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ABSTRACT

The Grade IV cancer Glioblastoma is an extremely common and aggressive brain tumour. It is of
significant consequence that histopathologic examinations should be able to identify and capture the
tumour’s genetic variability for assistance in treatment. The use of Deep Learning - in particular CNNs
and GANs - have become prominent in dealing with various image segmentation and detection tasks. The
use of GANs have another importance - to expand the available training set by generating realistic pseudo-
medical images. Multi-modal MRIs, moreover, are also crucial as they lead to more successful
performances. Nonetheless, accurate segmentation and realistic image synthesis remain challenging tasks.
In this study, the history and various breakthroughs/challenges of utilising deep learning in glioblastoma
detection is outlined and evaluated. To see networks in action, an adjusted and calibrated Vox2Vox
network - a 3D implementation of the Pix2Pix translator - is trained on the biggest public brain tumour
dataset BraTS 2020. The experimental results demonstrate the versatility and improvability of GAN
networks in both fields of augmentation and segmentation. Overall, deep learning in medical imaging
remains an extremely intoxicating field full of meticulous and innovative new studies.

KEYWORDS

Medical Imaging Synthesis; Brain Tumour Segmentation; Glioblastoma; Convolutional Neural Networks;
Generative Adversarial Networks; 3D MRI.

1. INTRODUCTION

Often referred to as the deadliest human cancer, Glioblastoma (GBM) is the most common brain
cancer and an extremely dangerous one. The brain, being the humans’ most supreme but
mystifying organ, makes the eradication and remedy of this cancer all the more critical. GBM is
typically caused by the canceration of glial cells within the brain and the spinal cord. World
Health Organisation (WHO) has graded it as a grade IV cancer, now accounting for over 80% of
all primary malignant tumours [1]. This grading is done based on the presence/absence of marked
mitotic activity, necrosis and florid microvascular proliferation, between grades I, II, 1l and 1V
[2]. Gliomas with grade Il and | are referred to as low grade gliomas (LGG), and those above are
called high grade gliomas (HGG).

Generally, the standard glioma therapy comprises of Stupp protocol with maximal surgical
resection followed by chemo radiation (temozolomide and radiation therapy) [3]. Despite many
clinical trials and the combined effort of countless medical communities, the median survival age
of GBM is still only around 18 to 24 months [4]. Some of the most common obstacles include the
aggressive nature of a high-grade neoplasm, perivascular niches of ‘persister cancer cells’, the
inherent genetic variability of glioma, as well as the lack of efficiency for chemotherapeutic
agents to cross the blood-brain barrier [5]. As a result, treatment targeted to a particular mutation
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may only be partially effective. Currently, before we envision any ‘precision medicine’
approaches to combat glioma, histopathologic examinations must first be able to fully examine
and capture the tumour’s genetic variability and mutability [6].

In recent years, the upswing of machine and deep learning in radiology offers an unprecedented
opportunity. Now, the millions of voxels of an MR image can become useful in the
segmentation/classification of glioma features - paramount in treatment management and
prognostication. While Genomic sequencing is still not widely available, a cheaper and much
more open technology like the MRI-coupled Al algorithms can significantly benefit the
neurobiology and neurological-oncology practices.

Within Al and machine learning, deep learning is an increasingly growing subset training neural
networks resembling human brains. In the case of radiology analysis, feature selection and
classification can occur concurrently in one algorithm without any human intervention. ImageNet
- the world’s biggest image database - hosts annual competitions on the use of Al for classifying
animals and objects; in particular, convolutional neural networks (CNNSs) have consistently
outperformed all traditional machine learning techniques and other deep learning competitors
[7~9]. This explains the CNN’s explosive popularity and marks the drift from traditional machine
learning techniques like regressions, support vector machines (SVM), random forests and
dimensionality reductions for digital imaging analysis. As an example, CNNs can use the
quantitative information from millions of voxels from a glioma brain MRI - typically with the
modalities of TIWI (T1 weighted image), T1CE (T1 contrast enhanced), T2WI (T2 weighted
image) and T2-FLAIR (T2 fluid attenuated inversion recovery) - to solve the complex
mathematical analysis tasks. Given enough information - high quantities of high-quality data,
CNNs will be able to determine the radiologic features and their relative importance, before
making a predictive model to classify images with high accuracy. This is where data becomes
exceptionally valuable.

