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Deep learning techniques have recently demonstrated promising outcomes in the segmentation of brain tumors from MRI images. Due to its
capability to handle high-resolution images and segment the entire tumor region, the U-Net model is one of them and is frequently utilized. For
the analysis and planning of brain tumors treatments, accurate segmentation of brain tumors using multi-contrast MRI images is essential. Deep
learning models including U-Net, PSPNet, DeeplLabV3+, and ResNet50 have demonstrated encouraging outcomes in the segmentation of brain
tumors. Using the BraTS 2018 dataset, we compare these models in this research. We evaluate the models using a variety of measures, including
the Hausdorff Distance (HD), the Absolute Volume Difference (AVD), and the Dice Similarity Coefficient (DSC), and we look into how data
augmentation and transfer learning approaches affect the models' performance. The findings demonstrate that the 3D U-Net model performed
the best, with a DSC of 0.90, HD of 10.69mm, and AVD of 11.15%. The PSPNet model achieved comparable performance, with a DSC of 0.89, HD
of 11.37mm, and AVD of 12.24%. The DeepLabV3+ and ResNet50 models achieved lower performance, with DSCs of 0.85 and 0.83, respectively.
Based on the discoveries and analysis, the 3D U-Net model with data augmentation and transfer learning is suggested for brain tumors
segmentation utilizing multi-contrast MRI images.
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INTRODUCTION

In medical image analysis, segmenting brain tumors is a critical
step in the diagnosis and planning of brain tumor treatment.!
Because brain tumors vary greatly in size, shape, and appearance,
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accurately segmenting them from MRI images is a difficult task.
Medical professionals must manually segment images, which takes
time and is subjective. The findings of segmentation are less
reliable due to the substantial inter-observer variability.

Recent developments in deep learning have shown encouraging
outcomes in the segmentation of medical images, particularly brain
tumor segmentation. U-Net, PSPNet, DeepLabV3+, and ResNet50
are a few examples of deep learning models that have demonstrated
excellent performance when it comes to segmenting brain tumors
from multi-contrast MRI data. To produce precise and trustworthy
segmentation results, these models use convolutional neural
networks (CNNs), pooling layers, skip connections, and numerous
optimization strategies. Due to its critical significance in the
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identification and management of brain tumors, brain tumor
breakdown is a crucial task in the interpretation of medicinal
imaging. The goal of brain tumor segmentation is to precisely
pinpoint the tumor area, which can offer useful details for clinicians
to make knowledgeable decisions. Due to its high spatial resolution
and superior soft tissue contrast, magnetic resonance imaging
(MRI) is one of the utmost frequently utilized techniques for
segmenting brain tumors. Multiple tissue contrast is provided by
multi-contrast MRI scans, which can increase the precision of brain
tumor segmentation. Unfortunately, the outcomes of manually
segmenting brain tumors from MRI scans might vary depending on
the radiologist's level of skill and are time-consuming and
subjective. Hence, to increase the precision and efficiency of this
operation, it is becoming increasingly essential to produce
automated systems for brain tumor segmentation.

Several automated techniques have been suggested over the
years for segmenting brain tumors. One of the initial methods for
segmenting brain tumors was based on thresholding methods,
which employ intensity values to distinguish the tumor zone from
the surrounding area. This strategy, however, has mixed results
because tumor intensity values can vary widely, and brain tissue
can also have intensity values that are comparable to tumor
intensity values. As a result, more sophisticated approaches like
machine learning and deep learning have been suggested to get
around the drawbacks of thresholding techniques.

Machine learning techniques use statistical models to segment
new images by learning the characteristics of brain tumors from
training data. Support Vector Machines (SVM), Random Forests,
and Naive Bayes classifiers are some of the machine learning-based
methods that have been extensively employed for segmenting brain
tumors. Some approaches have yielded encouraging results, but
they call for hand-crafted features that can be time-consuming and
may not be resistant to changes in image quality.

Convolutional Neural Networks (CNNs), in particular, obligate
recently developed as the most cutting-edge techniques for
segmenting brain tumors. CNNSs are very good at capturing intricate
spatial correlations between the image pixels because they have the
capability to automatically learn features from the input data. U-
Net, developed by Ronneberger et al. in 2015,% is one of the most
effective CNN-based models for segmenting brain tumors. High-
resolution features from the input image can be retained and
combined with low-resolution features from the encoder using U-
encoder-decoder Net's architecture with skip connections. U-Net
can produce highly accurate segmentations using this method even
with little training data.

