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Abstract
Purpose
The purpose of this study was to accurately segment a brain
tfumor with as little subjectivity as feasible. In this study, three
different types of convolutional neural networks (CNNs)—3D
U-Neft, 3D-UNet using VGG16 as an encoder, and 3D-UNet
using VGG19 as an encoder—were used fo separate various
fumor regions on brain 3D MRI scans.
Materials and Methods
The dataset is faken from the website of Cancer Imaging
Achieve (TCIA). The BRATS 2021dataset has multi-parametric
magnetic resonance imaging (MpMRI) scans of 611 patients
with their manually segmented labels for several
histologically different sub-regions of the tumor. The NIfTI
format is used for all five series of the mpMRI scan (T1, GD-T1,
Flair, T2, and T2) and the segmented mask file (seg). For this,
we used three different models for image segmentation.
Result
The accuracy of the UNet model was 97.3 %, 97.5 % for UNet-
VGG16, and 98.3 % for UNet-VGG19. The mean IOU score for
UNet was 0.8131, 0.7831 for UNet-VGGI16 and 0.7931 for
UNet-VGG19. The mean dice score was 0.9721 for UNet,
0.9521 for UNet-VGGI16, and 0.9621 for UNet-VGGI9.
Conclusion
The UNet model outperforms the other two in terms of mean
IOU score and mean dice coefficient, while UNet-VGG19
outperforms in ferms of accuracy.
K-Practitioner2024;29(4):48-54.

Introduction

Magnetic resonance imaging (MRI) produces 3D images of live tissue
non-invasively. MRI captures radio-frequency signals released by
hydrogen atoms following the application of electromagnetic (radio-
frequency) waves, localising the signal using spatially variable magnetic
gradients, and measuring different tissue parameters based on the pulse
sequence[ 1], mpMRI[2], stands for multi-parametric magnetic resonance
imaging, is a type of MRI that uses a combination of different sequences
and contrasts to provide detailed information about the tissue being
imaged. The different sequences and contrasts used in mpMRI can
include T1-weighted, T2-weighted, and diffusion-weighted imaging
(DWI), as well as dynamic contrast-enhanced imaging (DCE-MRI). T1-
weighted imaging is sensitive to tissue density and can provide detailed
information about the structure of the tissue being imaged. T2-weighted
imaging is sensitive to tissue water content and can provide detailed
information about the tissue's microstructure. DW1 is used to measure the
diffusion of water molecules in the tissue and can provide information
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about the tissue being imaged. The different sequences
and contrasts used in mpMRI can include T1-weighted,
T2-weighted, and diffusion-weighted imaging (DWI),
as well as dynamic contrast-enhanced imaging (DCE-
MRI). T1-weighted imaging is sensitive to tissue
density and can provide detailed information about the
structure of the tissue being imaged. T2-weighted
imaging is sensitive to tissue water content and can
provide detailed information about the tissue's
microstructure. DW1 is used to measure the diffusion of
water molecules in the tissue and can provide
information about the tissue's cellularity and
architecture. DCE-MRI is used to measure the uptake of
a contrast agent by the tissue and can provide
information about the tissue's blood flow and
vascularization. mpMRI is used in many medical
applications, including the diagnosis and management
of prostate cancer, the assessment of brain tumors, and
the evaluation of liver and kidney disorders. It is
considered as a non-invasive imaging technique and can
be used to detect, diagnose, and monitor the progression
of disease and response to treatment. mpMRI is
particularly useful in the diagnosis and management of
prostate cancer, as it can provide detailed information
about the size, location, and aggressiveness of the
tumor, as well as information about the surrounding
tissue and the prostate gland as a whole. It is considered
as a highly accurate imaging technique and is being
increasingly used as an alternative to traditional biopsy
methods. In addition, mpMRI is also being used for the
assessment and treatment planning of brain tumors. It
can be used to identify areas of abnormal tissue, provide
information about the tumor's location and size, and
help to determine the best treatment options.

