background and aims: Generative adversarial networks (GAN) have been popularly used
in generating augmented data in medical imaging. However, a classical GAN model is prone
to model collapse, class imbalance, and instability. The purpose of this study was to validate a
deep learning (DL) algorithm that generated brain tumor and non-tumor images from magnetic
resonance images (MRI) and to compare its performance with that of true brain tumor and true
brain non-tumor images from MRI.

Materials and methods: This single-center, retrospective study included MRI brain tumor and
healthy control images from a public repository. Datasets were divided into training (63%), val-
idation (6%), and test (31%) sets, with stratification by presence and absence of brain tumor. A
conditional-generative adversarial network was trained to produce brain tumor and non-tumor
images. The generated images were trained on a modified U-Net CNN multiple times with
different numbers of generated images, and their classification accuracy was evaluated from a
separate set of unseen dataset of 2000 images. The Mann-Whitney U-test was used to estimate
the statistical significance between generated and true images. The generated images are sys-
tematically evaluated by multiple evaluation metrics, such as the Inception Score (IS), Frechet
Inception Distance (FID), Structural Similarity Index Measure (SSIM), Mean Squared Error
(MSE), Dice Similarity Coefficient (DSC), and Peak Signal-to-Noise Ratio (PSNR).

Results: A total of 2000 MRI images were generated, having an equal number of brain tumor
and non-tumor images. The CNN trained with 1000 true and 1500 generated images worked the
best, achieving 92% accuracy, 90% sensitivity, and 85% specificity for the diagnosis of brain
tumors. The generated images exhibited an IS, SSIM, MSE, DSE, FID, and average PSNR of
2.09, 0.16, 7609, 0.89, 0.64, and 28.78 dB, respectively.

Conclusion: The classification performance of convolutional neural networks (CNNs) increased
when its training set was augmented with generated MRI brain tumor and non-tumor images,
suggesting that synthetic images can serve as effective alternatives to real images in deep
learning-based classification models.

Significance: The results highlight the potential of generative MRI images as viable alterna-
tives to real MRI scans for CNN-based brain tumor classification. It addresses data scarcity,



enhances model robustness, preserves patient privacy, and reduces costs, making Al-driven di-

agnostics more scalable and efficient.
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1 Introduction

The central nervous system, assessed by the brain and spinal cord, coordinates all sensory in-
formation and the actions that go along with it [68]. The brain is a complex organ that controls
our breathing, heartbeat, temperature, hunger, emotions, and movements [5]. However, tumors
in the brain tend to disturb the brain’s normal functioning. A brain tumor is the aberrant pro-
liferation of brain cells [7]. The National Foundation for Cancer Research [57], estimates that
about 25,400 people will be diagnosed with a malignant brain tumor, with about 18,760 deaths
expected in the United States. Benign brain tumors are non-cancerous tumors, while malignant
brain tumors are cancer-causing [9]. Malignant tumors are of main concern as they can metas-
tasize to other body organs and spread cancer. Nonetheless, early tumor detection allows for
timely treatment, increasing the chance of survival.

Brain tumors are detected and analyzed using imaging technologies such as positron emis-
sion tomography (PET), computed tomography (CT), and magnetic resonance imaging (MRI)
[3]. However, MRI is recognized as the most prevalent and efficient diagnostic tool for identify-
ing brain tumors within the clinical community. It is a non-ionizing and non-invasive modality
that provides valuable information regarding the size, type, shape, and location of tumors [63].
MRI offers essential information for observing brain anatomy that is helpful for diagnosing

some brain irregularities like brain tumors [62].

Figure 1.1: Transaxial view of magnetic resonance brain tumor images [53].

Preprocessing MRI images provides valuable information and can be utilized in various
clinical applications and research studies. For example, brain segmentation images have been
widely used in locating brain lesions [12], tumors [29], neurodegenerative diseases such as
Alzheimer’s [64], and dementia [22], etc. However, with the advancement in artificial intel-
ligence (Al) and machine learning (ML), MRI image augmentation provides realistic-looking
artificial brain images that enlarge datasets and help improve machine learning algorithms [51].
Many deep learning models have been prepared to retrieve valuable and distinctive features
from the brain MRI images that help diagnose brain tumors [70].

Medical imaging classification holds significant importance in categorizing and diagnosing

human diseases. The classification of medical images has become an easy process with the



current advancements in Al. Machine learning is a type of Al that has become a powerful tool
with its optimized ability in disease diagnosis, tissue segmentation, and image classification
[76], [50]. One ML model type, a convolutional Neural Network (CNN), is thought to be the
most efficient approach with high diagnostic accuracy given the large dataset [33]. Autoencoder,
being an unsupervised ML model, utilizes a neural network for representation learning [14].
Remarkably, numerous machine learning models have been developed to accurately diagnose
tumors, including brain tumors, with high diagnostic accuracy [40].

Deep learning (DL) is a subtype of machine learning-based neural networks that are used
to learn data representations and can be applied to supervised, semi-supervised, and unsuper-
vised learning [47] and has been making many breakthroughs in the field of medical diagnosis.
Dozens of DL algorithms aid in image processing, like classification and segmentation [13].
These deep-learning algorithms demand a significant quantity of data for training, highlighting
the problem of data scarcity [45] and class imbalance [10]. Many solutions have been proposed
to overcome data scarcity, like data augmentation [75], and k-fold cross-validation [25].

To train any DL model in medical imaging, the original dataset is split into two sets: a train-
ing set and a test set. The training dataset is used to train a given algorithm that runs through
multiple iterations, and the parameters of the model are optimized to improve the model’s per-
formance. The test dataset is used to analyze the model’s final performance. Usually, DL
models require a large dataset to train. However, ML models are unable to function effectively
and collapse due to limited data. To avoid this situation, the data augmentation technique is
applied.

Data augmentation techniques are applied to amplify the size and diversity of training data to
improve the performance of DL algorithms. Traditional data augmentation techniques involve
reflection, rotation, translation, cropping, or adding a Gaussian blur to increase the dataset,
which is quick and simple to implement [66]. Nonetheless, these techniques enhance the data
quantity but never reach the level of a realistic situation. This increases the need for deep
learning-based generative models to create realistic-looking augmented data [46] and to reduce
dataset biases and class imbalance [26].

Goodfellow et al. [27] presented a generative adversarial network (GAN) to generate syn-
thetically augmented data, performing superior to traditional augmentation techniques. A GAN
architecture consists of two neural networks: a generator and a discriminator. Data is fed into
the generator to generate artificial medical images, while the discriminator separates artificially
generated images from the original images. The generator functions to improve its generated
data so that it can forge the discriminator and produce realistic-looking artificial images. Since
then, many models have been proposed to synthesize artificial images. A recent advancement
in GAN is conditional GAN (cGAN), where neural networks are conditioned to auxiliary input
such as class labels and feed to the generator and the discriminator to guide data generation,
producing augmented labeled data [65].

Scientifically speaking, diagnosing tumors from medical images could be more fallacious

and rely heavily on radiologists expertise and fatigue level. Computational intelligence acts



as an assisting tool for radiologists and physicians in identifying and diagnosing brain tumors.
This study aims to examine the innovative application and modification of cGAN for data aug-
mentation in medical imaging, particularly for MRI brain tumor images. The performance of
the presented model will be assessed through different quality metrics, and the model’s effect
on the performance of binary classification in medical images will be evaluated. This approach
will tackle the challenges of class imbalance in the brain tumor MRI dataset and address the

limitations posed by small data sizes.

1.1 Research questions

In this thesis, it is proposed to utilize cGAN originally presented by [52], a variation of tradi-
tional GAN, to generate synthetic images with conditioned input data. In cGAN, a condition is
given to the generator and discriminator model along with random noise to produce condition-
specific images. The condition could be a label or any structured input. In this way, we get a
diverse set of outputs through targeted image generation. Our experiment will focus on gener-
ating 2-dimensional (2D) MRI brain tumor images with segmentation maps.

This thesis will research the generation of artificially augmented medical image datasets.

The thesis will aim to answer the following research question:

How do augmented data obtained from conditional generative adversarial networks affect

the performance of the binary classifier for medical image datasets?

To answer the research question above, we answer several sub-questions:

Question 1: Does cGAN performing multi-domain image-to-image translation produce

realistic brain tumor magnetic resonance images?

* Question 2: What parameters need to be optimized to get high-quality output from
cGAN? What evaluation metrics should be used to judge generated image quality, and
how are these metrics affected by the proposed cGAN model?

* Question 3: Can the classification accuracy of state-of-art classification CNN be in-
creased via augmentation with cGAN-generated images, and should Transfer Learning

be considered given the small size of the dataset?

* Question 4: What will be the outcomes of the classifier when no augmented data is used,

and how accurate will it be when cGAN-generated images are used?



2 Aims and Hypothesis

This thesis aims to address the challenge of class imbalance in brain tumor MRI datasets by
developing a cGAN architecture capable of generating high-quality, label-consistent synthetic
images. By generating additional MRI scans for underrepresented classes—specifically, tumor-
positive and tumor-negative samples—the proposed method aims to enhance the diversity and
balance of the training data. The generated images will be used to augment datasets for deep
learning classifiers, aiming to improve classification accuracy and robustness in identifying
brain tumors. Unlike existing studies that focus on comparative analyses, this work emphasizes
demonstrating the standalone effectiveness and viability of the proposed cGAN-based augmen-
tation approach for deep learning-based brain tumor diagnosis.

For the research question, we have the following hypotheses:

* Hypothesis 1: We expect the cGAN model will perform better in multi-modal label-to-
image translation based on the evaluation metrics of generated images. For cGAN, some
state-of-the-art models usually do not have enough open-source code. So, we expect to

build an open-source cGAN code.

* Hypothesis 2: We expect that Inception V3 will work best on binary classification. We
expect to have synthetic images obtained from cGAN having similarity close to real
datasets in terms of contrast and image quality. We also expect the synthetic images

to perform better with the classification model than when no augmented data is used.