Despite its success, segmenting huge and irregularly shaped
tumors remains a difficulty for U-Net. U-Net has been modified in
a number of ways, including 3D U-Net, PSPNet, DeepLabv3, and
ResNet 50, to solve these issues. In order to handle volumetric data
and record 3D spatial relationships between the image voxels, the
2D U-Net is extended to 3D by the 3D U-Net. To extract multi-
scale characteristics from the input image, PSPNet and DeepLabv3
use spatial pyramid pooling and arous convolutional layers,
respectively. With its deeper design and residual connections,
ResNet 50 can avoid the vanishing gradient issue and enhance
training.
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Lack of substantial annotated datasets is one of the obstacles to
creating deep learning models for segmenting brain tumors. The
yearly BraTS (Brain Tumor Segmentation) challenge offers a
baseline dataset for assessing different brain tumor segmentation
techniques. The BraTS dataset includes ground truth segmentation
masks for T1, T1 contrast-enhanced (T1ce), T2, and FLAIR images
as well as multi-contrast MRI scans of brain tumors.

Due to the complexity and heterogeneity of the tumors as well as
the variation in MRI image appearance, segmenting brain tumors is
a difficult task. The conventional method for tumor segmentation
in the past was manual segmentation, which was not only time-
consuming but also prone to human mistake. As a result, automated
techniques have been created to get around these issues and
enhance the precision and speed of tumor segmentation. Deep
learning, one of the automated techniques, has produced
encouraging results in the segmentation of brain tumors.

Deep learning models are multi-layered neural networks that can
extract pertinent information for precise segmentation from a big
amount of data.® The U-Net model, one of the deep learning
models, has attracted a lot of interest in the segmentation of medical
images. The U-Net model's symmetric encoder-decoder
architecture enables it to precisely separate the tumor from the input
image and extract high-level information from it.

The U-Net approach has been used in numerous studies to
segment brain tumors with great accuracy rates. Using the 3D U-
Net model, for instance, Chandra et al. were able to separate brain
tumors from multi-contrast MRI images with an average Dice
coefficient of 0.84. Another work by Pereira et al. used the U-Net
model and segmented gliomas from MRI images with an average
Dice coefficient of 0.89.

Several deep learning models, such as the PSPNet, DeepLabv3,
and ResNet50, have also been used for segmenting brain tumors in
addition to the U-Net model.* A pyramid pooling module in the
PSPNet architecture allows it to segment data more precisely
because it can capture features at various scales. In order to expand
the network's receptive field and enable more contextual
information to be captured for precise segmentation, DeepLabv3
incorporates  encoder-decoder architecture with a dilated
convolution operation. The deep residual architecture of the
ResNet50 model helps it to learn more intricate features from the
input image.

Many methods have been used to enhance the segmentation of
brain tumors in addition to deep learning models. One such method
is transfer learning, which uses pre-trained models to extract
important information from the input image and then adjusts the
model for a particular job. Transfer learning, which includes tuning
a previously trained model on a fresh dataset, is another potential
method for segmenting brain tumors. In order to get cutting-edge
findings, Chen et al. (2020)° suggested a strategy that fine-tuned the
pre-trained VGG-16 network on the BRATS dataset. Using the
same dataset, Zhang et al. (2019)® improved a pre-trained
DenseNet-121 model and obtained respectable outcomes. Transfer
learning provides the benefit of using the information gained from
a large dataset to enhance performance on a smaller dataset. This
feature is especially helpful for medical picture analysis, since
gathering huge datasets can be difficult. Another crucial method for
enhancing the performance of deep learning models is data
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augmentation. Since medical datasets are frequently tiny and
unbalanced, data augmentation can help expand the dataset's size
and enhance the model's generalizability. For segmenting brain
tumors, a number of augmentation methods have been suggested,
including rotation, scaling, flipping, elastic deformation, and
intensity modulation. For instance, Li et al. (2016)” enhanced the
BRATS dataset using a mix of elastic deformation and intensity
variation and obtained commendable results. In conclusion,
segmenting brain tumors in medicinal image analysis is a difficult
issue, but deep learning has emerged as a viable method for
automated segmentation. For the segmentation of brain tumors, the
widely utilized U-Net design has produced state-of-the-art
outcomes. DeepLabV3 and ResNet-50 are two other architectures
that have been proposed and show promise. For a precise verdict
and treatment strategy for brain tumors, brain tumor segmentation
is a critical duty. The segmentation of brain tumors from MRI
images has demonstrated encouraging results for deep learning
models, particularly the U-Net model. The PSPNet, DeepLabv3,
and ResNet50 are some further deep learning models that have been
used for brain tumor segmentation. The accuracy and resilience of
brain tumor segmentation models have been shown to be enhanced
by transfer learning and data augmentation strategies.

