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Multi-level parallel neural networks based multimodal human

brain tumor image segmentation framework

Ding Yi, Zheng Wei, Geng Ji’, Qiu Luyi, Qin Zhiguang
School of Information and Sofiware Engineering , University of Electronic Science and Technology of China, Chengdu 610054, China

Abstract: Objective Clinical-oriented magnetic resonance imaging (MRI) has its priority to analyze human brain tumors

in relevance to such fields of MRI brain images of Flair, T1, Tlc, and T2 modalities. The glioma can be oriented as the
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most common type of brain tumor for adults nowadays. Due to the features of its anatomical structure, such of lesions can
be visually clarified in terms of MRI images analysis. The difference between medical treatment and scarcity of medical
expertise are required of computers-assisted diagnosis and treatment. Recent deep learning technology for brain tumor seg-
mentation has demonstrated its great potential for brain tumor image segmentation. In addition, to improve the segmenta-
tion accuracy of brain tumor images further, current literature reviews are focused on optimization of network feature extrac-
tion ability via an extraordinary network structure, and brain tumor images information are related to its multi-resolution
information, spatial multi-view information, information post-processing, and symmetry information. Various of deep neu-
ral network (DNN) models have been developing in computer vision in recent years, such as Visual Geometry Group Net-
work (VGGNet) , GoogleNet, ResNet, and DenseNet. The DNN model mentioned above can facilitate the development of
deep learning-based brain tumor diagnosis methods. To extract feature information in brain tumor images more effectively,
we develop a multi-level parallel neural networks based multimodal brain tumor image segmentation framework further.
Method To enhance the ability of feature information extraction and expression, this framework is facilitated derived from
the existing network backbone, and the feature information of brain tumors can be extracted and fused adaptively via a
multi-level parallel feature extraction module and parallel up-sampling module. Deeper features can be extracted in the
depth of the network and iterate multiple backbone network branches for feature extraction in parallel. The layer-by-level
connection of the neural network can not only broaden the width of the neural network but also mine the depth of the neural
network. As a result, multi-level parallel feature extraction structure has its stronger and richer nonlinear representation
capabilities than the single-level feature extraction structure, and more complex mapping transformations are fit into more
complex image features as well. To preserve the richness of features, hierarchical parallel feature extraction structure has
sufficient network width to extract various attribute information of images, such as different colors, shapes, spatial relation-
ships, textures, and other related features. Furthermore, inspired by long connected structure of U-Net, a multi-level pyra-
mid long connection module is melted into the network to fully achieve the integration of the input features of different sizes
and improve the transmission efficiency of feature information. The richness of the feature is enhanced in terms of multi-
level pyramid long connection module. Meanwhile, the input end of the multi-level pyramid long connection module can be
used to fully analyze the information fusion between layers of different sizes. All of them can alleviate the loss and deforma-
tion of image information to a certain extent, which can improve the propagation efficiency of features of the same size at
both ends of a long connection. It can affect the segmentation accuracy of multimodal brain tumor images ultimately.
Result To verify the overall performance of the algorithm, an evaluation is first carried out on the testing set of the public
brain tumor dataset BraTS2015. The average Dice scores of the proposed algorithm in the entire tumor, tumor core, and
enhanced tumor areas can be reached to 84%, 70%, and 60% of each. It can optimize segmentation duration to less than
5 s farther. Some other related comparative experiments are linked to such modules of feature extraction, up-sampling, and
the pyramid long connection, and the effectiveness of each module is compared with the backbone method as well. An
experiment is conducted on the BraTS2018 validation set. The proposed algorithm can achieve average Dice scores of
87%, 76%, and 71% of each. Compared to the backbone method, it illustrates higher average Dice scores of 8. 0%,
7.0%, and 6. 0%. Conclusion We extend the common network backbone and propose a multimodal brain tumor image seg-
mentation framework based on a multi-level parallel neural network. We develop a multi-level parallel expansion at the
same time. The hierarchical pyramid long connection module can be used to optimize original long connection model-
derived multi-scale and receptive field-relevant unclear information, and the richness of features can be improved as well.
Multi-level parallel neural network-based segmentation framework is demonstrated to optimize segmentation accuracy and
efficiency.

Key words: multimodal brain tumor image; multi-level parallelism; deep neural network (DNN) ; feature fusion; seman-

tic segmentation
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Fig. 1 Illustration of multimodal brain tumor image segmentation framework based on multi-level parallel neural network
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Fig. 2 Illustration of multi-level pyramid long connection module
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Table 3 Performance of Dice on different levels of parallel
feature extraction modules on the BRATS 2015 dataset

JFHMA e RO SRR S 8100
j=1 0.82 0.67 0.57 3.344 1
j=2 0.83 0.68 0.58 7.001 2
j=3 0.83 0.69 0.59 10.068 3
j=4 0.83 0.69 0.58 13.135 4
j=5 0.84 0.69 0.58 16.202 4
ResNet-50  0.83 0.68 0.55 30.356 0
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Table 4 Performance of Dice on different levels of parallel
up-sampling modules on the BRATS 2015 dataset
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Table 5 Performance of Dice with or without the multi-level pyramid long connection module on the BRATS 2015 dataset
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Table 6 Compare with other methods on the BRATS 2015 dataset
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Kamnitsas % A (2017) 0.85 0.67 0.63 <305
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Fig. 3 Verification results on the BRATS 2018 dataset
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Table 7 Comparison of Dice with other methods on the

BRATS 2018 dataset
i SERENME RO SR
Tuan % A (2018) 0.81 0.69 0.68
Rezaei 5 A\ (2017) 0.84 0.79 0.63
Rezaei 5 A (2018) 0.81 0.64 0.61
Zhou % A (2020) 0.84 0.75 0.72
Benson % A (2018) 0.82 0.72 0.66
T 0.79 0.69 0.65
AL 0.87 0.76 0.71
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