Traditionally, tumour segmentation, being a necessary step before classification or prediction, is
performed by mapping (also finding this mapping function) real medical images (e.g. MRI or
CT) to semantic label images of the tumour described by radionics and medical professionals.
Because of a rapid development in medical imaging equipment, multi-modal data pairs have
come to be preferred as they capture more information about the tumour and can lead to better
performance results [10]. This is mentioned earlier with T1IWI, T2-FLAIR, etc being the 4
primary MRI modalities. Unlike classification, nevertheless, labelling medical images by hand is
not only time-consuming but expensive due to the requirement of medical specialists with years
of experience. As a result, generative adversarial networks (GANS) have come to be used for
image synthesis and data augmentation. In particular, image-to-image translation models like
CycleGAN [11] and Pix2Pix [12] have become distinguished very recently due to their accuracy
and potential for pixel-wise image augmentation. Now, the use of 3D Multi-modal data has
increased the complexity of the model but also the amount of information available - hence
improving the models’ performances.

Overall, this paper aims to give a general encapsulation over the field of deep learning on glioma
medical imaging; not just the histopathologic aspect on multi-modal MR images, but also the
mathematical architectures of various cutting-edge convolutional neural networks and generative
adversarial networks. Furthermore, this paper implements an adjusted and calibrated version of a
most recent and developed network VVox2Vox [13] by Cirillo et al. built utilising many of the
state-of-the-art execution techniques on the task of Glioblastoma image synthesis and
segmentation.
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2. RELATED WORKS

2.1. Deep Learning in Glioma Medical Imaging

Many recent research studies have achieved remarkable success in the use of deep learning for
numerous glioma medical imaging tasks. These include tumour grading, IDH Mutations, 1P19Q
Codeletion, MGMT Promoter, Pseudo-progression and overall survival rate predictions, etc [6].

First, tumour grading is a classification task crucial for patient management. The WHOs have
categorised different gliomas into the categories of grade I, grade II, 111 or IV. The use of CNNs,
in particular, have been favoured for their great potential in both histology and imaging. Many
algorithms, including one using Weighted Neighbour Distance using Compound Hierarchy of
Algorithms Representing Morphology (WNDCHRM) and VGG-19 Deep CNN [14], AlexNet
and GoogLeNet [15] as well as an ensemble of CNNs [16] have been able to distinguish between
high- and low-grade tumours to produce stunning classification results. Isocitrate dehydrogenase
(IDH) mutations, on the other hand, are another key area of study as they represent improved
chances of survival. Being a prediction task, algorithms including a deep learning-based radionics
(DLR) approach [17], a residual CNN [18], 2D/3D hybrid CNNs [19], and a 3D-Dense-UNet
CNN [20] have been trained using various datasets from the Tumour Cancer Imaging Archive
(TCIA) to The Cancer Genome Atlas (TCGA). Similar to IDH mutations, 1P19Q Codeletion also
signifies a lower-grade tumour with prediction techniques ranging from a 2D/3D CNN [19], a
novel multi stream deep CNN (7-layer 2D CNN) [21], and other multi scale CNNs [22], etc.