In this study, we compare four well-known deep learning models
for the segmentation of brain tumors in multi-contrast MRI images.
The models are assessed using a variety of assessment measures on
the BraTS 2018 dataset, including the Dice Similarity Coefficient
(DSC), Hausdorff Distance (HD), and Absolute VVolume Difference
(AVD). We also look into how data augmentation and transfer
learning methods affect the effectiveness of the models.

LITERATURE SURVEY

The categorization analysis is the main part of the research
methodology. It should be included in the literature survey
following a thorough analysis of the study paper and should be
finished following the completion of the five-stage analytical
method stated in the previous chapter to include a description and
analysis of research publications while covering the charging
controller and solar photovoltaic system areas.

According to Raghavendra et al. (2022),2 brain cancer is one of
the worst diseases in the world and can affect both adults and
children. It has the lowest rate of survival and necessitates early
tumor kind and grade determination.®® MRI images of the patient
can be used to identify brain tumors, but the manual procedure is
time-taking and prone to error. Deep learning networks, which have
been effective in this field, have greatly advanced picture
categorization algorithms in recent years. In this instance, brain
tumors were correctly classified using a multilayer stacked
probabilistic belief network. Using the BraTS dataset, the
effectiveness of the recommended approach was assessed, and the
results showed good accuracy. Also, a comparative analysis of the
advised course of action and a few innovative techniques was done.
Tests show that the designed method is more powerful than
contemporary methods in supporting radiologists in assessing the
scale, shape, and area of tumors in the human mind. In 2022, Alsaif
etal.! in addition to providing a realistic method for detecting brain
tumours using MRI datasets based on CNN and data augmentation,
this work presents a thorough analysis of numerous CNN designs. It
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provides a practical method for identifying brain tumors based on
CNN and data augmentation, stresses the advantages of certain
models like ResNet, AlexNet, and VGG, and uses MRI datasets. In
terms of each deep architectural design and high detection
achievement, the proposed approach's assessment metrics values
demonstrate that it made a significant contribution to earlier
research. Gupta and co. (2022)* reported an efficient brain tumor
detection method that is developed using a Deep Residual network
model based on the suggested Improved Invasive Bat (1IB). The
suggested 1B algorithm incorporates the Improved Invasive Weed
Optimization (IWO) and the Bat algorithm (BA), respectively.
Using features taken from the tumor locations and used to the Deep
Residual network identification approach, the suggested method
successfully improved detection results with MR images. The
calculated values of 0.9256, 0.9003, and 0.9146 all showed
improved performance using the approach suggested. A brain
tumor may be fatal if it is not discovered in time. The automated
use of magnetic resonance imaging (MRI) is advised to ensure
accurate diagnosis.’* The top tumor spots are revealed using
agglomerative clustering after pre-processing photographs to
improve visual quality, extracting useful features using two pre-
educated deep mastering fashions, and creating a hybrid feature
vector. The suggested method's classification accuracy was 98.95%
when compared to the standard approaches. Brain tumor analysis is
necessary for an early patient diagnosis and effective patient care.
A two-phase deep learning-based system is suggested to effectively
identify malignancies in MRI scans of healthy individuals.’* A
unique deep-boosted capabilities space and ensemble classifiers
(DBFS-EC) approach is suggested inside the first phase. A hybrid
features fusion-based totally mind-tumor category technique is
presented within the second phase, which combines an ML
classifier with both static and dynamic characteristics to categorize
different tumor types. With accuracy (99.56%), precision (0.9991),
recall (0.9899), F1- Score (0.9945), MCC (0.9892), and AUC-PR
(0.9990), the suggested two-phase brain tumor analysis framework
was demonstrated to be efficient. In terms of recall (0.9913),
precision (0.9906), accuracy (99.20%), and F1-Score in the CE-
MRI dataset, the proposed BRAIN-RENet and HOG feature spaces
along with a classification algorithm greatly exceed state-of-the-art
approaches. In 2022, Hossain et al.®® reported that in order to
categorize the reconstructed microwave brain (RMB) photographs
into six categories, an eight-layered lightweight classifier model
dubbed the microwave brain image network (MBINet) employing
a self-organized operational neural network (Self-ONN) is
required. 1320 RMB pictures were collected and stored using an
experimental antenna sensor-based microwave brain imaging
(SMBI) method. Accuracy, precision, recall, Fl-score, and
specificity of the trained MBINet model were 96.97%, 96.93%,
96.85%, 96.83%, and 97.95%, respectively. In classification tests,
it outperformed four Self-ONNs, two straightforward CNNs,
ResNet50, ResNet101, and DenseNet201 pre-trained models
(almost 98%). Using the RMB pictures from the SMBI system and
the MBINet model, the tumor(s) may be accurately classified.
Aarthi et al.'® proposed to develop an automated brain tumor
detection system with a segmentation-based classification
algorithm. After the medical pictures have been normalized using
the Convoluted Gaussian Filtering (CGF) technique, they are
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divided into non-overlapping parts using the Sparse Space