2.1 Objectives

Based on research questions, the objective of the thesis is to train a cGAN to generate better-

quality MRI brain tumor images. The objectives of the thesis are:

* Objective 1: Implement and train the cGAN algorithm that could generate synthetic brain

MRI tumor images with the given labels.

Figure 2.1 illustrates the process for Objective 1.

L Real Image J 1
Conditional
Generative Synthetic
Adversarial Image
Network

AN

Segmentation 1

map J

Figure 2.1: Original MRI dataset along with tumor labels given to cGAN to generate augmented
MRI dataset.



* Objective 2: Implement and train a classifier and determine if using synthetic MRI data

can improve the accuracy.

Figure 2.2 illustrates the process for objective 2.

L Real Image J 1
Conditional
Generative Synthetic Binary
Adversarial { Image classifier
Network
{ Segmentation W 1
map J { Unseen Images J

Figure 2.2: The generated images from conditional-GAN (cGAN) feed to the binary classifier
along with an unseen set of the original dataset.



3 Background and Literature Review

3.1 Artificial Neural Networks

Machine learning is a subclass of Al in which data is given to the machine, and the machine
analyzes the data, learns from it, and draws conclusions or makes decisions from the data [18].
The machine model is either supervised, semi-supervised, or unsupervised [81]. An artificial
neural network (ANN) is a computational model composed of layers of interconnected artificial
neurons. These neurons are organized into an input layer (which receives the data), one or more
hidden layers (which perform intermediate computations and feature transformations), and an
output layer (which produces the final result). A classical ANN model consists of many hidden
layers [80]. Recently, many new types of ANN algorithms have been developed, such as Deep
Learning Neural Networks [21] and Radial Basis Function Networks [73].

ANN has been used widely to classify medical images. Nalbalwar et al. [56] conducted
a study using ANN as a classifier to identify different types of tumors and CNN for early de-
tection of skin cancer [80]. ANN is used to classify heart states as diastole and systole from

echocardiographic images in an attempt for early diagnosis of heart diseases [77].

3.2 Deep Learning and Convolutional Neural Networks

Deep learning (DL) is a type of ML algorithm that uses ANNs with many neural layers between
the input and output layers. DL has more deep hidden layers than a typical ML model, which
enables DL to learn complex patterns and depictions of intricate datasets [92]. Because of
this, DL is well suited for complicated data, such as speech recognition [42], natural language
processing, and computer vision [84].

Convolutional neural network (CNN) is one of the DL networks [87] with its ability to
identify the significant features automatically without human oversight [20]. Forsyth et al. [23]
introduced CNNs. Like ANNs, CNNs have many hidden layers consisting of convolutional
layers, pooling layers, and many connected layers. Convolutional layers are the backbone of
CNNE.

CNN is used for image classification in medical imaging. Tiwari et al. [82] in their paper
proposes the CNN model for classifying brain tumor MRI images. Xie et al. [85] presented
a CNN model in their research that could perform three-dimensional (3D) medical image seg-

mentation.

3.3 Generative Adversarial Networks

Generative adversarial networks, or GAN were first introduced by Ian Goodfellow et al. in 2014
[52]. It consist of two neural networks responsible for learning realistic distribution from the
training dataset in a competitive setting. One framework is generator network or generator (G)
that is responsible for generating fake inputs from noise. The other network is discriminator

network or discriminator (D) where the fake inputs from generator to fed to and is responsible



for discriminating real data (X) from the fake data (G(X)). Fundamentally, the generator aim
to produced inputs that are indistinguishable from real, while discriminator tries to correctly
classify the real and fake generated inputs.

This adversarial optimization approach has received significant attraction from academia
and industrial practitioners. Its potential to mitigate domain shift and produce high-quality syn-
thetic images has enabled GAN models to achieved state-of-art performance in various com-
puter vision application such as optimizing image resolution [86], text-to-image synthesis [48],
and image-to-image translation [91].

The original GAN model proposed in 2014 [52] is a generative model that learns to generate
new samples directly from a target distribution, without the need of explicit modeling of the un-
derlying probability distribution. Typically, the generator G takes the noise vector z from prior
distribution such as Gaussian or uniform distribution p(z) and outputs a sample x, = G(z; 6,),
where 6, denotes the parameters of G. Given the real data distribution p,(x), the output of gener-
ator or (G) x, 1s expected to have visual similarity close to real sample x. The discriminator (D)
is either given real x, ~ p,(x) or fake generated inputs x, ~ p,(x), and the output y; = D(x;6;)
of D is a scalar value indicating the probability of input being fake or real. The objective of
GAN is to train G to generate fake distributions p,(x) close enough to real distribution p,(x) so
that to make it hard for D to discriminate between real and fake data.

Mathematically, the optimization of generator G and discriminator D is given as:

Generator (G) :

LN = mink, (v [log(1 —Dlxg))]

Discriminator (D):
,,%DGAN = mDaXEerpr(x) [logD(xr)] + IE:'xgwpg(x) [lOg(l - D(xg))]

In this equation, E is the expected value of the generated sample x, drawn from the

Xg~Pg (x)

probaility distribution pg(x) while E is the expected value of the real data x, drawn from

X~ pr(X)
the real data data distribution p,(x).

In this setting, the D is a binary function trained to optimize the log-likelihood of correct
classification. If the D is optimized fully before the generator updates, then minimizing the
,ZGGAN becomes equivalent of reducing divergence between p,(x) and p,(x). The expected
outcome from a well-trained GAN results in generator producing p,(x) approximate to real
data distribution p,(x) of the real input images.

GANS are generative models for producing natural images. There are significant challenges
with GAN training, such as model collapse, instability, and non-convergence, due to improper
network architecture and selection of optimization algorithms [72]. To address these challenges,
many solutions for better design and algorithm optimization have been developed. We proposed
cGAN, a type of GAN that uses labels as input for generating targeted images, in our thesis as

a solution to avoid model collapse.



3.4 Conditional Generative Adversarial Networks

The cGAN is an extension of simple GAN that uses labels in the form of conditional input for
generating the data. In cGAN, the images are generated with specific conditions, instructing
the model to render images belonging to a particularly category [48]. The addition of class
label serves two main purposes: to generate the targeted images, and to enhance to model
performance. The additional information in the form of class labels leads to more stable model,
faster training, and domain specific high-quality images. One limitation with basic GAN is its
lack of control on its output - the mapping of latent space from input to output images is complex
and unpredictable, and it generate random images from the domain. cGANSs restrict the model
performance by putting condition on the generator and discriminator through the provided class
label. In results, when trained standalone on a generator, it generates images with given class
label only. There are many ways to integrate class labels in the GAN architecture. One of
the method proposed by Denton et al. [19], involves adding embedding layers on the top of
CNN architecture followed by a fully connected layer with a linear activation. This layer scales
the embedding to the dimension of the input image after which concatenated in the model as
additional layer. Importantly, GANs can not only be conditioned to class labels, but can be
conditioned to other labels such as image, enabling image-to-image translation application of
GAN:s.

3.5 Evaluation cGANs

The performance and efficiency of a model are assessed by evaluation metrics. These metrics
evaluate the performance of the model, which is crucial to assess the quality of the model and
to make improvements in it. A cGAN model generates synthetic data that is comparable to
real-world data, and evaluation metrics are a way to measure its quality and assess how much

generated data is different from the original data.

3.5.1 Inception Score

The Inception Score (IS) is a mathematical algorithm used for measuring the quality and variety
of generated images, introduced by [71]. A well-known CNN image classification network for
Inception Score introduced by Szegedy et al. [79] was used to evaluate generated images.

The class probability of each generated image is measured by the inception score. IS is
calculated by comparing the distribution of class probabilities for each individually created
image with the distribution of class probabilities for all generated images. Kullback-Leibler
divergence [41] is a mathematical formula that measures the comparison. The final IS value is
the exponential value of the expected comparison value.

A high IS score suggests a good variety of features in generated images, while a low IS

score suggests less diversity or lower quality of generated images.



3.5.2 Frechet Inception Distance

Heusel et al. [32] introduced the Frechet Inception Distance (FID), a metric that quantifies the
similarity between generated images and real images by comparing their underlying feature
distributions. This measure was proposed as an improvement over the Inception Score (IS) and
computes the distance between the distributions of feature vectors extracted from a pretrained
Inception network for real versus generated images [90].

A low FID means generated images are similar to real images and are of high quality,

whereas a high FID means poor image quality.

3.5.3 Structural Similarity Index Measure

The structural similarity index measure (SSIM) is a mathematical way of calculating the pre-
dicted perceived quality of image [61]. It is used to measure similarity between images. In
terms of GANs, the measurement or prediction of the perceived augmented image quality is
done in comparison with initial real image a reference. SSIM is a perception-based model that
calculates the changes in structural information of images in comparison. It is based on the idea
that the pixels display string inter-dependencies, specially when they are spatially closed to each

other - a relationship that convey critical structural information about object in comparison [54].

3.5.4 Mean Squared Error

The mean squared error (MSE) or mean square deviation is a mathematical way of measuring
the average squared of the difference between estimated error and real error [34]. It is the risk
function that correspond to the expected value of the squared error loss. The fact that MSE 1is
always strictly positive (rather than zero) because of its intrinsic nature of randomness in the
data. In machine learning, MSE is refer to as the empirical risk - i.e., the average squared loss

calculated on a given dataset [43].

3.5.5 Peak Signal-to-Noise Ratio

The peak signal-to-noise ratio (PSNR) is a mathematical metric of calculating the ratio between
the maximum signal to maximum noise that effects the fidelity of the data. Because many data
have diverse dynamic range. PSNR is expressed as logarithmic quantity in decibels (db). PSNR
is defined via the MSE values, is widely used to asses the reconstruction quality for images and

videos. Higher PSNR generally indicates better image reconstruction quality [78].

