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Abstract

In this paper, we extended our work from Global U-Net combined with fuzzy

amalgamation of Inception Model and Improved Kernel Variation for MRI Brain Image
Segmentation [1] which was meant for single modality MRI images only to a brain tumor
fuzzy segmentation. Many CNNs gives state of art results for a particular type of images.
However, they cannot achieve the same result for the images captured from different imaging
techniques. We experimented the Global U-Net model for MRI images earlier and this time

we intended to make it applicable for other type of images too using the concept of fuzzy

segmentation. The major concern was to overcome the limitations of single modality system
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that is not all the kernels of U-Net are capable of generating clear feature vectors for different
image modalities. The result generated was satisfactory and we would further extend it for
colored images.

Subject Classification: 68U10.
Keywords: U-Net, Multi-modality, Fuzzy image segmentation, Pooling layer, Aggregation block.

1. Introduction

Biomedical imaging currently employs a number of different
techniques, including CT, MRI, X-rays, and others. Because of its pure
imaging technology, MRI and CT scan are usually superior than other
tactics, particularly for brain imaging. Even while there are associated
good artifacts, we also have methods to lessen these artifacts. MRI
collections can be T1, T2, or FLAIR series. The CSF appears moderate in
the T2 sequence but dark in the T1 MRI collection. The FLAIR MRI
sequence bears a striking resemblance to T2. On the other hand, the echo
and repeat times are longer. In order to identify tumor cells, scientists and
technocrats have focused their efforts on creating environmentally friendly
methods for automatically segmenting CT and MRI images.. Among all
the previous techniques, deep learning is the most popular and cutting-
edge. The automatic segmentation problem is partially resolved by neural
networks. As a result, CNNs like ResNet, V-Nets, and U-Nets are garnering
a lot of interest in the industry. Segmentation is one of the most important
processes in image processing, which is the methodical manipulation of
virtual images. It splits the target image into several parts, and each of
those parts has good records for texture, pixel density, and other
characteristics. As a result, each piece wants to be isolated from the others,
and in order to achieve this isolation, we require a reliable way to identify
the individual parts. Therefore, the hardest task before starting the
segmentation system is selecting an appropriate and satisfactory
segmentation process. Furthermore, a model need not produce the same
outcome for all kinds of photos. For instance, a model might function well
with MRI scans but not with CT scan images, and so on. When we
compared our model’s output to that of traditional U-Net and our
previously altered Global U-Net[1], we found that when multimodality
was involved, our model outperformed the others in the given dataset and
constraints. The unique component of image processing and clinical image
segmentation is where we applied our version. The image is divided into
multiple parts, each of which offers useful details on the image’s texture,
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pixel depth, and other aspects. Every portion therefore wants to be isolated
from other segments, and in order to achieve this isolation, we need a
corporate method for identifying the component pieces. Thus, the most
difficult task before beginning the segmentation process is selecting an
excellent, ideal segmentation approach. Biomedical imaging can be
achieved by a variety of methods nowadays, like CT, MRI, X-rays, and
more. Because of its simple imaging methodology, MRI typically
outperforms the other methods when it comes to mind imaging. Even
though there are some related artifacts, we also have techniques to reduce
those artifacts. An MRI sequence could be FLAIR, T1, or T2. In an effort to
find tumor cells, researchers have expanded methods for automatic MRI
and other model picture segmentation. Deep learning-enabled neural
networks eliminate the headache of automated segmentation to produce
superior outcomes. Nonetheless, multimodality remains a problem in the
majority of image processing domains.Empirical techniques are utilized to
understand the efficiency of the final image obtained, whereas analysis
techniques are used just for image segmentation. While empirical
approaches are highly efficacious, they are not without restrictions.
Specifically, the need for outcome, input, and reference to be in one place
adds to the framework’s complexity. Through a detailed comparison of
the input images and output images, these methodologies perform
performance analysis to determine how effective the segmentation
methodology was.