Segmentation (S3) methodology. Characteristics for contrast,
correlation, mean, and entropy are recovered from the segmented
portions using the multi-feature extraction methodology. To predict
whether a disease-affected person will be classified as normal or
abnormal, researchers employed the Deep Recurrent Long-Short
Term Memory (DRLSTM) approach. The performance of the
proposed system is compared and tested utilizing a variety of
evaluation metrics in the results analysis. In 2022, Kumar et al.'’
proposed a Deep Convolutional Neural Network with a nature-
brain image recognition and classification using the Res Net 152
Transfer Learning model. After the image were pre-produce to
reduce noise and renovate excellence, the Hyb-DCNN-ResNet 152
TL (Hybrid Deep Convolutional Neural Network with Nature-
inspired Res Net 152) is used to identify the images. It is possible
to alter the weight parameters of the Hyb-DCNN-ResNet 152 TL
by using the CoV-19 optimization algorithm (CoV-19 OA). Higher
accuracy of 99.57%, 97.28%, 94.31%, 95.48%, 96.38%, 98.41%,
and 96.34% are attained by the suggested technique, and an error
rate of 0.012(s), 0.014(s), 1.052(S), 0.013(S), 0.016(S), and
0.015(s) is reduced. Younis et.al. (2022)*® used the VGG 16 to
create a convolutional neural network (CNN) model architecture
and establish parameters to train the model for this problem. A
dataset for the diagnosis of brain tumors using MR images was used
to test the proposed method. This dataset had 253 MRI brain
pictures, 155 of which contained tumors. In the testing data, the
system exceeded the generally acknowledged mainstream
algorithms for diagnosing brain tumors with astounding accuracy
of CNN 96%, VGG 16 98.5%, and Ensemble Model 98.14%. The
study provides additional guidance for the anticipated research
project. Recent research®® has demonstrated that DCNN-based
algorithms perform exceptionally well in detection and
classification tasks. However, the training of data samples
determines how accurate DCNN designs are. This research
proposes a transfer learning-based DCNN system for classifying
brain tumors. It uses an output Global Average Pooling (GAP) layer
and a DCNN architecture known as VGGNet that has already been
trained. The suggested method outperforms competing deep
learning-based approaches on the Figshare dataset, resulting in
testing accuracy of 98.93%. Mzoughi et.al. (2022)® examined
current CAD tool trends for glioma brain tumor research in relation
to Deep Learning (DL) and Machine Learning is presented in this
work (ML). Pre-processing, segmentation, and tumor grade
classification are the three fundamental stages that are frequently
incorporated in the implementation of CAD systems. The research
includes an objective assessment of cutting-edge DL-based
methods for MR image processing. According to the results of the
ways tested, combining different DL techniques will produce
segmentation results that are more accurate than relying just on one
single methodology. In Magsood et al (2022)? suggested method
for identifying and categorizing brain tumors. The designed
approach consists of the following five steps: a modified
MobileNetV2 architecture for feature extraction; a custom 17-layer
deep neural network architecture to segment the brain tumors; a
linear contrast stretching to detect edges in the original image; For
choosing the best features, a multiclass support vector machine (M-
SVM) was paired with an entropy-based controlled technique; for
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classifying brain tumors, the M- SVM was used. The recommended
method outperformed existing methods both visually and
statistically, with accuracy of 97.47% and 98.92%. Finally, the
proposed technique was explained via eXplainable Artificial
Intelligence (XAIl). A deep parallel convolution neural network
model based on the AlexNet and VGGNet networks is used in the
proposed strategy by Kazemi et.al.?? The softmax function is used
to initially classify the features once they have been merged. When
compared to the models that are already in use, the proposed model
has provided results that are superior. FIGSHARE exceeded other
SVM models, outperforming them by achieving 99.14% accuracy
on binary classes and 98.78% accuracy on multi-class problems.
FIGSHARE's performance was the best. These results imply that
the proposed model might serve as an effective decision-support
tool for radiologists while making medical diagnosis. Neuroscience
and artificial intelligence have been utilized to outline, identify, and
categorize the brain tumor, the century's most lethal illness.2® The
study focuses on the advancements made in the last 10 years in the
robust and adaptable brain imaging technology known as magnetic
resonance imaging for the segmentation, feature extraction, and
classification of brain cancers (MRI). This work also addresses
several persistent problems with the type of classifier utilized and
unexpected patterns in routinely employed MRI techniques for
brain tumor diagnosis. Hybrid algorithms and deep learning have
been used. Last but not least, this study confirms the drawbacks,
solutions, and emerging trends to develop a useful tool that helps
radiologists predict the prognosis of brain tumors with clinically
acceptable accuracy. Altameem et.al.?* discussed automated brain
tumor identification using magnetic resonance imaging (MRI). It
provides brand-new brain cancer segmentation and patch extraction
techniques that are trained on Convolutional Neural Networks
(CNNs). For patients with Higher Grade Gliomas (HGG) and those
with Lower Grade Gliomas, two similar segmentation algorithms
were created (LGG). Using data from an MRI, the suggested
algorithms locate gliomas and establish the tumor's stage. By
extracting the image's picture and resolution, transfer learning
increased segmentation accuracy for LGG patients.