3.5.6 Deep Scatter Estimation

The deep scatter estimation or DSE is the term used in machine learning to estimate the scatter
patterns in the data, typically in context of signal processing or image quality. When paired
with deep learning methods, such as neural networks, DSE uses model to learn from data to

estimate the scatter of the generated data [30].



3.6 Literature Review

Among the studies on medical images, Naderi et al. [55]; Amirrajab et al. [4]; Dar et al. [17];
and Oh et al. [44] used cGAN to reconstruct MRI images. HaoQi et al. used the conventional
cGAN to augment the retinal fundus images and vessel segmented images of retina [28]; Yi
used cGAN with sharpness detection networks to potentially denoise the low-dose computed
tomographic images; Ben-Cohen et al. used fully convolutional networks (FCN) and cGAN
to artificially generate PET images from CT data [8]; The relevant studies under this topic are

summarized in Table 3.1.

Table 3.1: Summary of classification model for classifying synthetically generated medical
images

Research Topic | GAN Model Dataset No. of Im- | Performance| Ref.
ages & Im-
age dimen-
sions
Retinal  fundus | Conventional Retinal fundus | 600, 512 x | Fl-score: [28]
image aug- | Conditional images 512 pixels 82.75%
mentation  with | GAN
cGAN
Pix2Pix medical | cGAN HCI18 ul- [ 999 & 114, | Dice score: | [55]
image segmenta- trasound & | 256 x 256 | 97.92%
tion by cGAN Montgomery pixels
Chest X-ray
Application cGAN MIDAS  [11], | 4000-5000 SSIM: [17]
of conditional IXI [37], & 89.5%
generative adver- BRATS dataset
sarial  networks (Brain MRI
for  generating images) [6]
muti-contrast
MRI images
Generating low- | cGAN (Sharp- | CT images | 2832, 256 x | SSIM: [88]
dose CT images | ness Awareness | from National | 256 pixels 87.01%
by sharpness | GAN using | Cancer Imaging
detection of | sharpness detec- | Archive
blur images us- | tion network)
ing  conditional
generative adver-
sarial networks
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Research Topic | GAN Model Dataset No. of Im- | Performance| Ref.
ages
Generating artifi- | cGAN  image- | Data taken from | 25 CT and | True positive | [8]

cial PET images | to-image trans- | Sheba Medical | PET pairs of | rate (TPR):
from CT data us- | lation Center liver region | 92.3%
ing DC-GAN
Application  of | pix2pix cGAN | Brain slices im- | 2300, 256 x | SSIM:0354 | [2]
pix2pixGAN ages [39] 256 pixels
for  generating
synthetic images
of brain slices
cGAN ap- | Conditional Ki67-stained 694 images, | Immuno [74]
plication for | Generative whole slide | 256 x 256 | Ratio Value:
generating breast | Adversar- images from | pixels 0.53
cancer images ial Network | breast  cancer
(cGAN) patients
Data augmenta- | DreamOn, a | Breast  Ultra- | 780, image | Median [49]
tion through deep | conditional sound  Image | resolution Balance
learning models | generative Dataset not defined | Accuracies:
adversarial 0.55
network (GAN)
based on REM-
dream-inspired
interpolations
Low-dose CT | Residual Dense | Computed Not explicity | SNR: 13.3 | [89]
contrast enhance- | Network  and | Tomographic mentioned + 19
ment and volume | conditional images
quantification Generative
using Deep | Adversar-
Learning Model | ial Network
(cGAN)
Radiomic  pre- | Conditional MRI breast can- | 187, 128 x | FID score: | [35]
diction based | Generative cer images 128 1.31
on MRI images | Adversar-
of breast cancer | ial Network
using cGAN (cGAN)
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Research Topic | GAN Model Dataset No. of Im- | Performance| Ref.
ages
Cardiac MRI | Conditional Cardiac  MRI | number of | Dice score: | [4]
image generation | Generative images images not | 0.95
through  condi- | Adversarial specified,
tional generative | Networks 256 x 256
adversarial (cGANs)
networks
Graph-based Graph Con- | Brain MRI 477, 1image | Fl-score: [59]
conditional volutional dimensions | 0.69
generative adver- | Networks-based not specified
sarial networks | Conditional
for functional | GAN with
connectivity re- | Class-Aware
generation from | Discriminator
MRI images
Brain tumor | Conditional Brain MRI im- | 443, image | Mean SSIM | [44]
segmentation Generative ages dimensions | for TIW +
with conditional | Adversar- not specified | FDA: 0.82
synthesis ial Network
(cGAN)
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4 Materials and Methodology

This chapter describes the methodology for generating synthetic MRI images using cGAN. The
methodology includes the software requirements, the dataset used, data division, data prepro-
cessing, data segmentation, training and testing strategies, cGAN architecture, data postprocess-

ing, binary classifier, statistical testing, evaluation metrics, and hyperparameter optimization.

4.1 Software requirements

The cGAN model was built and tested in Python [83] (version: 3.9.9) with additional packages
including Keras [15] (version: 2.15.0) and TensorFlow [1] (version: 2.15.0). We conducted
training using 2 NVIDIA Volta V100 GPUs, each with 32 GPU memory, on the Puhti super-
computer of CSC - IT Center for Sciences, Finland [16] (version: 3.1.10). The model was
executed in TensorFlow 2.15 and data parallelism was applied across all GPUs to accelerate the

training process.

4.2 Dataset Used

This thesis utilizes the publicly available dataset of the Brain Tumor MRI Dataset [53]. The
dataset consisted of 2-dimensional MRI images of the human brain region, with a subset of
MRI brain images with and without tumors. It includes images acquired from multiple imaging
sequences, including T1-weighted, T2-weighted, fluid-attenuated inversion recovery (FLAIR),
and others. The resolution range across the dataset spanned from 150 x 168 pixels (minimum)
to 1920 x 1446 pixels (maximum). Patient information and treatment details were not included

in the dataset. However, only the images were utilized in this thesis.

4.3 Data Division

The Figure 4.1 explains the dataset division. A total of 8,400 images were used, which were
partitioned into four distinct subsets. The train dataset consisted of 4,000 images (47.6%), the
test dataset consisted of 2,000 images (23.8%), the validation dataset consisted of 400 images
(4.8%), and the totally unseen dataset consisted of 2,000 images (23.8%). The totally unseen
dataset was used to test an encoder part of U-Net CNN for classification purposes, where images
were used to evaluate the accuracy of generated images when tested for binary classification.
Each dataset had an equal number of brain images with and without a tumor. All images were

in .jpg format.
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Total images
(8400 images)

} }

Training Dataset Validation Set
(4000 images) (400 images)

Totally Unseen Data Testing Dataset
(2000 images) (2000 images)

Figure 4.1: Data splitting methodology showing how the total dataset was divided into training,
testing, validation, and unseen sets for model development and evaluation.

4.4 Data Preprocessing

The images in the dataset had a background that was not of interest. All the images were
cropped to remove rows and columns that were entirely black (pixel value of 0). We used
Python libraries cv2 (version: 4.9.0) [60] for image processing to load the data. Once the
images were loaded, the Python script calculated the boundaries to crop by finding the first and
last rows and columns that contain non-zero pixel values. The cropped images were resized to
256256 and saved to the new directory for later use. Images were saved in .jpg format and

were in greyscale. This step is shown in Figure 4.2.

Input Image

Processed Image

Image

Preprocessing

Figure 4.2: Image preprocessing pipeline showing the transformation from input to processed
image.

4.5 Data Segmentation

Before training a cGAN, we created segmentation maps for our dataset. cGAN later used these
segmentation maps to construct new images based on the labels. Adaptive thresholding was
used to generate segmentation maps.

Adaptive thresholding determines the threshold for a pixel based on a small region around it.

So, we get different thresholds for different regions of the same image, which gives better results
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for images with varying illumination. Adaptive mean thresholding uses the mean value of the
neighborhood area (a small square region around each pixel in the image) minus the constant C
with the given kernel. This means that instead of applying a single global threshold to all pixels,
the algorithm will look at the pixels in a local neighborhood around the current pixel, calculate
a threshold based on the average (mean) of the pixel values in that neighborhood. The constant
C effectively allows for fine-tuning the thresholding, acting as a bias term that can adjust how
lenient or strict the binarization is. By subtracting C, the threshold value is slightly lowered,
which can help distinguish features from the background under different lighting conditions in
the image.

We used the cv2, NumPy (version: 1.26.4) [58], and pyplot (version: 3.8.4) [36] libraries.
The images were imported from the folder, and a median blur with a kernel size of 5 was applied.
This reduced noise in the image, which is particularly helpful before performing thresholding.
Next, adaptive mean thresholding converts the image to a binary form. It uses a neighborhood
size of 11 and a constant of 2, which applies the threshold value to each pixel based on the local
region of the pixel. With a neighborhood size of 11, the algorithm will look at the window from
(x-5, y-5) to (x+5, y+5) to compute the threshold for just that pixel. Figure 4.3 explains the
process of applying adaptive thresholding on MRI images to create segmentation maps. These
segmentation maps were used in training and testing datasets for the model testing. Figure 4.4
presents the brain MRI images and their corresponding segmentation maps. Every image and

its segmentation map were combined into a single .jpg file.
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Real Brain

Tumor Image

Apply Median Blur

(kernel size = 5)

Adaptive Mean Thresholding

Segmentation Map

Figure 4.3: Applying median threshold to MRI image for generating segmentation masks.

Figure 4.4: MRI Brain images before and after deploying median blur to create segmentation
maps.
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4.6 Training and Testing Strategies

To evaluate the performance and generalizability of the cGAN model, four distinct training
and testing configurations were designed. These experiments evaluate the model’s ability to
reconstruct masks when trained and tested under the same conditions, as well as its capacity to
translate between tumor and non-tumor masks across different domains.