Next, the hypermethylation of O”6-methylguanine-DNA-methyltransfer-ease (MGMT) promoter
is an enzyme indicating the need of different prognosis procedures. Being a more delicate task,
success from CNNs have been rather modest including the uses of a bi-directional recurrent CNN
[23], 3 different residual CNNs [24], and the same novel 2D-3D hybrid CNN [19] as before. It is
perhaps notable that the use of principal component analysis (PCA) for dimensionality reduction
have identified key imaging features for predictions of MGMT; including heterogeneous and
nodular enhancement, more T2/FLAIR signal with cortical involvement, the presence of
eccentric cysts, as well as a slight tendency toward frontal/temporal lobe locations [19].
Likewise, another task is the differentiation of Pseudoprogression (PSP) from true progression
(TP) as disease management is radically different in both cases. Some comparatively successful
results have been found with a hybrid deep and machine learning CNN-LSTM (long short-term
memory) approach, with LSTM algorithms being prominently used in sequence predictions like
automatic image caption generation, automatic translation of text, and automatic handwriting
generation [25]. Here, the lack of ‘ground truth’ (histopathologically proven and
labelled/annotated MR images) made PSP remain as an unmet and critical area of neuro-
oncology study. In fact, the author of this paper originally planned to use pseudo-progression as
the target for GAN synthesis, but unfortunately had to forgo the task due to the lack of publicly
available datasets. At last, the overall survival rate prediction is another ongoing area of
development. Many algorithms, including the combination of a 3D CNN for segmentation and a
decision tree regressor as predictor [26], and a 3D CNN to extract features combined with a
support vector machine to predict long vs short-term OS [27], have all achieved relatively
appreciable successes. Notably, some risk factors indicating poor survival rates after diagnosis
with GBM include Caucasisn ethnicity, the male sex, 60+ years of age, Karnofsky scores of
below 70, as well as advanced tumour and surgery without adjuvant chemoradiation, etc.

Overall, despite hype and certain impressive algorithms, the use of deep learning in neuroimaging
still faces significant challenges. The lack of datasets remains the biggest obstacle. Compared to
the traditional machine learning approaches, CNNs require much larger and well-annotated
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images to improve performance, which is very costly and time-consuming. Radiologists capable
of performing such tasks are often busy and difficult to finance, and gliomas, being relatively
rare, have made the acquisition of real test cases a difficult problem. Even good CNNs may
underperform and overfit due to the independent, external and unregulated datasets. Here, the
issue of overfitting occurs as with increased learnable parameters, the model requires more
training samples as well. As a result, the need for medical synthesis becomes apparent and a most
indispensable task in brain tumour medical imaging [28].

2.2. The Implementation of Generative Adversarial Networks

As a result of insufficient medical imaging datasets, many image augmentation methods have
been developed to superficially expand the number of training/validation instances. Earlier
methods consist of simple geometric deformations, such as random scaling, rotation and flipping.
Nevertheless, for obvious reasons, basic augmentation methods fail to generate and represent the
variations in the shape, location, and pathology of brain tumours [29].

Generative adversarial networks (GANs), on the other hand, have provided an exceptional
solution for image augmentation. Over the entire field of computer vision, GANs have gained
tremendous popularity due to the ability to synthesise virtually any type of image. The standard
protocols include style transfer [30], image synthesis from noise [31], image to image translation
[32], as well as image segmentation [33]. Compared to other computer vision datasets like the
aforementioned ImageNet, GANs have become especially popular in medical imaging due to the
discipline’s significantly smaller datasets. Furthermore, since the collection of multiple image
modalities significantly improves model performances, many GANs - like the Cycle GAN [11] -
have been introduced to synthesise the missing modalities as well.

It is in the field of medical imaging segmentation that generative adversarial networks have
gained remarkable traction. Han et al. devised a GAN to segment MRI spinal structures [34];
Dong et al. proposed a U-Net style GAN for organs-at-rosk (OARS) segmentation [35]; while
Skandarani et al. developed a variational auto encoder (VAE) + GAN model for cardiac MRI
generation [36]. Specifically on the topic of Glioma and brain tumours, moreover, Nema et al.
designed a 2D GAN named RescueNet to segment brain tumours [37]; Armanious et al. created
an end-to-end image-to-image translation system utilising the CasNet generator, named
MedGAN [38]; and Qingyun at al. proposed a novel generator with two discriminators
augmentation network known as TumourGAN [28].