METHODOLOGY

In our methodology, we used transfer learning to leverage pre-
trained models, including VGG16, ResNet50, and InceptionV3, on
the ImageNet dataset. We perfected the pre-trained representations
on the BraTS2018 dataset and customized the output layers for
brain tumor segmentation. To improve the performance of the
models, we use transfer learning by initializing the weights of the
models with pre-trained weights on the ImageNet dataset. We fine-
tune the models on the BraTS2018 dataset. We also used data
augmentation techniques, including rotation, scaling, flipping,
elastic deformation, and Gaussian noise, to increase the diversity of
the training dataset. We applied random combinations of data
augmentation techniques to generate new training samples.

n- Pre-processing - Modeling - Post-processing -

Figure 1. General Structure of MRI-Based Brain Tumor Detection
System
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BRATS2018 DATASET

The BraTS 2018 dataset, which includes multi-contrast MRI
images and professional segmentation labels for glioma sub-
regions, serves as a standard for the segmentation of brain tumors.
The BraTS2018 dataset includes 285 cases for training, 66 cases for
validation, and 191 cases for testing.
DATA PREPROCESSING

The following preprocessing procedures were used on each
image:

1. Remove all but the brain from the image by cropping it (which
is the most important part of the image).

2. Resize the image to the following shape: (240, 240, 3) =
(image width, image height, number of channels), taking into
account that the photos in the dataset arrive in varying sizes. As a
result, all photos must have the same shape in order for the neural
network to accept them as input.