Medical image analysis has significant importance in
clinical studies [3] and medical image analysis using
machine learning and deep learning is a rapidly growing
field that aims to improve the diagnosis and treatment
of diseases using advanced image processing
techniques. Medical images, such as X-ray, CT, MRI
[4,5] and ultrasound images, contain a wealth of
information about the human body and its internal
structures. However, this information is often difficult
for human observers to extract and interpret, especially
in cases where the images are complex or the disease is
difficult to diagnose. Machine learning and deep
learning [6] algorithms provide a powerful tool for
automating the analysis of medical images. These
algorithms can be trained to recognize patterns and
features in the images that are indicative of specific
diseases or conditions. This can be achieved by using
large amounts of labelled data, which is used to train the
algorithms to recognize patterns of interest. One of the
most common applications of machine learning and
deep learning in medical image analysis is image
segmentation, which involves isolating specific
structures or regions of interest in an image. This can be
used to identify and isolate tumors, vessels, organs, or
other structures in the image. U-Net, DeepLab and

Mask R-CNN are some of the most popular
architectures used for this purpose [7]. Another
important application of machine learning and deep
learning in medical image analysis is image
classification, which involves identifying the presence
or absence of a specific disease or condition in an
image. This can be achieved by training a classifier to
recognize patterns in the image that are indicative of the
disease or condition of interest. Convolutional Neural
Networks (CNNs) are commonly used for this purpose.
Another popular approach is to use pre-trained models
like U-Net. U-Net is a type of CNN that is specifically
designed for image segmentation tasks. It is trained on
a large dataset and then fine-tuned to the specific task
of tumor segmentation. This approach can be more
efficient than training a CNN from scratch, as it allows
the algorithm to leverage the knowledge gained from
the pre-training process. In recent years, Generative
Adversarial Networks (GANs) [8] has also been
explored in the field of tumor segmentation. GANs
consists of two neural networks, a generator, and a
discriminator, that work against each other in a zero-
sum game. The generator generates new images, while
the discriminator attempts to distinguish the generated
images from real images. By training GANs on a large
dataset of brain MRI images, both with and without
tumors, GANSs are able to learn the features and patterns
associated with GBM tumors and generate new images
that can be used for segmentation.

Overall, deep learning algorithms have the potential to
significantly improve the accuracy and speed of tumor
segmentation, which could lead to better treatment
outcomes for patients. However, it is important to note
that further research and development is needed before
these techniques can be widely adopted in clinical
practice [9]. Additionally, it is important that these
algorithms are validated and tested on large, diverse
patient populations to ensure their generalizability and
fairness. In addition to image segmentation and
classification, medical image analysis using machine
learning and deep learning also includes other tasks
such as registration, super-resolution, denoising and
anomaly detection. Variability in picture quality,
contrast, signal-to-noise ratio, or capture technology
limits these algorithms' application in research and
clinical contexts [10,11,12].

The approach put forward in this paper, was based on a
blend of different artificial neural network models. The
suggested model's main goals were to improve
segmentation accuracy and other segmentation
parameters. The 3 models used for segmentation were a
3D-UNet, second a combination of UNet and Visual
Geometry Group 16 (VGG16), and the third was a
combination of UNet and Visual Geometry Group 19
(VGG19).

Materials and Methods

Glioblastoma [13,14] (GBM) is a highly aggressive
and malignant brain tumor that is notoriously difficult
to treat and most frequently found in the frontal or
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temporal lobes [15]. Glioblastoma has an incidence of
3.21 per 100,000 people. The median age of diagnosis
is 64 years old, and men are more likely than women to
receive one. The prognosis for survival is bleak, with
survival rates of only 40% in the first year following
diagnosis and 17% in the second [16]. Segmentation of
GBM tumors is a crucial step in the diagnosis and
treatment of the disease, as it allows doctors to precisely
identify the location and size of the tumor. However,
manual segmentation of GBM tumors can be time-
consuming and prone to human error. To address this
challenge, researchers have been exploring the use of
machine learning algorithms for the automation of
GBM tumor segmentation. Machine learning
algorithms, such as convolutional neural networks
(CNNs) and deep learning algorithms, have been shown
to be highly effective in image segmentation tasks.
These algorithms are able to learn the features and
patterns associated with tumors, allowing them to
accurately segment them in new images.

Data Collection and Processing For this task of
segmenting brain tumors, the BRATS 2021[17,18,19]
dataset with 3D multi-parametric MRI images, was
used. This dataset contains tumor label information
along with four different MRI image types (T1
weighted, T2 weighted, GD-TI1-weighted (post
contrast), and FLAIR). The Enhancing Tumor Core
(ET), Peritumoral Edema, and Peritumoral Edema are
the three sub-components of the tumor. There have been
611 scans in total. The code was executed using the
online tool Google Colab Pro [20], which uses Python
version V3.7. Out of 611 patients, 30 were chosen for
testing, while the remaining 581 were divided into 75
and 25% for training and validation purposes,
respectively. The dataset was processed to remove
slices with a lot of background pixels since it is too large
for the system to handle at 240 by 240 by 155 pixels.
ReLU is a type of activation function that will output
the input directly if it is positive or one; otherwise, it
will give an output of zero. In single-label issues, where
the output is either 1 or 0, we thus employ ReLU [21].
SoftMax is utilised in the neural network's output layer
for multiclass labelling. It is a mathematical function
that turns a vector of integers into a vector of
probabilities, where the probability of each value in the
vector is proportional to their relative sizes.