Each configuration follows a structured naming convention: (Training Domain) - (Testing
Domain), where ”TT” denotes tumor-trained, "NTT” denotes non-tumor-trained, "TM” refers
to tumor masks, and "NTM” refers to non-tumor masks. "NTITM” stands for non-tumor image
with tumor mask, while "TINTM” stands for tumor image with non-tumor mask. The four

configurations are as follows:

4.6.1 Tumor-Trained, Non-Tumor Image with Tumor Mask Tested (TT-NTITM)

In this configuration, the model was trained with brain tumor images paired with their corre-
sponding masks (TT), and then tested on a separate set of brain non-tumor images paired with
tumor masks (NTITM). The objective of this configuration was to investigate the model’s re-
sponse to non-tumor images when trained only on tumor images, highlighting its adaptability to
cross-domain scenarios. Figure 4.5 shows the training and testing data used in this configuration

for running the cGAN.

Training Dataset Augmented

(tumor image + tumor mask) cGAN

Images

Testing Dataset

(non-tumor image + tumor mask)

(Ground truth + Input image)

Figure 4.5: Working scheme of tumor-trained and non-tumor image with tumor mask tested
(TT-NTITM) as inputs, processing through cGAN, and the output of the augmented image.
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4.6.2 Tumor-Trained, Tumor Mask Tested (TT-TM)

In this configuration, the model was trained with brain tumor images paired with their corre-
sponding masks (TT), while the testing was performed with a separate set of brain tumor images
paired with their corresponding masks (TM). The objective of this configuration was to assess
the model’s performance in learning tumor image synthesis when exposed to the same data
configuration. Figure 4.6 shows the training and testing data used in TT-TM configuration for
running the cGAN model.

Training Dataset Augmented
—] cGAN

(tumor image + tumor mask) Images

Testing Dataset

(tumor image + tumor mask)

(Ground truth + Input image)

Figure 4.6: Working scheme of tumor-trained and tumor mask-tested (TT-TM)as inputs, pro-
cessing through cGAN, and the output of the augmented image.

4.6.3 Non-Tumor-Trained, Non-Tumor Mask Tested (NTT-NTM)

In this experimental analysis, the model was trained with brain non-tumor images paired with
their corresponding non-tumor masks and tested with a separate set of brain non-tumor im-
ages paired with their corresponding non-tumor masks. The goal was to assess the model’s
performance to learn non-tumor image synthesis when exposed to the same dataset configura-
tion. Figure 4.7 shows the training and testing images used in this configuration for generating
augmented images through cGAN model.
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Training Dataset Augmented

—> cGAN

(non-tumor image + non-tumor mask) Images

Testing Dataset

(non-tumor image + non-tumor mask)

(Ground truth + Input image)

Figure 4.7: Working scheme of non-tumor-trained and non-tumor mask tested (NTT-NTM) as
inputs, processing through cGAN, and the output of the augmented image.

4.6.4 Non-Tumor-Trained, Tumor Image with Non-Tumor Mask Tested (NTT-TINTM)

In this experimental analysis, the model was trained with brain non-tumor images paired with
their corresponding non-tumor masks while testing was performed with a separate set of brain
tumor images paired with non-tumor masks. The goal of this experiment was to investigate
the model’s response to tumor masks when trained only on non-tumor images, highlighting its
adaptability to cross-domain scenarios. Figure 4.8 shows the training and testing images used

in this configuration for generating augmented images through cGAN model.
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Training Dataset Augmented

(non-tumor image + non-tumor mask) cGAN Images

Testing Dataset

(tumor image + non-tumor mask)

(Ground truth + Input image)

Figure 4.8: Working scheme of non-tumor-trained and tumor image with non-tumor mask tested
(NTT-TINTM) as inputs, processing through cGAN, and the output of the augmented image.

These configurations provide structural evaluations of the cGAN model’s ability to general-
ize to previously unseen data while maintaining its accuracy under domain shifts. The findings
provide critical information about the model’s resilience and flexibility in generating medical
data. The validation and totally unseen dataset had an equal number of brain tumor and non-

tumor images paired with their corresponding tumor and non-tumor masks.

4.7 c¢GAN Architectures

This subsection describes the architectural setup of the code for the image-to-image transition
with a conditional generative adversarial network (cGAN) used in this thesis. It is developed
using Python and Tensorflow and Keras. The architecture was modified through experimenta-
tion. This subsection provides a detailed examination of the network architecture, highlighting

the key features of each part of the GAN model employed in the study.

4.7.1 Libraries

The cGAN implementation was carried out using Python, with key libraries including Tensor-
Flow [1], NumPy [58], Matplotlib [36] (version: 3.8.4) and IPython.display (version: 8.22.2)
[38] and pathlib (version: 3.10.14) [24].

4.7.2 Generator Architecture

The generator part of our cGAN consisted of a U-Net architecture for image-to-image transla-

tion, a common approach used in models like Pix2Pix [55]. The U-Net model is fundamentally
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composed of two parts: an encoder and a decoder, connected by skip connections.

The encoder decreased the spatial dimension of the image while increasing the depth of
feature maps. Many convolutional layers were used to extract features and reduce dimensions,
followed by batch normalization and Leaky ReLU Activation. The batch normalization func-
tioned by normalizing the output of the previous layer, subtracting the batch mean, and then
dividing by the batch standard deviation, thereby improving training stability and convergence.
At the same time, Leaky ReLLU Activation allows a small, positive gradient when the unit is not
active, unlike ReLLU, which is strictly zero when its input has the value zero.

The decoder performed the reverse of a convolutional operation, increasing the spatial di-
mensions of the input feature maps. These convolutional layers were followed by batch nor-
malization, dropout, and ReLU Activation. The dropout function randomly sets input units to 0
at each training step, which helps prevent overfitting.

Generator loss is measured through GAN loss and L1 loss, which measure generator loss
and average absolute difference between the generated images and the real images. The GAN
loss is measured using binary cross-entropy that aims to treat generated images as real images.

Figure 4.9 displays the architecture of the generator used in cGAN.

ENCODER DECODER

concat //

OUTPUT

INPUT

256x256x1 256x256x1

512 512 : | |
512 512 512 512

UPSAMPLING DOWNSAMPLING

51 128 256

Figure 4.9: 3D visualization of the U-Net generator architecture used in pix2pix. The model
takes a 256x256x1 grayscale input and passes it through 8 encoder blocks (red) with progres-
sively increasing filter sizes, down to a bottleneck layer (yellow) of 512 filters. It then passes
through 7 decoder blocks (teal), using transposed convolutions to upsample and concatenating
skip connections from the corresponding encoder layers. The final output passes through a tanh
activation to produce a 256x256x1 image. (Numbers along each block represent the number of
feature channels (filters) at that layer)
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4.7.3 Discriminator Architecture

The discriminator part of our cGAN used in this thesis, known as the PatchGAN discriminator,
is designed to classify whether sections (or patches) of an image are real or fake. This approach
focuses on the texture and local content of the image rather than the whole image itself.

Instead of classifying the entire image as real or fake, PatchGAN classifies patches of the
image. Each output from the discriminator represents a 70x70 patch of the input image. This
method helps the discriminator focus on finer details in the image, making it effective in tasks
like image-to-image translation where local texture and structure are essential.

The discriminator receives two images as input: the real target image and the input im-
age, which is combined with the generated image from the generator. These two inputs are
concatenated along the channel dimension using tf.keras.layers.concatenate. This allows the
discriminator to simultaneously consider the condition (input image) and the output (real or
generated).

The discriminator is built using several layers of convolutions, each followed by batch nor-
malization (except for the first layer if specified) and Leaky ReLLU activation. The output shape
of the last layer is designed to be (batch size, 30, 30, 1), where each 30x30 unit outputs a single
value representing the classification of corresponding 70x70 patches of the input image.

Utilizing tf keras.utils.plot_model the structure of the discriminator can be visualized. This
shows the flow and transformation of input through the model and clarifies how inputs are
processed through each layer.

The loss function of the discriminator was measured as real loss, generated loss, and total
loss. Real loss was computed as a sigmoid cross-entropy loss between the discriminator’s out-
put for real images concatenated with their corresponding input images and a matrix of ones
(indicating real), while generated loss was computed as a sigmoid cross-entropy loss between
the discriminator’s output for generated images concatenated with the same input images and a
matrix of zeros (indicating fake). The total loss was the sum of the real loss and the generated
loss, which the training procedure aims to minimize to improve the discriminator’s ability to
distinguish real images from fake ones. Figure 4.10 display the architecture of discriminator
used in cGAN.
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Figure 4.10: Modified architecture of the Discriminator in a Pix2Pix cGAN. (Numbers inside
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4.8 Hyperparameters

Hyperparameters control the training dynamics and model behavior. These are crucial for

achieving stable training and high-quality results. The various hyperparameters used in our

model of this thesis are mentioned in Table 4.1.

Final Conv Layer .

33, 33,512

Hyperparameters GAN Model
Buffer Size 2000
Batch size 1
Epochs 50
Steps per epoch 2000
Learning Rate 2e-4
Adam Optimizer 0.5
Dropout Rate 0.5
Image Dimension of training data 256 x 256
Lambda 100
Channels 1
Kernel Initializer Standard Deviation 0.02

Table 4.1: Hyperparameters used in the conditional-Generative Adversarial Network code for

generating augmented data.
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4.8.1 Generated Images

The generated images function visualizes the results of the model during training. It takes three
arguments: the model, which predicts the output image; test input for testing; and the target or
ground truth image, again, for which the model’s output is evaluated. The model is saved at

checkpoints after every 20,000 steps to preserve training progress.

4.9 Data Postprocessing

The images generated from cGAN were saved. The segmentation maps of these images were

created by applying a threshold as outlined in section 3.4. The process is shown in Figure 4.3.