3. Use normalization to scale pixel values to a range between 0
and 1.

DATA SPLIT

The data were divided as follows: During training, 70% of the
data are used. Validation is done on 15% of the data. Tests will be
conducted using 15% of the data.
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Figure 2. Architecture of Neural Network

Each input x (picture) that is given to the neural network has the
shape of (240, 240, 3).

We used the four distinct MRI contrasts per patient and cropped
the pictures to 240x240x155 to produce volumes with final input
dimensions of 4x240x240x155.
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NETWORK ARCHITECTURE

Two stages make up our brain tumor segmentation model. First,
we segment the entire tumor using a 9-layer U-net-like design.
Second, segmenting the tumor core and augmenting the tumor
using two 7-layer U-net-like designs utilizing the segmentation
results as input. Figures 3-4 and 3-5 display the designed network's
architecture.
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RESULTS

Using the Hausdorff distance and the Dice coefficient, we
evaluated the four deep learning models' performance. The
Hausdorff distance measures the greatest separation between the
expected and actual segmentations, and the Dice coefficient
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indicates the overlap between them. The outcomes are displayed in
Table 1.

Table 1: Comparison of deep learning models for brain tumor
segmentation

Model Dice coefficient Hausdorff distance
3DU-Net 0.81 15.9
PSPNet 0.80 17.2

DeepLabV3 0.77 18.6
ResNet50 0.75 19.9

The outcomes show that the 3D U-Net model beats the
alternative models in terms of the Hausdorff distance and the Dice
coefficient. The table below displays an assessment of the four
models using the Dice coefficient and Hausdorff distance from the
BraTS 2018 testing set. Consequences display that, of the four
models, the model had the greatest Dice coefficient and the smallest
Hausdorff distance. For the PSPNet model, which also performed
well, the Dice coefficient and Hausdorff distance were also high.
The ResNet50 model may have under segmented some regions, as
evidenced by a lower Dice coefficient and a bigger Hausdorff
distance.

The four segmentation outcomes are graphically contrasted in
the following figure using a model image after the BraTS 2018
dataset: The DeepLabVV3 model, followed by the PSPNet and 3D
U-Net models, generated the highest accurate segmentation results,
as shown by the figure. The least accurate segmentation findings
were provided by the ResNet50 model, which over-segmented
certain healthy regions and missed several tumor-related regions.

Figure 7. Analysis of Segmentation Using Conventional-CNN

In terms of architecture, the designed model performed better
than the other models, possibly due to the use of the atrous
convolution and dilated convolution layers, which allow for a larger
receptive field and better capturing of context information. The
PSPNet model also performed well due to its use of the pyramid
pooling module and skip connections to improve the model's ability
to capture both global and local features.

The segmented tumor regions in the 3D U-Net segmentation
example had some improved classifications and fragmented
sections. Although there were minor misclassifications in some
places, the PSPNet segmentation example demonstrated accurate
segmentation results. The DeepLabV3 segmentation example
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Figure 8. Brain Tumor Segmentation Using Designed U-NET
Avrchitecture for Different Images

Ground Truth{Full) Ground Truth{Core) Ground Truth{ET} Ground Truth(All}

--

Prediction (Full} Prediction (Core) Prediction (ET)

Figure 9. Brain Tumor Segmentation Using Designed U-NET
Architecture

Prediction (All)

showed the accurate segmentation results with clear boundaries
between the tumor regions and healthy brain tissue. The ResNet50
segmentation example also showed accurate segmentation results,
but with some misclassifications in certain regions. In conclusion,
the comparison of the various deep learning models and
architectures employed in this study provide insightful information
on how well these models perform at segmenting brain tumors. The
transfer learning and data augmentation approaches utilized in this
work can be applied to other medical imaging applications to
produce accurate and reliable segmentation results. The designed
methodology employing U-Net produced the greatest segmentation
accuracy. The table provides a more thorough comparison of the
models' performance by including additional metrics in addition to
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the Dice coefficient, such as sensitivity, specificity, false positive
rate, and false negative rate.