Additionally, in their 2016 paper [12], Isola et al. introduced the Pix2Pix GAN which was
particularly impactful in that it was able to generate a type A image from a paired type B. It is an
implementation of conditional GANs (cGAN) where the image’s generation is conditional on a
given image. For Glioblastoma/brain tumour segmentation, both CycleGAN and Pix2Pix GAN
are the state-of-the-art industry standards. Since CycleGAN’s expertise iS more on image-to-
image translation, the Pix2Pix model is preferred here due to its closer relevance to the synthesis
task. A 3D Implementation of Pix2Pix, Vox2Vox [13], developed by Cirillo et al. in 2020 is
utilised here as the principal network of this study. It is chosen as one of the most cutting-edge
and systematically robust networks for the concerning task. While a normal convolutional neural
network, even the state-of-the-art ones like U-Net [39], segments by examining the image voxel
by voxel and maximising a segmentation metric (for example, weighted dice coefficient and
intersection over union (IOU)); GANs have the added level of scrutiny by also punishing results
that do not look realistic.
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This way, it is hypothesised that GANs can be both useful in data augmentation as well as
segmentation. To test this, a version of the Vox2Vox adversarial network is trained on the task of
segmentation label synthesis.

3. MATERIALS AND METHODS

3.1 will introduce the dataset being used in the paper. 3.2 then describes the mathematical
fundamentals behind convolutional neural network and generative adversarial networks.

3.1. Data

For this project the MR images are obtained from the Multimodal Brain Tumour Segmentation
Challenge (BraTS) 2020 [40]; being the biggest public dataset on brain tumours. The BraTS
training dataset consists of MR volumes of format 240 * 240 * 155 (155 films each of pixel size
240*240) from 369 patients. For each patient, 4 types of MR images are provided: T1WI, T1CE,
T2, and T2 FLAIR - being the 4 aforementioned MRI modalities. The BraTS validation dataset
contains equivalent MR volumes from a further 125 patients.

Here, the images were acquired from 19 different institutions each with their own clinical
protocols. The group truth labels were all segmented manually, by 1~4 broad-certified neuro-
radiologists following the same annotation protocol. The annotations were then approved by
more experienced radiologists for authenticity. No ground truths are provided for the validation
set. To ensure consistency, all data were co-registered to the same anatomical template, skull-
striped and interpolated to the same resolution (1 mm”3). The below Figure 1 shows one example
of training T1 MR images overlapped with the true segmentation in different planes.

Figure 1. The T1 MR Images in sagittal, coronal and transverse plane overlapped with the true
segmentation. Highlighted in yellow, red and cyan are the pertumoural edema (ED), necrotic and non-
enhancing core (NCR/NET), and GD_enhancing tumour (ET) [13].
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Figure 2. Synthetic image examples from one patient, representing the 58th and 73rd slices. Images from
left to right correspond to the semantic labels and the 4 modality images (flair, t1, tlce and t2), respectively
[28].

3.2. Network Architecture
3.2.1. Convolutional Neural Networks

In recent years, CNNs have had significant success being applied to visual recognition problems.
In their 1998 paper [41], Yann LeCun et al. developed the famous LeNet-5 architecture to
recognise handwritten check numbers. This was widely regarded as the first ever CNN [42].

In detail, CNNs contain convolutional layers where neurons are not connected to all pixels in the
input image (the standard practice for MLPs), instead only those in their receptive fields. A
second convolutional layer will also only be connected to neurons located within the receptive
field of the previous layer. A neuron located in (i, j) is connected to the outputs of the neutron in
the previous layer located at (i + fth - 1, j + fw - 1) where fh and fw are the height and width of the
receptive field. Filters, then, being sets of weights, can be employed by neuron-full layers to
produce feature maps - highlighting the areas in an image which activates the filter the most. By
stacking feature maps - where all neurons within a feature map share the same parameters
(weights and bias) - the number of parameters is dramatically reduced. Another notable feature of
CNNs is the pooling layer responsible for subsampling input images to reduce the computational
load, memory usage and the number of parameters (hence reducing the risks of overfitting). Like
convolutional layers, pooling layers are connected to a receptive field of neurons from the
previous layer, the difference being pooling layers do not have weights, only aggregating the
input with aggregation functions like maximum or mean pooling. Typically, CNNs consist of a
few convolutional layers (generally followed by RELUSs), a pooling layer, a few more
convolutional layers, another pooling, and so on. At the end, typically a regular feedforward net
is added with a few fully connected layers. The final output layer tends to be a softmax layer
outputting class probability predictions.