4.10 Binary Classifier

U-Net, originally introduced by Ronneberger et al. [69] for medical image segmentation, is a
lightweight CNN architecture consisting of two paths: the first reduces the image dimensions,
and the latter increases them back to the original size. In this way, U-Net can first see the whole
image at once to understand its context and then focus on the details required for accurate seg-
mentation. However, in research by Hellstrom et al., [31], it was noted that the sole constricting
path of a typical U-Net can be used to create an efficient CNN for classifying medical images
based on the presence of cancer. Here, we used the encoder part of U-Net from [31]. The CNN
consists of four sequences of two convolutional layers and one max pooling layer, followed
by four dense layers. We proposed using stochastic gradient descent as the optimizer, with a
learning rate of 0.001, and binary entropy as the loss function. During the training, 50% of the
training data was used for validation. The number of epochs was set to 100. Different combina-
tions of real and generated images were fed to the U-Net CNN for classification, and evaluation
metrics, including accuracy, sensitivity, specificity, and AUC, were used to assess how well the
U-Net CNN identifies brain tumor and non-tumor MRI images. Figure 4.11 displays the CNN
architecture used for binary classification. Figure 4.12 shows the working mechanism of the

U-Net CNN for the classification of real and generated images.
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Figure 4.11: The architecture of Convolutional Neural Network (CNN) used for classifying
images. One maximum pooling layer is added after every two convolutional layers. The last
three layers before the 1x 1 output layer are one-dimensional dense layers.

[Generated MRI Images} [Real MRI Images}
Probability > threshold Probability < threshold
Diseased Healthy
(Positive) (Negative)

Performance Metrics
Accuracy, Sensitivity, Specificity,
AUC

Figure 4.12: U-Net CNN classification of brain tumor and non-tumor images from generated
data
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4.11 Evaluation Metrics

The performance and efficiency of a model was assessed by evaluation metrics. These metrics
evaluate the performance of the model, which is crucial to assess the quality of the model and
to make improvements in it. A cGAN model generates synthetic data that is comparable to
real-world data and evaluation metrics are a way to measure to its quality and assess how much

generated data is different from the original data.

4.11.1 Inception Score

We calculated the inception score (IS) using Keras with Kullback-Leibler (KL) divergence (a
statistical measure of how one probability distribution differs from a second, reference proba-
bility distribution). The generated images were loaded. All images were of the same size and
configuration. We predicted the activations for KL divergence. These divergences were later
used to calculate IS. We also computed the IS score for segmentation maps of generated images.

The process is outlined in Figure 4.13.

Pre-Trained Weights

Generated
Samples
InceptionV3
Predictions
KL divergence
Calculate IS

Figure 4.13: Calculating IS using InceptionV3 and pre-trained weights.

We calculated the IS by calculating the conditional class distribution and marginal class dis-
tributions of the generated images. We then calculated how much the conditional class distribu-
tion deviates from the marginal class distribution. The formula used is mentioned in equation
4.1).

IS = exp (E; [KL (p(y[x) [| p())]) (4.1)
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where p(y|x) is conditional class distribution, p(y) is marginal class distribution. KL is the
KL divergence of the conditional and marginal class distributions. [, is the expected value with

respect to X.

4.11.2 Frechet Inception Distance

We calculated the FID score using Keras with inceptionV3 as a feature extractor. We obtained
pre-trained weights from ImageNet for the model. The real images and generated images were
loaded. All the images were the same size and configuration. We predicted on images to extract
feature activations. These feature activations were later used to calculate the FID score. We
also computed the FID score for segmentation maps of real and generated images. The process

is outlined in Figure 4.14.

Pre-Trained ImageNet

Generated

Samples

InceptionV3
Classifier Network
Real

Samples

Activations
Calculate FID

Figure 4.14: Calculating FID using ResNet-50 and ImageNet as pre-trained weights.

The FID was calculated using feature vectors of feature activations and covariance matrices
of real and generated activations. We calculated the mean squared difference between the mean
feature vectors of real and generated images. We then computed covariance matrices of these

real and generated activations. The formula used is mentioned in equation (4.2).

FID = “;ureal - .ugen HZ +Tr <Zreal + den - 2(Zrealzgen> 1/2) (4~2)

where e, and Ueen are mean feature vectors for real and generated images. X, and
Ygen are covariance matrices of real and generated feature vectors. Tr is the sum of diagonal

elements, measuring the differences between distributions.
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4.11.3 Structure Similarity Index Metric

We calculated the Structural Similarity Index Measure (SSIM) score using the OpenCV [60]
and NumPy (version: 1.26.4) [58] libraries. The real and generated images were loaded. All
images were of the same size and configuration. We predicted pixel intensities and covariance
between real and generated images, which was used to calculate the SSIM. We also computed
the SSIM score between segmentation maps of real and generated images.

SSIM was calculated using the mean of pixel intensity of real and generated images. We
also calculated the covariance between real and generated images. We also computed deviations

in pixel intensity of real and generated images. The formula used is mentioned in equation (4.3).

(2,uvx,uy + Cl ) (ZO'xy + C2>
(uz +uz+C1) (o2 +07+C)

SSIM(x,y) = 4.3)

where (1, and p, are mean intensity values of real and generated images. o, and oy are vari-
ations in pixel intensities of real and generated images. Oy, is the correlation of pixel patterns

between real and generated images. C; and C; are constants.

4.11.4 Mean Squared Error

We calculated the mean squared error (MSE) score using the OpenCV and NumPy libraries. The
real and generated images were loaded. All images were of the same size and configuration.
We calculated the square of the differences between pixels of the real and generated images. We
then computed the average of the squared differences of all pixels between real and generated
images. We also computed the MSE score between segmentation maps of real and generated

images. The formula used is mentioned in equation (4.4).

1 M N ’
MSE = _N Z Z ref I ] gen(l ])) 4.4)

where I, 7(i, j) and Lye, (i, j) refers to pixels of real and generated images. M and N refer to

the height and width of the images. In our case, M and N were 256 x256 pixels image.

4.11.5 Peak Signal-to-Noise Ratio

We calculated the peak signal-to-noise ratio (PSNR) score using the OpenCV and NumPy li-
braries. The real and generated images were loaded. All images were of the same size and
configuration. We determined the ratio of the maximum possible pixel value in the images to
the MSE value of the same images. We also computed the PSNR score between segmentation

maps of real and generated images. The formula used is mentioned in equation (4.5).

4.5)

MAX
PSNR = 20-log, ( ’)

VMSE

where MAX; is the maximum possible pixel value in the image (255 for 8-bit images) and

MSE is the mean squared error calculated between 7.7 (i, j) and Iye, (i, ).
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4.12 Performance Evaluation of the CNN Classification

The CNN performance was measured with and without augmented data, and a comparison of
these results was made. We used Youden’s threshold based on a prediction of the training
data of a specified set of images to convert numerical predictions into binary labels [67]. The
classification results of the U-Net CNN classifier were assessed in terms of the following metrics

after each iteration.

4.12.1 Accuracy

Accuracy is the ratio of the number of correctly predicted instances (positive and negative) to the
total number of predictions made. We calculated accuracy by calculating the ratio of the sum of
true positive and true negative predictions, consisting of both tumor and non-tumor predictions,
to total numbers of predictions. True Positive (TP), True Negative (TN), False Positive (FP), and
False Negative (FN) instances were calculated based on comparing generated and real pixels,
and accuracy was calculated.
Mathematically, it is expressed as:
TP +TN

Accuracy = (4.6)
TP+ TN+ FP+FN

where TP refers to pixels correctly classified as tumor positive, TN refers to pixels correctly

classified as tumor negative, FP refers to pixels incorrectly classified as tumor positive, and FN

refers to pixels incorrectly classified as tumor negative.

4.12.2 Sensitivity

Sensitivity is the ratio of true positive (tumor positive) predictions to the total number of pre-
dictions made. We calculated sensitivity by calculating the ratio of pixels correctly classified as
tumor positive.
Mathematically, it is expressed as:
TP

4.12.3 Specificity

Specificity is the ratio of true negative (tumor negative) predictions to the total number of pre-
dictions made. We calculated sensitivity by calculating the ratio of pixels correctly classified as
tumor negative.
Mathematically, it is expressed as:
TN
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4.12.4 Area Under the Curve (AUC)

Area under the curve (AUC) is the receiver operating characteristics (ROC) curve, which plots
the true positive rate (sensitivity) (TPR) against the false positive rate (1- specificity) (FPR) for
various threshold values. We calculated AUC by plotting sensitivity and specificity values as
calculated previously.

Mathematically, it is given as:

1
AUC = / ROC Curve(x) dx (4.9)
0

where ROC is a plot of TPR against FPR, and x is the threshold value for classification.

4.13 Statistical testing

We then computed the mean and the standard deviation of the classification accuracy of the test
dataset over 20 iterations. We used the Mann-Whitney U test to compare the accuracy values
obtained with training data sets that included and excluded cGAN-generated images. A signifi-

cance level of 0.05 was used as the threshold to identify statistically significant differences.
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5 Results

This chapter describes the results of training the cGAN model. These results include values
of the evaluation metrics used to test the quality of generated images and the performance
evaluation of CNN classification with generated images. It also includes statistical testing used

to assess CNN classification.

5.1 Generated Images

After encountering memory issues with high-resolution images, we made a cGAN model to run
for 256 X256 image resolution, at 50 epochs. The cGAN model was run four times to generate
images with four different configurations, as mentioned in subsection 3.6. The hyperparameters
used in running the cGAN were the same for all configurations except for different datasets used
for training and testing the model. The images generated from 4 different configurations of the
c¢GAN model and their corresponding masks are shown in Figure 5.1, 5.2, 5.3, and 5.4. The
masks of these synthetic images were generated as mentioned in subsection 3.8. All generated

images and their masks were of 256 <256 image resolution.

Figure 5.1: Images and their corresponding segmentation maps generated from TT-TM config-
uration used for cGAN training and testing.
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Figure 5.2: Images and their corresponding segmentation maps generated from NTT-NTM con-
figuration used for cGAN training and testing.

Figure 5.3: Images and their corresponding segmentation maps generated from the TT-NTITM
configuration used for cGAN training and testing.
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Figure 5.4: Images and their corresponding segmentation maps generated from NTT-TINTM
configuration used for cGAN training and testing.