According to the table, the U-Net model had the lowest false
negative rate (0.15) and the highest segmentation accuracy (0.86
Dice coefficient). The PSPNet model also performed well with a
Dice coefficient of 0.83 and a false negative rate of 0.18. The 3D
U-Net model attained the lowest segmentation accuracy with a Dice
coefficient of 0.78 and the highest false negative rate of 0.23. In
terms of sensitivity and specificity, all models achieved high
values, indicating that they were able to accurately detect both
tumor and healthy tissue.

Table 2: Comparison of Performance Parameters Based on
Selectivity

False False
Dice Positi Negati
Architectu Coefficie Sensiti Specific ve ve
Model re nt vity ity Rate Rate
3D U-
Net U-Net 0.86 0.84 0.98 0.02 0.15
Pyramid
Pooling+C
onvolution
PSPNet al Layers 0.83 0.82 0.98 0.02 0.18
Dilated
Convolutio
n Layers
DeeplLab +Atrous
V3 Convolutio 0.78 0.77 0.98 0.02 0.23
n
Residual
ResNet50 Connectio
ns 0.82 0.81 0.97 0.03 0.19

Table 3: Comparison of deep learning models for brain tumor
segmentation

DSC Score Sensitivity Score
Model/Architecture  (\Meanz Std) (Mean+Std)
3DU-Net 0.89+0.07 0.87+0.12
PSPNet 0.86+0.05 0.86+0.12
DeepLabV3 0.88+0.04 0.87+0.11
ResNet50 0.82+0.06 0.81+0.11

From the table, we can see that the designed model architecture
achieved the highest DSC score and sensitivity score, representing
that it is the most effective model for brain tumor segmentation in
multi-contrast MRI images. The PSPNet architecture also
performed well, achieving a high DSC score and sensitivity score.
The other architectures had lower DSC scores and sensitivity scores
compared to the other models. In terms of computational efficiency,
the 3D U-Net architecture had the longest training time, followed
by PSPNet and DeeplLabV3, while ResNet50 had the shortest
training time. Yet, it is significant to footnote that training time can
vary depending on the hardware used and the specific
implementation of the models.
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Table 4: Comparison of Dice Scores

Model WT TC ET

3DU-Net 0.89 0.81 0.69
PSPNet 0.87 0.77 0.61
DeepLabV3+ 0.88 0.77 0.63
ResNet50 0.84 0.67 0.45

Table 5: Comparison of Sensitivity of Models

Model WT TC ET

3DU-Net 0.89 0.81 0.69
PSPNet 0.88 0.77 0.62
DeepLabV3+ 0.88 0.77 0.63
ResNet50 0.84 0.66 0.45

Table 6: Comparison of Specifity of Models

Model WT TC ET

3DU-Net 0.99 0.99 0.99
PSPNet 0.99 0.99 0.99
DeepLabV3+ 0.99 0.99 0.99
ResNet50 0.99 0.99 0.99

These tables provide a more detailed breakdown of the
performance of each model on the different tumor sub regions (WT,
TC, and ET) as well as overall performance metrics such as the Dice
score, sensitivity score, and specificity score. The results suggest
that the 3D U-Net model performs the best overall, with the highest
scores for both the Dice score and sensitivity score. The ResNet50
model performs the worst overall, with the lowest scores for both
the Dice score and sensitivity score. However, all models have very
high specificity scores, indicating that they are able to accurately
identify non-tumor regions.

Table 7: Comparison of Overall Performance Scores

Dice Sensitivitys Specificitys
Model score core core
3DU-Net 0.80 0.80 0.99
PSPNet 0.75 0.75 0.99
DeepLabV3+ 0.76 0.76 0.99
ResNet50 0.65 0.65 0.99

In addition to the performance metrics, it's also important to
consider other factors such as training time, computational
resources required, and ease of implementation when selecting a
model for brain tumor segmentation.

The 3D U-Net model has been shown to have a longer training
time and requires more computational resources compared to the
other models. However, it has the advantage of being specifically
designed for medical image segmentation tasks and has shown
strong performance on various datasets.

PSPNet and DeeplLabV3+ have been widely used in other
computer vision applications and have shown good performance on
medical image segmentation tasks as well. They also have the
advantage of being less computationally intensive compared to the
3D U-Net model.
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ResNet50 is a widely used architecture for various computer
vision tasks but has shown to be less effective for medical image
segmentation tasks. However, it has the advantage of being easy to
implement and requires less computational resources.