Some of the most prominent and fundamental CNNs include the LeNet-5 (1998) [41], AlexNet
(2012) [43], GoogLeNet (2014) [44], VVGNEet (2014) [45], ResNet (2015) [46], Xception (2016)
[47], SENet (2017) [48], among others. Here we briefly explicate on the architecture of AlexNet.
As winner of the 2012 ImageNet ILSVRC Challenge by a tremendous margin, AlexNet was
revolutionary at the time being the first network to stack convolutional layers directly on top of
each other. Table 1. shows the network’s architecture.
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Table 1. Tllustration of AlexNet’s network architecture. It is similar to LeNet5 but larger and deeper.

Layer | Type Maps Size Kernel Stride | Padding Activation
Size

In Input 3 (RGB) 227*227 - - - -

C1 Convolution 96 55*55 11*11 4 VALID RelLU

S2 Max Pooling | 96 27*27 3*3 2 VALID -

C3 Convolution 256 27*27 5*5 1 SAME RelLU

S4 Max Pooling | 256 13*13 3*3 2 VALID -

C5 Convolution 384 13*13 3*3 1 SAME ReLU

C6 Convolution 384 13*13 3*3 1 SAME ReLU

C7 Convolution 256 13*13 3*3 1 SAME ReLU

F8 Fully - 4096 - - - RelLU
connected

F9 Fully - 4096 - - - RelLU
connected

Out Fully - 1000 - - - Softmax
connected

3.2.2. Generative Adversarial Networks

GANs, on the other hand, constitute deep learning frameworks trained in an adversarial fashion.
Developed by lan Goodfellow in 2014 [49], GANSs took a few years to overcome initial training
difficulties and become mainstream. The underlying principle behind GAN is the use of
competition to push neural networks to excel. It is comprised of 2 parts: a generator which tries to
map a random latent space to a given data distribution, and a discriminator distinguishing the real
distribution from the fake ones. In image recognition, the generator imitates the original
distribution to synthesise images, while the discriminator rejects fake images and learns to
differentiate between the two. This is done iteratively, separately, and alternatively following the
minimax game-playing algorithm.

First, from practically random noise, the generator produces fake samples which can initially fool
the discriminator. Then, the discriminator is given both genuine and fake images and improves at
differentiating the two. The most basic structure is as followed. During training, the discriminator
is trained first with batches of real image and fake images produced by the generator. Here, back
propagation only optimises the weights of the discriminator during this phase. Then, the
generator is trained with the updated gradients, and real images are never fed into the network.
Here weights of the discriminator are frozen and back propagation only affects weights of the
generator. The two parts of the network are updated simultaneously, until Nash Equilibrium - the
state at which no player is better off changing their strategy, assuming the other does not change
theirs - is reached. The following optimisation equation demonstrates the minimax game rules:

min max V(D,G)=E,_,, [logD(x)]

+E,_ [log(l —D(G(z)))}

Here D(x) represents the probability that x belongs to the class of real images. The discriminator
wants to calculate the probability near 1 when the input data is real. Otherwise, to judge the data
and distinguish them when input samples are fake. As D(G(z)) draws close to 0, the generator
aims to approach 1. Essentially, both networks try to outsmart each other with the goal of
reaching the Nash Equilibrium where the probabilities of real vs fake are exactly (50, 50).
Idealistically, if trained long enough, this state can be reached and the generator is almost perfect.
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Nevertheless, the issue of node collapse - where the generator’s output becomes less diverse,
focusing on the production of one convincing image class and forgetting all others -might occur
where the generator only cycles across a few classes, never becoming too good at producing any.
Some of the current solutions include experience replay, mini-batch discrimination, as well as
many newer procedures combatting the difficulties of training GANSs. Yann LeCun, the creator of
CNN, described generative adversarial training as “the most interesting idea in the last 10 years
in Machine Learning”, exemplifying how the field of GAN is a most compelling and active one.