2. Related Work

The term image segmentation has caught the eyes of researchers in
the recent years. Around 18000 articles are published since 2019 till date
on this topic in various areas of biomedical imaging. In early years of
image segmentation, the main focus of researchers was to find the ROI
within the image and then analyse it on the basis of limited number of
features based on texture, region and edges etc. [2][3]. The use of neural
network has allowed the researchers to transcend in the area of image
segmentation and classification [4]. Various recent approaches have been
combined with the neural network to give rise to RCNN, VNet, UNet, Fast
RCNN etc. [5][6][7]. The Fast RCNN for example firstly draws out the ROI
from the whole image and then the output is fed to the Convolution Neural
Network to extract the features of the image under interest and finally
these features are exposed to SVM classifiers. The pooling layer present in
the neural network pulls the maximum features out of input and thus
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makes the network work faster. In UNet, the approach was different where
the researcher used the concept of extraction and compaction of the input
image. Also, the skip connections helped to match the features faster [8].
Another modification was done by the authors of [9] wherein they
implemented the UNet with inception and variant filters in each layer.
They also incorporated accretion block to reduce the gradient descent
problem that existed in traditional UNet due to deep hidden layers. The
literature survey proves that all results vary drastically when we switch a
neural network from one modality to another [9]. In [10] the author has
worked on multi-modality CNN for image segmentation. The author has
mentioned some key features of the the developed CNN as identifying the
features and its use to classify the image into different classes for images
belonging to multi modal systems. They also claimed that the model
worked for visible images, Infrared images and X-ray images. The
comparision was done based on Dice score(0.96 for heart image and 0.78
for Esophagus) and the results shown clearly depicted that the new
method gave better results under the given condition of multi- modality.
Figure 1 exhibit the collation of Mast RCNN and the modified Mask
RCNN for CT images by the authors of [11][28].

Another work under the researchers of [12] mentioned an approach
for 3D multi modal images. The experimented their idea on MRI and CT
images to segment brain tumor. They divided the network in levels of
input and decision-making levels. For this, the setup required was NVIDIA
QuADro P2000 GPU and Intel Xeno Silver 4108 CPU. The results were
based on Global accuracy, loU or Jacquard score and BF score for both the
types of images. In The MRI dataset was added with synthetic CT images.
These synthesized CT images were generated by using UNet architecture.
They achieved the state of art result like other efficient methods and they
also mentioned multi class segmentation as the future scope of the model.
Table 1 shows the comparison of multi-modal image segmentation
including different organs with Thoracic Auto Segmentation Challenge. In

Table 1

Comparison of Multi-modal image segmentation model with Thoracic Auto
segmentation Challenge model. Source:[11]

Left lung | Right Lung | Heart| Esophagus | Spinal cord
Yang et al (2018) 0.97 0.97 0.93 0.72 0.88
Pemasiri et al(20121) 0.97 0.97 0.96 0.78 0.91
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[13][14], the authors also dealt with 3D biomedical images and their
segmentation. The key updates performed in their model which is
considered as the modified version of UNet were:

A. The used Swin Transformer in both the sides of UNet that is encoder
and decoder. In other modified versions of UNet the attention layers
were used.

B. This Swin Transformer is combined with CNN which forms the
network for segmentation process.

The architecture of the underlined model is shown below in Figure
1.The architecture clearly shows that the CNN is added to the transformer
model. Also, the use of skip connection helps to map the features of the
image from input to the output. Another thoughtful implementation
could be seen in [15][16]. Here, the primary concern is to store the local
and global information in the encoder side. The loss of local information
results in poor image segmentation. This can be avoided by using an
aggregation block. This block is basically a size preservative block and it is
used at the bottom of the UNet architecture before decoding or upsampling.
Figure 2 shows the aggregation block used with combination of UNet.The
use of these aggregation block along with the inception model has proven
to give results equivalent to state of art results given by other CNNs [17].
The elementary research in this implicates the involvement of the inception
model for segmenting the MRI brain image[18][19].

