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Medical imaging is a non-invasive technique that has caused
significant development in diagnosing and identifying human
diseases. Among all medical imaging techniques, magnetic resonance
imaging (MRI) is more popular. This method is not harmful to human
health and can perform imaging of human brain details with high
quality. Correct segmentation of brain tumours in MR images is very
important. Traditional methods for segmenting medical images are
time-consuming and require high expertise. Deep learning methods
for brain tumour segmentation from MR images usually use normal
convolution layers, in which they will not have the capability of
distinguishing micro-scale and large-scale structures. In this research,
anew method based on deep learning for brain tumour segmentation
on MR images is presented. The proposed method is a generalization
of the famous U-Net architecture, with the difference that the
Inception module is used instead of normal convolution layers. Due to
convolution kernels with different sizes in parallel, the Inception
module can extract small-scale and large-scale features from the
image. In the architecture of the proposed model, up-skin connections
were used to improve the information flow in the forward
propagation stage. In addition, a new pre-processing method based on
the image mode was presented in this research, which normalizes the
image intensity using the image mode. The proposed method was
evaluated on the BraTS 2022 dataset and the accuracy results
obtained for the Dice similarity coefficient with a value of 0.91 indicate
the improvement of the detection accuracy. The evaluation results
show that both hypotheses presented on the effect of high jump
connections in improving the flow of information and learning are
correct, and the use of the Inception module significantly improved
the evaluation criteria of the model.
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EXTENDED ABSTRACT

Introduction

MRI is used in different fields of studying and diagnosing brain structures and tissues.
However, the analysis of medical images is a complex task, because they contain a large
amount of information, and in some cases, destructive effects such as noise make it difficult
to extract the desired information from these images. In this study, an automatic method for
brain MR image segmentation based on U-Net architecture was proposed, which can
segment brain MR images with high accuracy compared to other similar methods. Since the
use of kernels with the same size in conventional convolutional neural networks (CNN)
cannot consider the desired areas with different sizes. In this research, a new deep learning
architecture based on U-Net architecture was presented, in which Inception blocks are used
instead of simple convolutional layers with kernels of the same size. Since each Inception
module includes parallel convolutional layers with different kernel sizes, different
structures with different scales can be recognized. In short, the proposed model for brain
MR image segmentation uses a U-net architecture based on Inception. Implementation and
evaluation of the proposed method were carried out on BraTS 2020 database images. The
innovation of the proposed method compared to the usual U-net architecture is the use of
the Inception module and the addition of Up skip connections to improve the training
process and increase the accuracy of the model. Furthermore, in this research, a new
preprocessing method based on the stable intensity normalization method based on the
image mode was proposed. The proposed preprocessing method normalizes the image
intensity by subtracting the image mode (for example, the grey value of the highest column
in the intensity histogram).

Methodology

According to the obtained sub-parameters, the structure of the final proposed U-Net
model included 9 Inception blocks, each block containing 2 layers. Each layer also contains
a number of Inception modules, according to the setting of these parameters, the complete
structure of the proposed model was obtained according to Figure 1.
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Figure 1 The architecture of the proposed U-Net model.

In the present research, to increase the capacity of the model to segment and optimize
its performance, the Inception module was used in the U-Net architecture. The Inception
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module demonstrated that it can improve the extraction of visual features with limited
computing capacity. In an Inception module, kernels 3 x 3,5 x5 ,7 X 7 were placed in
parallel and operated on a common input. In the end, the features obtained by all three
kernels were combined and added to the output of 1 X 1 kernel. The problem with the
typical Inception architecture is that the number of learnable network weights increases
significantly as the training process begins. Therefore, in this research, an alternative
architecture was used for the Inception module. In the alternative architecture, each 5 X 5
kernel was replaced by two 3 X 3 kernels. On the other hand, since each 7 X 7 kernel is
equivalent to three 3 X 3 kernels, three 3 X 3 kernels were used instead of one 7 X 7
kernel. Therefore, the alternative architecture is shown in Figure 2. In addition, batch
normalization was used in order to increase the speed of convergence and solve the
problems related to the training of deep models.
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Figure 2. Alternative architecture for the Inception module in this research.

Results and discussion

The proposed optimized U-Net model with 9 Inception modules once with up skip
connections (Inception-based U-Net + up skip connections), once with common skip
connections (Inception-based U-Net + skip connections) and once without any
connections Inception-based U-Net was trained with optimized sub-parameters. The
performance comparison results of these optimizer models are shown in Figure 3. As can
be observed, the proposed U-Net model with high hop connections (section c in Figure 3)
achieved the lowest training and validation error. Although the proposed U-Net model
with common up skip connections (section b in Figure 3) achieved a lower training error
than the proposed U-Net model without up skip connections (section a in Figure 3), its
validation error was higher.
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(a) Inception-based U-Net + up skip connections, (b) Inception-based U-Net + skip connections, (c) Inception-
based U-Net
Figure 3. Learning graph of proposed U-Net models.
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In Workgroup networks, the number of systems (computers) is limited. This is due to
limitations in Windows client versions. A view of the computer site space after hardware
setup is shown in Figure 3 from different angles. To make the comparisons more
understandable, the average values of the evaluation criteria were calculated on the
experimental data for the four mentioned segmentation methods as reported in Table 2.
This indicates the necessity of using the Inception module, because the Inception module,
as mentioned previously, creates the ability to extract small-scale and large-scale structures
by using convolutional layers with different kernel sizes and in parallel.

Table 1. Average results of evaluation criteria by different U-Net models proposed for segmentation of MR
images from BraT$ 2020 dataset.

Models Dice Sensitivity PPV  Jaccard
U-Net 0.864 0.851 0.832 0.884
Inception-based U-Net 0.878 0.859 0.856 0.894

Inception-based U-Net + skip connections 0.893 0.874 0.887 0.904
Inception-based U-Net + up skip connections ~ 0.913 0.894 0.916 0.924

Conclusion

In this research, a new method of brain MR image segmentation based on U-Net model
with an Inception module and up skip connections (Inception-based U-Net + up skip
connections) was proposed. Modifications to the regular U-Net model included replacing
the simple convolution layers with kernels of the same size as the Inception module and
adding high-hop connections. In addition to the above, a proposed preprocessing method
based on the N4ITK stable intensity normalization method was proposed in this research to
increase the comparability of MR images. The proposed method for brain MR image
segmentation was evaluated on the BraTS 2020 dataset and the results showed that
replacing the conventional convolution layers with the Inception module improves the
performance of the network. Moreover, the results obtained for the evaluation criteria
confirmed that the hypothesis stated on the effect of jump connections and high jump
connections on improving the performance of the predictive model was correct. The use of
the proposed pre-processing method based on the N4ITK stable intensity normalization
method in this research also improved the performance of the proposed model, because
when this pre-processing method is not used, the network performance showed an average
drop of 4.1 percent in the evaluation criteria.
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