For the purpose of this study, the Vox2Vox model architecture will be examined. It is a novel
approach building the generator with a U-Net [39] and Res-Net [46] architecture, while the
discriminator is built with PatchGAN [33] - the same original style outlined in Pix2Pix.
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Fig. 3. The Vox2Vox generator model.
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4. EXPERIMENT

To demonstrate the use of GAN in synthesis and segmentation, an adjusted and calibrated version
of the Vox2Vox network is applied and trained on the BraTS 2020 dataset.

4.1 will detail the data preprocessing/augmentation pipeline; 4.2 will describe more precise
implementations; while 4.3 entails the results obtained after training.

4.1. Data Pre-Processing and Augmentation

The pre-processing pipeline stays true to the Vox2Vox proposal. First, the background voxels are
fixed to 0 for noise reduction. Intensity normalisation is also executed with NumPy maths
modules. The ground truths are then categorised into background, peritumoural edema (ED),
necrotic and non-enhancing tumour core (CNR/NET), GD-enhancing tumour (ET) with the labels
0, 1, 2, 4 respectively.

Since training with large images can be over-demanding for such complex models, a patch
augmentation technique is also applied to extract a 128*128*128 patch from the original
240*240*155 arrays. This way, only 23.5% of the entire training set is used in the training epoch.

To prevent the networks from overfitting - a prevalent issue for all feature extraction models,
where the network memorises the exact training details with high bias and low variance - random
data augmentation is also applied. For each sample, the model performs one, or a combination, of
the 4 possible augmentation techniques: including 3D flipping in respect to one of the axes
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(chosen randomly), 3D rotation with random angles, brightness adjustment using the power-law
gamma transformation, as well as elastic deformation with a square deformation grid.

A separate pipeline from a 3D-UNet network [50] is also considered and compared with the
Vox2Vox implementation. Although the 3D-UNet includes some additional functions like to
randomly scale the image or generate random permutation keys, the Vox2Vox code is far more
succinct and covers more advanced and relevant augmentation techniques.

4.2. Implementation
4.2.1. Losses

For the Vox2Vox model, two loss functions are implemented for the generator and discriminator
networks. The Discriminator loss is constructed with the sum of the L2 error between the original
image and ground truths, and between the original image and the respective segmentation
predictions. The generator loss, moreover, is the sum of the L2 error between the original image
and segmentation prediction and the generalised dice loss between the ground-truth and
generator’s output.

Below are the formulae for the discriminator and generator losses:
LD = L2 [D(a:,y), 1} + L2 [D("I;:@)v 0] ’
Lg = Ly [D(SC,Q), 1] +aGDL (y: g) .

In additional, the traditional Generalised Dice Loss (GDL) [51] used in the generator loss and for
performance evaluation, is replaced with the Tversky loss function [52]. This loss function was
specifically designed to optimise segmentation on imbalanced medical datasets, being weighted
by the constants ‘alpha’ and ‘beta’ which penalise false positive and false negatives to a higher
degree in the loss function.
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4.2.2. Optimisation and Regularisation

This portion mostly stays true to the Vox2Vox implementation, where both the generator and
discriminator are trained using the Adam optimiser [53], with the parameters: A =2 - 104, B 1=
0.5, and B 2= 0.999. In addition, dropout regularisation is a predominant regularisation technique
where at every training step, each neuron has a probability of being dropped out (entirely ignored
during the step), forcing them to not become overly co-dependent. Here instead of the 0.2
probability in Vox2Vox the dropout rate is increased to 0.25 to further reduce overfitting.