AxHxWxD

Figure 1
UNETR architecture. Source[12]
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Aggregation Block for the implementation of Non local UNet

The authors also used the concept of variant or multiple sized filters
[20]. These filters of different sizes helped the UNet model to become
strenuous apropos the alteration in the scale.They firstly drew the
activation featuresin detail. These features were applied to the whole
image and also upon the small patches of variable size from the image.
The output gained from each filter is then forwarded for batch
normalisation (BN) [21][22]. Thereafter, the output of Batch Normalization
is added to Maxout unit. In the end, activations of each patch of the image
is pooled together by the help of Maxpool operation. Thus, the result is
obtained by the combination of Maxpool operation and inception model
parameters. Figure 3 represents the overall architecture of the Global UNet
Model”

Figure 3

Architecture of Global U-Net with inception model
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In another work [22] propoundedSegNet based non-linear multi
modal image segmentation focussing on gastral diseases. The model
involves bothdownsampling (consisting 13 conv layers) and
upsamplingsimilar to U-Net for multi modal image [23][24]. The advantage
of using this model was that even the images with low resolution could be
mapped.

3. Proposed Model

We have extended our work and tried to incorporate the segmentation
of multi modal images by changing some of the paradigms in the former
model. The modification made earlier in [1] were variable size filters, use
of Maxout function [25] as an activation function and incorporation of
Batch Normalization [26]. The convolution layers involved has similar
approach as in Global U-Net Inception Model. Apart from this, all these
three paradigms mentioned above are also maintained in this proposed
model too. The changes made further are as follows:

a. We have made a provision to link together the features gained based
on the variable size filters/kernels. This gives us the new feature
which can be used for different modalities, CT scan and MRI images
in this case. This could be achieved by focusing on the number of
kernels in each convolution layer.

b. Onemore change in the Global U-Net was done here which is related
to the input fed prior to Maxpool. After gaining the individual
features from each convolution layer, the features are resized to
128x128 during Batch normalization. This gives the infused output
when the features are linked together.

c. Instead of using the self- attention as in [27], we have here used the
cross-attention block. The cross-attention block like self-attention
helps to preserve the features without degrading the image at the
exchange point of the encoder and decoder. This not only solves
the image resolution issue but also saves the details from each layer
which could be utilized by the decoder side.

These changes when applied to the Global U-net gives results for the
multi modal images too. We have also compared the accuracy for our new
proposed model and Global U-Net along with other models too for image
segmentation. The comparison table and the results are shown in the
Result section of the article.
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4. Machine configuration and training detail

The proposed U-Net consists of four GI U-Net (Global Inception

U-Net), where two vestigial modules. Figure 4 and Figure 5 shows the two
modules.

[ Batch ion-Maxp |

3x3x3 Conv+Maxpooling

| Batch Normalization+Maxpout |

- 3x%3x3 Conv+Maxp

Figure 4
Vestigial Module of the proposed model

Figure 5
Cross attention block at the bottom of the proposed model

The overall architecture of the proposed model in shown in Figure 6.
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Figure 6

Architecture of our proposed model applicable for multi-modal image
segmentation
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The first and foremost task is to find out the number of filters required
for specific image. This gives the opportunity to add features to the output
image of each layer. After gaining the featured images the batch
normalization is applied to resize the images. This result then goes for the
Maxpool operation to gain the maximum out of it. We express the skip
channel as follows: let represent the output of node Z, where i represents
the down-sampling layer throughout the encoder and j represents the
convolution layer of the dense block across the skip channel. The collection
of feature maps denoted by is calculated as

S = {Z(x”'f) j=0 1)

zqZ4 7, 2 (247 j>0

5. Datasets

Two sets of datasets are used here. One for the MRI images and the
other for the CT Scan images. The MRI images are extracted from
BRATs2020 and the CT Scan images were extractedfrom4500 2D CT slices
etPreoperative MRI scans from many institutions are used in BraTS 2020,
which principally focuses on the segmentation of gliomas, which are
intrinsically heterogeneous brain tumors.It also focuses on the prediction
of patient overall survival and the differentiation between
pseudoprogression and true tumor recurrence via integrative analyses of
radiomic features and machine learning algorithm,in order to pinpoint the
clinical relevance of this segmentation task.