Model parameters

A neural network works in the same way as the human
brain does. Neurons in the network received
information from previous phases with each learning
step. The activation function transports this data and
decides whether or not to activate the neuron. It also
assists the network in learning complicated patterns in
the input. Without the activation function, the data
would move through the layers of the network by
simply passing through the linear function. The
convolution block in the model forms the foundation of
feature extraction. An encoder block typically consists
of several convolution blocks followed by max pooling

down sampling to encode the input image into feature
representations at various levels. This abstract
representation is sent into the decoder network, which
produces a semantic segmentation mask. A 2-by-2
transpose convolution is the first step in the decoder
block. The relevant skip connection feature map from
the encoder block is then concatenated with it.
Optimizers are algorithms or methods that are used to
adjust the characteristics of the neural network, such as
weights and learning rate, in order to minimise losses.
The learning rate is a hyper-parameter that governs how
the weights of our neural network are calculated in
relation to the loss gradient. It specifies how quickly the
neural network's learned notions are updated. In
general, a high learning rate permits the model to learn
faster, but at the expense of producing a suboptimal
final set of weights. A smaller learning rate may allow
the model to learn a more optimal or even globally
optimal set of weights, but it may take substantially
longer to train.

In image segmentation tasks, a Convolutional Neural
Network (CNN) is trained to predict a segmentation
mask for an input image. The loss function is a critical
component of the CNN training process as it measures
the difference between the predicted segmentation mask
and the ground-truth segmentation mask (i.e., the mask
provided by an expert annotator). The goal of the
training process is to minimize this difference, or loss,
in order to generate accurate predictions. One of the
main benefits of using a loss function in CNN for image
segmentation is that it allows for the optimization of the
CNN's parameters, such as the weights and biases of the
neurons. By comparing the predicted segmentation
mask with the ground-truth segmentation mask, the loss
function can guide the CNN to adjust its parameters in
order to improve its predictions. Another benefit of
using a loss function is that it allows for the comparison
of different CNN architectures and hyperparameters. By
comparing the loss on a validation set, researchers can
determine which CNN architecture and
hyperparameters perform best on a given task.
Additionally, using a loss function specific to image
segmentation, such as the Intersection over Union (IoU)
or Dice coefficient loss, can improve the accuracy and
robustness of the CNN model. These loss functions are
designed to take into account the specific characteristics
of image segmentation tasks, such as class imbalance
and the need for pixel-level accuracy and can lead to
better performance compared to using general-purpose
loss functions such as Mean Squared Error (MSE). In
summary, the loss function plays a crucial role in the
training of CNNs for image segmentation. It allows for
the optimization of the CNN's parameters, enables the
comparison of different CNN architectures and
hyperparameters, and improves the accuracy and
robustness of the CNN model by using specific loss
functions for image segmentation task.
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Figure 1- Left (Image before processing) and Right (Image after processing)

Used Model Architecture

U-Net is a popular deep learning architecture that is
specifically designed for image segmentation tasks. It is
composed of an encoder and a decoder, where the
encoder is used to extract features from the input image,
and the decoder is used to generate a segmentation
mask. VGG16 and VGGI19 are both convolutional
neural network (CNN) models developed by the Visual
Geometry Group (VGG) at the University of Oxford.
Both models were trained on the ImageNet dataset,
which contains more than a million images and 1000
classes. The main difference between VGG16 and
VGG19 is the number of layers in each model. VGG16
has 16 layers, including 13 convolutional layers and 3
fully connected layers, while VGG19 has 19 layers,
including 16 convolutional layers and 3 fully connected
layers. Because VGG19 has more layers, it is able to
learn more complex features from the input images
compared to VGG16. This means that VGG19 may
perform better on image classification tasks than
VGG16. However, VGG19 also requires more
computational resources and memory to run, so it may
not be the best choice for tasks with limited resources.
Additionally, VGG16 and VGGI19 have different
numbers of parameters, VGG16 has about 138 million
parameters, while VGG19 has about 143 million
parameters. In summary, VGG19 has more complex
features and requires more computational resources and
memory to run, and it may not be the best choice for
tasks with limited resources. Additionally, VGG19 has
more parameters to optimize during training and it may
be more prone to overfitting.