Overall, the choice of model for brain tumor segmentation
depends on the specific requirements of the task, including the
extent of the dataset, accessible computational possessions, and
desired performance metrics. The performance metrics and other
factors discussed above can help guide the selection process.

Table 8: Comparison of computational requirements for different
models

Training
Number of Time GPU Memory
Model Parameters  (hours) Required (GB)
3DU-Net 31.0M 24 125
PSPNet 63.4 M 12 6.5
DeepLabV3+ 544 M 10 8.2
ResNet50 235M 8 5.1

The choice of model for brain tumor segmentation depends on a
variety of factors, counting the extent of the dataset, existing
computational possessions, desired performance metrics, and ease
of implementation. The performance metrics, computational
requirements, and ease of implementation for different models can
help guide the selection process. Overall, it is important to note that
no single model is the best choice for all scenarios. The best model
for a specific task depends on various factors, including the
available data, the size of the dataset, the desired performance
metrics, and the available computational resources. It is important
to compare multiple models and evaluates them on the same dataset
to determine the best choice for the specific task at hand. Brain
tumor segmentation is an important task in medical image analysis,
and deep learning models have shown promising results in this area.
The 3D U-Net, PSPNet, DeepLabV3+, and ResNet50 models have
been evaluated for brain tumor segmentation on the BRATS 2018
dataset in this paper. The 3D U-Net model showed the best
performance in terms of all the evaluation metrics, but it also has
the highest computational requirements and implementation
difficulty. PSPNet and DeepLabV3+ showed similar performance
and are less computationally intensive compared to the 3D U-Net
model. ResNet50 showed lower performance compared to the other
models, but it’s far less difficult to enforce and requires much less
computational assets.

Based on the results and analysis presented in this paper, the
following findings can be summarized:

e The 3D U-Net model showed the best performance in terms
of all the evaluation metrics, including Dice score,
Sensitivity, Specificity, and Hausdorff distance.

e PSPNet and DeepLabV3+ showed similar performance and
are less computationally intensive compared to the 3D U-
Net model.

o ResNet50 showed lower performance compared to the other
models, but it is easier to implement and requires less
computational resources.
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CONCLUSION

The study's findings highlight the potential of deep learning
models for segmenting brain tumors and offer researchers and
practitioners a road map for choosing the best one for their specific
needs. This paper presented a comparative study of four popular
deep learning models, including 3D U-Net, PSPNet, DeepLabV3+,
and ResNet50, for brain tumor segmentation using multi-contrast
MRI images. A thorough evaluation of multiple models is
recommended to determine the best choice for the specific task at
hand. The best result was obtained by the 3D U-Net model, which
had a DSC of 0.90, HD of 10.69mm, and AVD of 11.15%. The
PSPNet model achieved comparable performance, with a DSC of
0.89, HD of 11.37mm, and AVD of 12.24%. The DeepLabV3+ and
ResNet50 models achieved lower performance, with DSCs of 0.85
and 0.83, respectively. Deep learning models have shown
promising results in brain tumor segmentation, and the 3D U-Net
model has been found to be the best performer on the BRATS 2018
dataset. The study provides insights into the performance of
different deep learning models and can guide researchers and
practitioners in selecting the best model for brain tumor
segmentation tasks.

The data augmentation methods significantly enhanced the
presentation of all models, particularly the 3D U-Net and PSPNet
models. The rotation, scaling, and flipping operations were found
to be the most effective augmentation techniques. The transfer
learning technique, where the models were pre-trained on
ImageNet dataset, also significantly improved the performance of
all models, particularly the DeepLabV3+ and ResNet50 models.
The 3D U-Net model with data augmentation and transfer learning
is suggested for brain tumor segmentation using multi-contrast
MRI images based on the findings and analyses.

The study has some limitations, including the use of a single
dataset and the limited evaluation of hyperparameters. Future
studies should address these limitations and evaluate the models on
different datasets to ensure the generalizability of the findings.
Additionally, the use of other evaluation metrics, such as F1-score,
precision, and recall, can provide a more comprehensive
assessment of the models. Optimizing the hyperparameters, such as
the learning rate, batch size, and regularization, can also enhance
the presentation of deep learning models.
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