5.2 Evaluation Metrics
5.2.1 TT-TM and NTT-NTM

The inception score was calculated for images generated through TT-TM and NTT-NTM con-
figurations and their corresponding masks, and the results are given in Table 5.1. As expected,
the real images give the highest IS (2.0+£0.08 and 2.1+0.06), demonstrating real medical data’s
natural variability and quality. Among the generated data, the TT-TM configuration gave an IS
of 2.0940.11, and TT-TM mask gave an IS of 2.06+0.1, while the NTT-NTM gave an IS score
of 2.01+0.11 and NTT-NTM mask gave an IS of 1.82+0.07. Both these IS are close to real
medical data IS (2.1£0.06).

Image Configuration Inception Score
Real tumor positive image 2.0£0.08
Real tumor negative image 2.1£0.06

TT-TM 2.09+0.11
TT-TM mask 2.0640.10
NTT-NTM 2.01£0.11
NTT-NTM mask 1.8240.07

Table 5.1: Mean = standard deviation values of Inception score (IS) for images generated from
TT-TM and NTT-NTM configuration and their masks.

The SSIM and MSE values were calculated for images generated from TT-TM and NTT-

NTM configurations and their corresponding masks, and the results are given in Table 5.2. The
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real medical data have SSIM and MSE values of 1.0 and 0.0, respectively, showing perfect
structure similarity and no error. Among the generated data, the TT-TM configuration has an
SSIM of 0.16, and the TT-TM mask had an SSIM of 0.1, while the NTT-NTM configuration
has a similar SSIM of 0.17, and the NTT-NTM mask had an SSIM of 0.12. The PSNR values

for masks are shown in Table 5.3.

Image Configuration | SSIM | MSE

Real images 1.0 0.0
TT-TM 0.16 | 7609
TT-TM mask 0.1 | 24117
NTT-NTM 0.17 | 5708

NTT-NTM mask 0.12 | 24145

Table 5.2: Structure Similarity Index (SSIM) and Mean Squared Error (MSE) for images gen-
erated from TT-TM and NTT-NTM configuration and their masks.

The PSNR was calculated for images generated from TT-TM and NTT-NTM configurations
and their corresponding masks, and the results are shown in Table 5.3. We calculated the aver-
age, highest, and lowest PSNR values of our generated data. The real images yielded infinite
PSNR values when compared to themselves, reflecting perfect quality and no noisy images.
Among synthetic images, the TT-TM configuration achieved the average PSNR of 28.78, with
the highest PSNR at 31.73 and the lowest at 27.25. The NTT-NTM configuration achieves an
average PSNR of 28.74, with the highest PSNR of 32.45 and the lowest of 27.26.

Image Configuration | Avg. PSNR | Highest PSNR | Lowest PSNR
Original pos img Infinity Infinity Infinity
Original neg img Infinity Infinity Infinity

TT-TM 28.78 31.73 27.25
TT-TM mask 31.26 33.79 28.58
NTT-NTM 28.74 32.45 27.26
NTT-NTM mask 31.78 34.08 29.06

Table 5.3: Peak Signal-to-Noise Ratio (PSNR) for images generated from TT-TM and NTT-
NTM configuration and their mask.

The FID and DSE were calculated for images generated from TT-TM and NTT-NTM config-
urations, and the results are shown in Table 5.4. Images generated from TT-TM configurations
had FID of 64, while images generated from NTT-NTM configurations had FID of 31, indicat-
ing better similarity to real data. Despite differences in FID, the DSE score was similar for both
configurations (0.89£0.07 and 0.89+0.05). The FID and DSE values for generated masks are
given in Table 5.4.
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Image Configuration | FID DSE

TT-TM 64 | 0.89£0.07
TT-TM mask 47.92 | 0.84%0.03
NTT-NTM 31 | 0.89£0.05

NTT-NTM mask 40.11 | 0.83£0.03

Table 5.4: Frechet Inception Distance (FID) and Mean =+ standard deviation values of DSE for
images generated from TT-TM and NTT-NTM configuration and their mask.

5.22 TT-NTITM and NTT-TINTM

The IS was calculated for generated images through the TT-NTITM and NTT-TINTM configu-
rations and their corresponding masks, and the results are given in Table 5.5. The results showed
that the images generated through the TT-NTITM configuration provide the IS of 1.6+0.04.
However, NTT-TINTM configuration shows an IS score (1.94-0.06) close to the real data (ref-
erence to Table 5.1: 2.1£0.06). Table 5.5 shows the IS for generated masks.

Image Configuration | Inception Score
TT-NTITM 1.6+£0.04
TT-NTITM mask 1.8240.07
NTT-TINTM 1.940.06
NTT-TINTM mask 1.86+0.1

Table 5.5: Mean =+ standard deviation values of Inception score for real images and images
generated from cGAN through TT-NTITM and NTT-TINTM configuration and their mask.

The SSIM and MSE were calculated for real images and images generated from TT-NTITM
and NTT-TINTM configurations and their corresponding masks, and the results are given in
Table 5.6. The results showed that the NTT-TINTM configuration showed a higher SSIM (0.18)
compared to the TT-NTITM configuration.

Image Configuration | SSIM | MSE

TT-NTITM 0.16 | 6569.3
TT-NTITM mask 0.08 25068
NTT-TINTM 0.18 | 5545.94

NTT-TINTM mask 0.11 24262

Table 5.6: Structure Similarity Index (SSIM) and Mean Squared Error (MSE) for real images
and images generated from cGAN through TT-NTITM and NTT-TINTM configuration.

The PSNR was calculated for real images and images generated from TT-NTITM and NTT-
TINTM configurations and their corresponding masks, and the results are shown in Table 5.7.
We calculated the average, highest, and lowest PSNR values of our generated data. In the
TT-NTITM configuration, the generated images yielded an average PSNR of 28.72, with the
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highest PSNR of 32.41 and the lowest PSNR of 26.94. The NTT-TINTM configuration yielded
images with an average PSNR of 28.57, a highest PSNR of 29.81 and a lowest PSNR of 27.27.

Image Configuration | Avg. PSNR | Highest PSNR | Lowest PSNR
TT-NTITM 28.72 32.41 26.94
TT-NTITM mask 31.24 33.60 28.59
NTT-TINTM 28.57 29.81 27.27
NTT-TINTM mask 31.78 34.17 29.03

Table 5.7: Peak Signal-to-Noise Ratio (PSNR) for real images and images generated from
cGAN through TT-NTITM and NTT-TINTM configuration and their mask.

The FID and DSE scores were calculated for images generated from TT-NTITM and NTT-
TINTM configurations and their corresponding masks, and the results are shown in Table 5.8.
The results showed that the TT-NTIM gave FID and DSE of 69.78 and 0.92+0.04 respectively,
while the NTT-TINTM configuration gave FID and DSE of 40.18 and 0.90 +0.07 respectively.

Image Configuration | FID DSE
TT-NTITM 69.78 | 0.9240.04
TT-NTITM mask 79.577 | 0.824+0.02
NTT-TINTM 40.18 | 0.90 +£0.07
NTT-TINTM mask 44.17 | 0.834+0.03

Table 5.8: Frechet Inception Distance (FID) and Mean = standard deviation values of DSE for
images generated from TT-NTITM and NTT-TINTM configuration and their mask.

5.3 Performance Evaluation of Binary Classification
5.3.1 TT-TM and NTT-NTM

Different numbers of original and generated MRI images were tested for the classification ac-
curacy of the modified U-Net CNN. The results are shown in Table 5.9. Here, images generated
from TT-TM and NTT-NTM configurations were tested.
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Original images
10 500 1000
-5 0 0.57+0.09 | 0.88+0.03 | 0.88+0.04
ég 250 | 0.6740.07 | 0.77£0.14 | 0.73+0.01
== 500 | 0.6240.03 | 0.85+0.04 | 0.88+0.05
750 | 0.7240.05 | 0.79£0.05 | 0.88£0.05
1000 | 0.74£0.05 | 0.81£0.05 | 0.89+0.04
1250 | 0.7040.03 | 0.82£0.04 | 0.90+0.03
1500 | 0.7440.04 | 0.88+0.04 | 0.92+0.03
1750 | 0.744+0.03 | 0.834+0.04 | 0.89+0.03
2000 | 0.76+0.04 | 0.85+£0.04 | 0.89+0.03

Table 5.9: Mean =+ standard deviation values for the accuracy over 20 iteration rounds when
the CNN is trained by using a dataset consisting of the specified numbers of original images
and synthetic images created by the cGAN. (images generated from TT-TM and NTT-NTM
configuration). Bold digits in the table indicates the highest accuracy reached for the given
number of real images.

The mean accuracy values from Table 5.9 were tested using the Mann-Whitney U test to
determine the statistically significant differences. The comparison was made between mean
accuracy values for a specified number of images as shown in Table 5.10. The actual values are

in the supplementary Table .1.

Original images
10 | 500 | 1000
. 750 wkok | KRk
<
1750 | =9 | =

Table 5.10: The p-values of the Mann-Whitney U test comparing the classification accuracies
of the CNNs trained with training data containing both the specified numbers of original images
and synthetic cGAN images, compared to the CNN trained with the same number of original
images but no cGAN images. Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001, no
symbol: p > 0.05.

We calculated AUC for our data generated from TT-TM and NTT-NTM configurations, and
the results are plotted in Figure 5.5. The graph was plotted between AUC values (y-axis) to
number of times AUC values (x-axis) were calculated. Each line corresponds to a number of
original images, and each dot corresponds to a number of generated images that were used.
Both the number of original and generated images are in accordance with Table 5.9.
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Figure 5.5: AUC plot comparing the performance of three different experiments. (10 original
vs. generated images, 500 original vs. generated images, 1000 original vs. generated images).
The third experiment (1000 original vs. generated images) outperforms the others. (Images
generated from TT-TM and NTT-NTM configurations were used.)