One variation of U-Net that has been used in several
research studies is U-Net with a VGG16 encoder.
VGG16 is a pre-trained convolutional neural network
(CNN) that was trained on the ImageNet dataset. It is
known for its ability to extract powerful features from
images and has been used as the encoder in several
image segmentation architectures, including U-Net.
When U-Net is combined with a VGG16 encoder, the
VGG16 network is used to extract features from the

that corresponds to the input image. The VGGI
encoder allows U-Net to leverage the features and
patterns learned by the VGG16 network, which can
improve the performance of the U-Net on image
segmentation tasks. Similarly other variation of U-Net
that has been used in several research studies is U-Net
with a VGGI19 encoder. VGGI19 is a pre-trained
convolutional neural network (CNN) that was trained
on the ImageNet dataset. It is an improvement over
VGG16, which is known for its ability to extract
powerful features from images and has been used as the
encoder in several image segmentation architectures,
including U-Net. In practice, the pre-trained VGG16
and VGGI19 network is first frozen and the U-net
architecture is trained using theses frozen network as
the encoder. This is done to prevent the encoder from
learning new features and only use the pre-trained
weights. U-Net with a VGG16 and VGG19 encoder has
been used in several research studies and has shown
promising results in the segmentation of GBM brain
tumors. The combination of the powerful feature
extraction capabilities of the VGG16 and VGGI19
encoder and the segmentation capabilities of the U-Net
decoder allows for improved segmentation performance
compared to using U-Net alone.

The U-Net contains two blocks: encoders and decoders.
The encoder and decoder blocks are made up of many
convolution layers with hidden sub-layers. In this study,
three alternative model combinations are used. The first
is a simple U-Net, as illustrated in model2. The encoder
block is made up of two convolutional routes that use
the rectified linear unit (ReLU) [21] activation function,
which is followed by a 2-by-2 max pooling layer. The
identical procedure is conducted in reverse in the
decoder path. ADAM [22,23] is employed as a training
optimizer, with dice loss [24] as the loss function.
0.00001 is the learning rate employed. To avoid
memory issues, a batch size of four images is used. The
model is trained for a total of 100 epochs. Similarly, in
the second model, all of the model's parameters remain
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the same except that the encoder block has been
swapped out for a VGG16 network (as shown in

Figure3), and in the third, the encoder block has been
swapped out for a VGG19 network (as shown in Figure
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by dividing the predicted and ground-truth
segments' intersection by their union. The
intersection is the number of pixels that appear in
both the predicted and ground-truth segments,
whereas the union is the number of pixels that
appear in only one of the two segments. The IoU
score is a number between 0 and 1, with 1 indicating
a perfect match between the predicted and ground-
truth segments and 0 indicating no overlap between
the segments. In general, a higher IoU score
indicates that the model is performing well, while a
lower IoU score indicates that the model is unable
to generate accurate predictions. In a multi-class
segmentation problem, the IoU score for each class
can be calculated, and the mean IoU score can be

used to evaluate the model's overall performance. It can
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Figure 4: Block Diagram of U-Net with Encoder
block changed with a VGG19 network and decoder

Results

In image segmentation, accuracy is a measure of how

well a model's predicted segmentation
mask aligns with an expert annotator's
ground-truth segmentation mask. It is a
popular metric for assessing the
performance of image segmentation
models. In general, higher accuracy
indicates better model performance,
while lower accuracy indicates the
model's inability to generate accurate
predictions. It is important to note that
accuracy alone is not a sufficient
measure of performance for image
segmentation models because it does not
account for the quality of the predicted

segment boundaries. As a result, other metrics, such as
the intersection-over-Union score and dice coefficient,
which are more sensitive to segmentation errors, are

commonly used.

also be used to assess the model's performance on
various regions of the image, such as the
background, objects, and boundaries.

The Dice coefficient, also known as the Serensen-
Dice similarity coefficient, measures the similarity
between the predicted and ground-truth segments
and ranges from 0 to 1, with 1 indicating a perfect
match and 0 indicating no overlap. In a multi-class
segmentation problem, the Mean Dice Score (MDS)
is calculated by averaging the Dice coefficients for
each class.