6. Result

The Dice score was calculated and compared with the previously
developed model with single modality as well as multi-modality too.
Apart from training our model, we trained the U-Net, Global U-Net and
F-S-Net. The models were compared upon the Dice score, Ablation
analysis. Apart from these, we used certain parameters like Accuracy Rate
(ACCQ), Loss Function and Predictive Value (PV). Further the optimization
was done using Adam Algorithm to gain the better results.The table
clearly shows different parameters on the basis of which the models like
U-Net, Global U-Net, F-S Net and Improved Global U-Net are compared.
Figure 7 represents the precise location of the tumor using Improved
Global U-Net.
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Table 2
Comparison between various versions of U-Net along with F-S Net
Model Dice Score ACC PV
U-Net 0.8532 0.9823 0.8012
Global U-Net 0.9856 0.9871 0.9976
F-S Net 0.9927 0.9916 0.99781
Improved Global U-Net 0.9935 0.9955 0.99813

It is percitible that the Improved Global U-Net has better conduct
than the rest of the models taken under consideration. The Dice score is
close to 1 which clearly pictures the pixel match.

The parameters of the Table 2 are calculated as follows:

Dice Score = 2xTrue _ Positive (2)
2xTrue _ Positive+False _ Negative+False _ Positive
ACC True _ Positive+True _ Negative (3)

- True _ Positive+False _ Positive+False _ Negative+True _ Negative

True _ Positive
PV = True _ Positive+False _ Positive (4)

Input image Filtered image Bounding Box

100

tumor alone Tumor Outline Volume= 647 and Area= 917

Figure 7

Locating the ROI with respect to brain tumor for MRI image using Improved
Global U-Net

Figure 8 shows different division of Class 1 and Class 2 with respect
to Training, Validation and Testing ROC for two parameters (True positive
and False positive). The figure clearly depicts the clear classification of the
classes along the regression line. Another result which is the histogram of
several instances versus errors.The errors are considered as the Target (the
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Training, Validation and Testing ROC for two parameters (True positive and
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accurate result) minus the actual output gained for the CT Scan images of
brain tumor.
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Figure 9

Training, Validation and Testing ROC for two parameters (True positive and

False positive)

Figure 9 represents the graphical representation of Error identified.
We have taken 20 bins into consideration here. This can be again observed
that the number of errors was significantly minimal even if the number of
instances were increased using the Improved Global U-Net.

7. Conclusion with Future Scope

The whole procedure of image segmentation for biomedical images is
extremely pivotal particularly in the early time of the illness or during the
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Best Validation Performance is 0.53207 at epoch 43

Train
Validation
Test
Best

Cross-Entropy (crossentropy)
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1000 Epochs

Figure 10

Training, Validation and Testing ROC for two parameters (True positive and
False positive)

early signs of the disease. Figure 10 represents the Cross-Entropy achieved
for the model for finding the validation performance. Numerous illnesses
can be restored on the off chance that they are analysed appropriately and
precisely. Hence, Image segmentation especially in case of biomedical
images is one of the quickest developing spaces of exploration today.
Different models are created and proposed under this area. Among them,
U-Net is exceptionally well known as a result of its extensive variety of
proficiency and properties. We advanced the U-Net and proposed
Improved U-Net. We have applied the model to the MRI as well as the CT
Scan images of the brain to segment the tumor area in the image and got
the results that were satisfactory in terms of the errors and target output.
The model could stand for both types of the images. The result section
shows the training, validation and testing parameters and we could see
that the difference between the all the three parameters were close to each
other and the results were satisfactory. Among many, the significant
constraint of U-Net is the gradient descent issue which emerges by adding
additional pooling layers. The expansion brings about angle issue as well
as makes the restriction issues. In due course, we utilized the Cross
attention block to determine the issue and furthermore integrated the
beginning model into our proposed model. Together with the Global
U-Net model, these approaches resolve the problems of upsampling
complexity and spatial data deficit.
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