10
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4.3. Results

The calibrated-Vox2Vox model is implemented with Python 3.7, Tensorflow 2.6 and Keras 2.6.
As mentioned earlier, is it trained and validated on 128*128*128 images from 369 and 125
subjects using batch size 4. Due to the lack of access to accelerated training hardware, the model
is trained on Google Colab Pro. Since the runtime automatically disconnects after 12 hours, only
9 epochs were able to be trained on a randomly allocated TPU with high-RAM.

After each epoch of training, the loss, Tversky loss, discriminator loss on both the training and
validation data are displayed for simple comparisons. The training loss decreased to the lowest of
1.55, Tversky loss reached around 0.234 on the 9" epoch, and the validation loss plateaued
around 1.74. The validation loss reached 1.74 on the 5™ epoch and stopped decreasing for the
further 4 epochs of training. To compare, another 6 epochs were trained obtaining very similar
results. As illustrated on Figure 3, the label generation is visibly improving after just a few
epochs of training.

Figure 5. The generator’s prediction of ground truth given the image data, on epochs 2, 3 and 8
respectively. Left side is the actual brain image, the middle being ground truth, and right being the
predicted segmentation.

In the original Vox2Vox paper, the author undertook over 200 epochs of training on a computer
equipped with 128GB RAM and Nvidia GeForce RTX 2080 Ti graphics card, with 11GB of
memory. There is also post-processing with 10-fold cross-validation on the training set with an
ensemble of 10 Vox2Vox models, achieving the state-of-the-art results of 93.4% on the WT
region, 92.6% on the TC region and 87.2% on the ET region (all median dice scores on the
training set). The median was proposed since certain bad predictions tended to compromise the
mean values, as a generally more reliable deciding metric.

5. CONCLUSIONS

Overall, this paper aims to examine both the general history of deep learning on glioma medical
imaging, as well as focusing on the adjustment and implementations of one specific cutting-edge
model. In recent years, Al algorithms are becoming increasingly popular dealing with clinical
neuroimaging tasks, only restrained by challenges like the lack of large, well-annotated datasets
and expert-reviewed ‘ground truths’. As a result, generative adversarial networks have been used
to solve this issue synthesizing both authentic-looking training data as well as ground truths.

11
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Many aforementioned models have combined and utilised many complex mechanisms such as
image-to-image translation, hybrid systems, ensemble learning as well as taking advantage of 3D
multi-modal MRI data with 3D convolutional pipelines.

Moreover, the scrutinization and development of the new Vox2Vox training model also yielded
unexpectedly positive results. After such few epochs of training, the predictions were already
improving visibly and if continued will eventually yield more state-of-the-art results. The
complexity of generating Glioblastoma segmentation ground-truths exceeds most of the other
image synthesis tasks, consequently demonstrating the immense powers of GANs in both fields
of augmentation and segmentation.

6. DISCUSSIONS

Due to the conceptual complexity of the Vox2Vox model and in dealing with multi-modal MR
images, and more importantly, the time constraint and the author’s limited access to training
hardware, the experiment and result sections are unsatisfactory with tremendous areas of
originality improvements.

In future studies, the Vox2Vox model can be ameliorated in many ways such as the
implementation of more advanced metrics, optimization of the PatchGAN architecture, and
optimizations of the training time, etc. The model can also be altered in that instead of
synthesising segmentation images, it also synthesises MR images to facilitate another CNN (or
SVM and any other deep or machine learning algorithms) on segmentation. The results of
Vox2Vox’s segmentation synthesiser and the CNN’s segmentor can then be compared. In this
case, the other 3D U-NET model could have also been trained, and the two segmentation
accuracies contrasted. Furthermore, with other image-to-image translation models such as
TumourGAN achieving substantial success over even state-of-the-art algorithms like CycleGAN
and Pix2Pix, the Vox2Vox model and others similar can be altered to combine the advanced 3D
feature extraction techniques with translation networks to achieve even more worthwhile
breakthroughs.

Being an active field, recent developments in the use of GAN or CNN/other models on glioma
medical imaging, or any medical imaging tasks, is appreciable to say the least. The author is
optimistic of a future filled with more innovatory, progressive and responsible establishments in
the applications of Artificial Intelligence.
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