Dice = 2*(intersection of predicted and ground-truth
segments) / (number of pixels in predicted segment
+ number of pixels in ground-truth segment)
Comparison of the models:

The results of the three-segmentation model were
presented in Table 1. As can be seen from the table,
the accuracy of the UNet-VGG19 was higher than

that of the other two models, while the mean dice score

and mean IOU score were both higher for UNet

Model N ] Mean IOU | Mean Dice
Model
UNet 0.9734 0.8131 0.9721
UNet - VGG16 0.9754 0.7831 0.9521
UNet-VGG19 0.9825 0.7931 0.9621

Table 1: Segmentation results for UNet, UNet-VGG16 and UNet-

VGG19

Prediction on different test images

The results of applying the model to some of the test
images were shown in Table 2. As can be seen, the
UNet model's accuracy was 97.3%, 97.5% for UNet-

VGG16, and 98.3% for UNet-VGG19. UNet had a
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L“(:f‘ge Accuracy of Model Mean IOU Mean Dice Score

UNet - | UNet- UNet - | UNet- UNet - | UNet-

UNet 1 vggie | vegy | YN |vggis | vegre | YN | vggie | vaGe

1 0.9709 0.9729 0.9804 0.8283 0.7983 0.8083 0.9708 | 0.9508 0.9608
2 0.9774 0.9794 0.9864 0.8109 0.7809 0.7909 0.9774 | 0.9574 0.9674
3 0.9727 0.9747 0.9817 0.7596 0.7296 0.7396 0.9725 | 0.9525 0.9625
4 0.9760 0.9780 0.9850 0.8161 0.7861 0.7961 0.9759 | 0.9559 0.9659
5 0.9709 0.9729 0.9801 0.8083 0.7783 0.7883 0.9708 | 0.9508 0.9608
6 0.9667 0.9687 0.9757 0.8220 0.7920 0.8020 0.9664 | 0.9464 0.9564
7 0.9744 0.9764 0.9834 0.8175 0.7875 0.7975 0.9743 | 0.9543 0.9643
8 0.9739 0.9759 0.9829 0.8326 0.8026 0.8126 0.9735 | 0.9535 0.9635
9 0.9779 0.9799 0.9872 0.8251 0.7951 0.8051 0.9677 | 0.9477 0.9577

Table 2: Segmentation results on test dataset

mean IOU score of 0.8131, UNet-VGG16 had a score
0f0.7831, and UNet-VGG19 had a score 0f 0.7931. The
mean dice score for UNet was 0.9721, 0.9521 for UNet-
VGG16, and 0.9621 for UNet-VGG19. Figure 5 depicts
the segmented mask generated with UNet, UNet-
VGG16, and UNet-VGG19, along with the
corresponding ground truth.

decoder allows for improved segmentation performance
compared to using U-Net alone. Similarly, using
VGG19 as the encoder in U-Net had also been shown to
achieve promising results in the segmentation of brain
tumors. VGG19 is an improvement over VGG16, and
the combination of the powerful feature extraction
capabilities of the VGGI19 encoder and the

Testing image

Testing Label

Testing Label

Unet-VGG16

Unet-VGG19

Prediction segmentation capabilities of
the U-Net decoder allows for
improved segmentation
performance compared to
using U-Net alone. The UNet
model outperforms the other
two models in terms of mean
dice coefficient and mean
IOU score, based on the
results. In terms of accuracy,
UNet-VGG19 exceeds the
other two. So, we can say that
utilising machine learning,
we can automate brain tumor
segmentation with a few
clicks and greater accuracy,
saving a lot of time. It's worth
noting that the choice of
encoder can depend on the
specific task or dataset, and

Prediction on test image

with their ground truths

Figure 5: Segmented tumor using UNet, UNet-VGG16 and UNet-VGG19

the results can also vary
depending on the quality and
size of the dataset used for

Conclusion

In conclusion, U-Net is a popular deep learning
architecture for image segmentation tasks, and it has
been shown to be effective in the segmentation of GBM
brain tumors. The use of a pre-trained encoder, such as
VGG16 or VGG19, can further improve the
performance of U-Net on image segmentation tasks. In
comparison, the use of VGG16 as the encoder in U-Net
has been shown to achieve promising results in the
segmentation of brain tumors. The combination of the
powerful feature extraction capabilities of the VGG16
encoder and the segmentation capabilities of the U-Net

training. It is also important to consider other factors

such as the computational resources and time available,

as well as the specific requirements and constraints of

the task at hand.
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