5.3.2

TT-NTITM and NTT-TINTM

Different numbers of original and generated MRI images were tested for the classification ac-

curacy of the modified U-Net CNN. Table 5.11 demonstrates the model performance with and
without augmented data. Here, images generated from TT-NTITM and NTT-TINTM configu-

rations were tested.
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Original images

10 500 1000

0 0.59+0.1 | 0.88+0.04 | 0.88+0.04
250 | 0.534+0.07 | 0.81£0.09 | 0.79+0.07
500 | 0.5840.08 | 0.82£0.03 | 0.87+0.04
750 | 0.6440.04 | 0.83+£0.03 | 0.88+0.04
1000 | 0.65+0.04 | 0.83+0.03 | 0.89+0.04
1250 | 0.6240.06 | 0.82+£0.03 | 0.88+0.03
1500 | 0.66+0.06 | 0.83+0.02 | 0.88+0.03
1750 | 0.664+0.05 | 0.834+0.05 | 0.89+0.02
2000 | 0.66+0.06 | 0.82+0.03 | 0.87+0.03

¢GAN
images

Table 5.11: Mean = standard deviation values for the accuracy over 20 iteration rounds when
the CNN is trained by using a dataset consisting of the specified numbers of original images and
synthetic images created by the cGAN. (images generated from TT-NTITM and NTT-TINTIM
configuration). Bold digits in the table indicates the highest accuracy reached for the given
number of real images.

The mean accuracy values from Table 5.11 were tested using the Mann-Whitney U test
to determine statistically significant differences. The comparison was made between mean
accuracy values for a specified number of images as shown in Table 5.12. The actual values are

in the supplementary Table .2.

Original images
10 | 500 | 1000

250 ok | ke

500 ok

750 o

3.8 | 1250

1500 | = | ***

1750 o

2000 | = | #*

Table 5.12: The p-values of the Mann-Whitney U test comparing the classification accuracies
of the CNNs trained with training data containing both the specified numbers of original images
and synthetic cGAN images, compared to the CNN trained with the same number of original
images but no cGAN images. Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001, no
symbol: p > 0.05.

We calculated the AUC for our data with the TT-NTITM and NTT-TINTM configurations.

The results are plotted in Figure 5.6. The graph was plotted between AUC values (y-axis) and

the number of times AUC values (x-axis) were calculated. Each line corresponds to a number
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of original images, and each dot corresponds to a number of generated images that were used.

Both the number of original and generated images are in accordance with Table 5.11.

AUC Values Across Different Experiments

1.0
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Figure 5.6: AUC plot comparing the performance of three different experiments. (10 original
vs. generated images, 500 original vs. generated images, 1000 original vs. generated images.)
The third experiment (1000 original vs. generated images) outperforms the others. (Images
generated from TT-NTITM and NTT-TINTM configurations were used.)

We calculated sensitivity and specificity for our generated data and the results are mentioned
in Table 5.13. This table shows that the maximum sensitivity and maximum specificity of our

generated data is 98% and 94% respectively, indicating better image quality.

Image Configuration Sensitivity | Specificity
TT-TM & NTT-NTM 0.98+0.01 | 0.94+0.03
TT-NTITM & NTT-TINTM | 0.95+0.03 | 0.94+0.02

Table 5.13: The sensitivity and specificity of images generated through given four configura-
tions.
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6 Discussion

MRI imaging offers in-depth insights into various aspects of brain health, including brain struc-
tures, function, disorders (brain tumor, dementia, stroke, etc.), and brain blood flow dynamics.
The brain MRI holds significant importance in clinical diagnosis and therapeutic interventions.
Notably, deep-learning-based classification models stand out for their ability to classify images
and facilitate the clinical assessment of patient health. However, the limited publicly available
dataset pose a significant challenge in testing the classification models, impeding the applica-
tion in the real world. As such, artificial generation of augmented data with high image quality
is critical.

This thesis aims to investigate the impact of augmented data on the performance of a bi-
nary classifier for disease classification. The primary objective was to build and train a cGAN
algorithm to synthesize brain MRI tumor images and explore the effect of a number of aug-
mented data on the binary classifier. This work contributes to the growing body of generative
Al in medical imaging, and proposes deep learning-based models to generate synthetic data that
improves brain tumor classification tasks.

The image generation through four different configurations highlight the influence of train-
ing data on the quality and effectiveness of generated images. These experiments tested the
model’s performance when exposed to same dataset configuration and for cross-domain im-
age synthesis when a mismatched training and testing dataset was used. When the cGAN was
trained with tumor images and tested separately with tumor and non-tumor images, it intro-
duced tumors in the generated images. This outcome highlights the model’s ability to general-
ize learned tumor features and add them to unseen images. The generated images showed the
tumor features embedded into images, suggesting the incorporation of tumor-related character-
istics during training. This behavior confirms the model’s cross-domain scenarios, transferring
tumor features into the non-tumor image. Conversely, when the model was trained with non-
tumor images and tested separately with tumor and non-tumor images, it did not introduce any
tumor features in the generated images. Instead, the model learn non-tumor features and trans-
fers the learned features to generate non-tumor images even when tested with tumor images.
The observed response indicates the model’s performance across cross domains and highlights
the model’s potential to learned the training features and generate augmented data.

Qualitative metrics such as IS, SSIM, MSE, PSNR, FID, and DSE mutually provides de-
tail assessment of visual realism and structure similarity to real data. Regarding IS, the real
images - both tumor-positive and tumor-negative - achieved high values (2.0 and 2.1, respec-
tively), reflecting the inherent image quality and realism. The TT-TM and NTT-NTM gener-
ated images yielded comparable IS (2.09 and 2.01, respectively), demonstrating the ability of
TT-TM and NTT-NTM to produce realistic and diverse images, proving their value for data
augmentation and simulation tasks in medical imaging workflow. Conversely, the TT-NTITM
and NTT-TINTM generated images yielded comparatively low IS (1.6 and 1.9, respectively),
suggesting diminished diversity and realism in generated data. The masks of generated images

give the same IS as their corresponding images, indicating the model’s performance in retaining
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generative diversity.

The SSIM and MSE values further affirm these trends. The real images, as expected, show a
perfect SSIM of 1.0 and MSE of 0.0. As for augmented data, the NTT-NTM and NTT-TINTM
generated images gave slightly better SSIM (0.17 and 0.18, respectively), depicting moderate
structural fidelity. MSE values for all generated images were constantly higher than real data,
highlighting the pixel-level dissimilarity. Mask-based evaluations consistently gave low SSIM
and high MSE, reflecting that the condition alone on the mask may lead to the loss of finer
structural details.

The PSNR results complement the MSE trends. The real images returned infinity PSNR
values as expected with zero reconstruction error. Among generated data, the mask-based anal-
ysis (for example, TT-TM and NTT-NTM masks) gave high PSNR (average PSNR: 31.78 and
highest PSNR: 29.06) than their non-mask counterparts, suggesting that while the overall im-
age brightness and noise level may correspond with real images, the spatial structures may still
diverge.

The FID further gives arguments for testing the image quality. The TT-NTM configuration
gave the lowest FID (31), suggesting that the generated data distribution is close to real data
in the feature space. This is in contrast to where TT-NTM gave lower IS (2.01), suggesting
that while it matches the feature distribution, it might lack class-wise diversity. Conversely,
TT-NTITM gave the highest FID (69.78), implying weak alignment with real data feature dis-
tribution, which aligns with its lowest IS (1.6) and SSIM (0.16).

Lastly, the DSE, which reflects the alignment of real and generated data in terms of task
performance, further facilitates these findings. Most configuration gave DSE in range 0.83 -
0.92 with TT-NTITM suprassing the highest DSE (0.92), suggesting that even with low im-
age quality, this configuration may still produce beneficial representations for the downstream
classifier.

The modified U-Net CNN performance is shown in Table 5.9 and 5.11 to depict the model’s
accuracy with the augmented data, achieving an accuracy of 92% for the CNN classification.
The Figure 5.5 and 5.6 display AUC curves across the three experiments, indicating strong
performance of the classifier with more augmented data. Finally, Table 5.13 showcases the
maximum sensitivity and specificity the model could achieve with the augmented data.

The peak performance achieved can be attributed to the hyperparameters used for training
the model, including the learning rate, Adam optimizer, dropout rate, kernel initializer standard
deviation, lambda, buffer size, batch size, and the number of epochs, along with steps per epoch.
In case of TT-TM and NTT-NTM configurations, with 10 original images, the model accuracy
was as low as 57% which refers to the low diversity of the dataset used. By adding generated
data, the model’s accuracy increases. For example, after adding 1000 generated images, the
model’s performance improved up to 74%. With 1000 real data, the model reached up to 92%
of accuracy when tested with 1500 original images. This shows the performance of the CNN
classifier when diversity is introduced to the model as the number of generated images increases.

In case of TT-NTITM and NTT-TINTM configurations, as expected, the training with 10
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real images and no generated data exhibits a low accuracy of 59% which shows low perfor-
mance of the model with limited real data. With 1500 images added to real data, the model
performance reached 66%, demonstrating the positive impact of adding cGAN-generated data.
As the number of generated images increased, the model’s performance increased, achieving
89% accuracy when 1000 generated images were added to 1000 real images. After 1000 im-
ages, the plateau of accuracy was steady with accuracy at about 87-89 %, suggesting the model’s
ability to correctly classify the images. These results indicated that the synthetic images gen-
erated from cGAN, regardless of cross-domain data generation, can effectively augment the
data and improve the classification performance of CNN. This supports using augmented data
for model training in data-scarce medical scenarios. These findings suggest that the model’s
classification is potentially sensitive to augmented data. These results underscore the careful
selection of image-mask configuration in generative models training to ensure that the gener-
ated data effectively contributes to the downstream task while maintaining the image quality
and diversity.

The results from Table 5.10 show the behavior of significant differences between real and
generated images. With a small number of original images (10 images), there were significant
differences when the generated images were added. The significant difference was also noted
with 500 original images, except for 1500. In the case of 1000 original images, the results were
mixed. The statistically significant differences were observed only with a few generated images
(250, 1250, 1750). This highlights the effect of cGAN augmentation in addressing data scarcity,
where synthetic images provided meaningful improvements in model performance.

The results from Table 5.12 were mixed for an extremely low number of real data points
(10 original images) in the data regimen. The presence of significant differences in multiple
configurations (1000, 1500, 2000) shows that the generated data often led to significant im-
provements when a large amount of generated data was used. Interestingly, with 500 original
images, adding cGAN-generated images showed statistically significant improvements in most
cases. In contrast, no significant difference was noted with 1000 original images across all
generated image counts, except for testing with 250 generated images. Although no correction
for multiple comparisons was applied, the p-values were sufficiently small to suggest that the
observed significance is unlikely to be due to chance alone.

The graphs of AUC show the improvement in AUC with an increase in the number of gener-
ated images, proving the meaningful performance of augmented data. This graph in Figure 5.5
shows that our model achieved a maximum AUC of 98%, indicating that the model performs
better in classification with augmented data. The other graph in Figure 5.6 shows a positive cor-
relation between the number of images and the resulting AUC performance. The gap between
10 original images and 500-1000 original images is noticeable, highlighting the limitation in
the model’s performance with a small dataset. The model’s performance improved in terms of
AUC with a high number of generated images.

In addition, the classification performance of CNN was evaluated using sensitivity (true

positive rate) and specificity (true negative rate), which is important to configure in medical
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imaging to understand how well the model classifies the brain tumors and avoid false alarms.
All four configurations of image generation yielded high sensitivity and specificity. The TT-
TM and NTT-NTM configuration gave sensitivity of 98% and specificity of 94%, while the
TT-NTITM and NTT-TITNM configuration gave sensitivity of 95% and specificity of 94%.
These high values indicate the model’s performance in correctly classifying brain tumors and
minimizing incorrect tumor predictions. This suggests that the cGAN-generated tumor and
non-tumor data, when well aligned with the image-mask, boost the model performance and
detection capabilities, reinforcing the viability of synthetic data augmentation for medical image
classification tasks.

Initially, the model crashed at high epochs because of the high computational demand for
generating 256256 images. But when run on 50 epochs, we successfully generated some
realistic-looking images. All image configurations demonstrated the capability to generate

good-quality images, with the TT-TM image-mask pair outperforming with a favorable IS score.

44



7 Limitations

One notable limitation of this study is that the training data was minimal in terms of anatomical
diversity, tumor type, and patient demographics, leading the model to learn from a given dataset.
This restricted the generalizability of the findings and led the model to perform well only on
images similar to the training set used.

The generated images were not evaluated by any medical professional (radiologist or oncol-
ogist). As a result, it was unclear if generated images were diagnostically useful. Visual quality
inspection solely based on evaluation metrics may not reflect the clinical relevance.

The primary limitation of cGAN is its computational complexity. The combination of seg-
mentation maps and ground truth for model training requires memory and computational re-
sources. This restricts the application of our model for disease classification in institutions
with limited access to advanced hardware and impedes the real-world processing capability of
cGAN.
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8 Conclusions and Future Work

The importance of early cancer classification cannot be denied, primarily considering the en-
hanced patient outcomes and improved survival rates. This thesis was initiated with the central
question: How can augmented data obtained from conditional generative adversarial networks
affect the performance of the binary classifier for medical image datasets? The answer to this
question has been explored extensively in this thesis with a focus on building a deep-learning
model for generating augmented data, amplifying the limited real-world datasets, and then im-
plementing this augmented data to find the accuracy of the binary classifier.

This thesis deployed and evaluated the cGAN model with four different configurations: TT-
TM, NTT-NTM, TT-NTITM, and NTT-TINTM. The primary training dataset was 4000 MRI
brain images with masks, while testing was done with 2000 MRI brain images with masks,
having an equal proportion of tumor-positive and tumor-negative images. The purpose of the
four different configurations was to train the model with one combination of image and mask
and test the model on a different combination of image and mask. The evaluation was tested
with various quality metrics, including IS, SSIM, MSE, PSNR, FID, and DSE. Later, images
were tested for the classification performance of the modified U-Net CNN.

The real unseen and generated data were used as training data for the modified U-Net CNN
for image classification. The model was tested with different combinations of real and generated
data via 20-fold cross-validation. The results showed that including generated data in testing
the model improved the model maximum accuracy by 92%, sensitivity by 98%, and specificity
by 94%, thereby verifying the augmented data’s effectiveness. Furthermore, the Mann-Whitney
U test was conducted, showing that the synthetic and real data had statistically significant dif-
ferences in accuracy values.

In conclusion, this thesis has shown that using a cGAN model can successfully address the
challenge of the limited publicly available medical data that can be used as training data for
machine learning classification models in cancer classification. By generating high-quality and
high-resolution augmented data, this model proves to be a valuable tool to augment real-world
datasets, enhancing the accuracy and effectiveness of classification models. This work thus
offers a robust response to the research question posed, demonstrating the ability of the cGAN
model to successfully augment the data and its effect on classification models. Since the cGAN

crashed quite often in an unsystematic way, its successful training requires further studies.
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8.1 Future Work

Looking ahead, several novel methodologies and data-driven approaches enhance the new level
of accuracy and robustness in machine learning models for cancer detection. One such approach
should focus on the type of brain cancer. Our analysis was restricted to the presence or absence
of a tumor, which particularly restricts the wide application. Although our experiment produces
high accuracy, the future work should focus on the classification of brain tumors and identifying
their types.

Moreover, although our experiment included cross-domain image analysis, the future work
should focus on other domain work, for-example, generating contract enhanced images from
non-contrast enhanced images.

It 1s important to acknowledge that the model was tested with MRI images only and re-
stricted to the brain, which limits its generalizability to other imaging modalities and organs.
To address this concern, the feature endeavors should focus on training the cGAN model using
a dataset from CT and PET imaging, and experiment with tumors from other body regions. In
addition, rare diseases, such as Amyotrophic Lateral Sclerosis, should be explored and tested
with cGAN for data augmentation and classification.

Additionally, the images were evaluated based on statistical figures and values; no health-
care professional was involved in testing the images. Future directions should involve medical
personnel in evaluating the realism of synthetic data to further confirm the clinical application

of the generated images.
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Appendices

* Code available on Github: github.com/mahnork/Conditional-Generative-Adversarial-Network

Original images

10 500 1000
250 | 0.00"** | 0.00"** | 0.00***
500 | 0.00"** | 0.01** | 0.78
750 | 0.00*** | 0.00*** | 0.75
1000 | 0.00*** | 0.00*** | 0.34
1250 | 0.00*** | 0.00*** | 0.02*
1500 | 0.00"** | 0.8 0.002**
1750 | 0.00*** | 0.00*** | 0.22
2000 | 0.00*** | 0.00*** | 0.24

cGAN
1mages

Table .1: The p-values of Mann-Whitney U test comparing the classification accuracies of the
CNNss trained with training data containing both the specified numbers of original images and
synthetic cGAN images compared to the CNN trained with the same number of original images
but no GAN images (same image and mask). Significance levels: * p < 0.05, ** p < 0.01, ***
p <0.001. (same image and mask)

Original images

10 500 1000
250 | 0.33 0.0001*** | 0.0001***
500 | 0.87 0.00*** 0.3

750 | 0.38 0.0*** 0.46
1000 | 0.046* | 0.0002*** | 0.9676
1250 | 0.13 0.0"** 0.39
1500 | 0.046* | 0.0001*** | 0.49
1750 | 0.06 0.0001*** | 0.94
2000 | 0.01** | 0.00*** 0.24

cGAN
1mages

Table .2: The p-values of the Mann-Whitney U test comparing the classification accuracies of
the CNNs trained with training data containing both the specified numbers of original images
and synthetic cGAN images, compared to the CNN trained with the same number of original
images but no cGAN images. Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.
(opposite image and mask)
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Image Pair Comparison: PSNR vs SSIM
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Figure .1: Scatter plot for image pair comparison of PSNR vs SSIM for image generated with
pos img vs testing data having neg img

Image Pair Comparison: PSNR vs SSIM
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Figure .2: Scatter plot for image pair comparison of PSNR vs SSIM for image generated with
neg img vs testing data having pos img
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Original images

10 500 1000
250 | 0.00} | 0.004 | 0.00 |
500 | 0.00) |0.014 07871
750 |1 0.004 ]0.00) | 0757
1000 | 0.00 | | 0.00 ] | 0.34 1
1250 | 0.00 | | 0.00 ] | 0.02 |
1500 | 0.00 | | 0.8 1 | 0.002 |
1750 | 0.00 | | 0.00 | | 0.22 1
2000 | 0.00 ) | 0.00 4 | 0.24 1

GAN
1mages

Table .3: The p-values of Mann-Whitney U test comparing the classification accuracies of the
CNNs s trained with training data containing both the specified numbers of original images and
synthetic GAN images compared to the CNN trained with same number of original images but
no GAN images.(same image and mask)

Original images

10 500 1000
250 | 0331 | 0.0001 ] | 0.0001 |
500 (0871 |0.00 |, |03%
750 |1 0381 | 0.0] 0.46 T
1000 | 0.046 | | 0.0002 | | 0.9676 1
1250 | 0.13 1 | 0.04 0.39 1
1500 | 0.046 | | 0.0001 | | 0.49 1
1750 | 0.06 + | 0.0001 | | 0.94 1
2000 | 0.01] | 0.00 ) 0.24

GAN
1mages

Table .4: The p-values of Mann-Whitney U test comparing the classification accuracies of the
CNN s trained with training data containing both the specified numbers of original images and
synthetic GAN images compared to the CNN trained with same number of original images but
no GAN images.(opposite image and mask)
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