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Deep iterative fusion network on skull removal of

brain magnetic resonance images

Yao Fazhan, Li Zhi, Wang Lihui, Cheng Xinyu, Zhang Jian
Key Laboratory of Intelligent Medical Image Analysis and Precise Diagnosis of Guizhou Province,
School of Computer Science and Technology, Guizhou University, Guiyang 550025, China

Abstract: Objective Magnetic resonance imaging (MRI) is frequently used in clinical applications. Tt is a common means
to detect lesions, injuries, and soft tissue variations in neural system diseases. Skull removal is an important preprocessing
step for brain magnetic resonance ( MR) image analysis. Iis purpose is to remove nonbrain tissue from the brain MRI,
thereby facilitating subsequent extraction and analysis of brain tissue. The MR images acquired using clinical scanners inev-
itably have blurring or noise characteristics due to the complexity of brain tissue structure and the effects of equipment noise
and field offset. Differences also exist in the anatomical structure of the brain tissue for different individuals, which cause
difficulties in the skull segmentation in brain MR images. Most traditional methods for skull segmentation are incompletely
automatic and often require the operator to use the mouse and other tools to determine the center point of the region of inter-

est and adjust the parameters manually. The current automatic skull segmentation method does not require human-computer

5 B 87 :2020-05-29 ; 1& 8] A #A :2020-06-29 ; 71 B 2 H #7 :2020-07-05
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interaction but has poor adaptability, and satisfactory segmentation results in different MR images are difficult to achieve.
On the contrary, the deep learning-based method exhibits advanced performance in multiple segmentation tasks in the field
of computer vision. Therefore, we propose a deep iterative fusion convolutional neural network model ( DIFNet) in this
work to realize skull segmentation. Method The main structure of DIFNet is composed of an encoder and a decoder. The
skip connection between the encoder and decoder is realized by multiple upsampling iterative fusion, which means that the
input information of one decoder layer comes from not only the same layer but also the deep layers of the encoder. The
encoder consists of several residual convolution blocks, which allow the shallow semantic information to flow into deep net-
works to avoid gradient vanishment. The decoder is composed of double-way upsampling modules. The feature maps genera-
ted from the double-way upsampling modules are added as real outputs through deconvolution operations with different
receptive field sizes. This process enables to restore the image details effectively by adding multiple scale information. The
internal data enhancement method is adopted to enhance the generalization capability of the model. First, the image is ran-
domly scaled, in which the interval of scaling factor sets is determined in accordance with the ratio of the original image size
to the output block size. Then, a center point is randomly selected in the scaled image, and the cutting area is determined.
Lastly, the cut image patches are fed into the network for training. The Dice loss function embedded with an L2 regulariza-
tion item is used to optimize the model parameters and overcome the overfitting problem. We use two datasets in this work
to evaluate the accuracy and robustness of the proposed model. Each dataset has a brain segmentation mask provided by a
professional doctor as the gold standard of the model. One dataset is NFBS (neurofeed back skullstripped) , from which a
part of images are used for testing (the ratio of the training dataset to the test dataset is 4 : 1) . The other dataset is
LPBA40 (loni probabilistic brain atlas 40) , which is used as an independent dataset for testing the generality of the mod-
els. For quantitative analysis, the Dice score, sensitivity, and specificity are used in this work. Result For the NFBS data-
set, the method in this paper obtains the highest average Dice score and sensitivity of 99. 12% and 99.22% , respectively,
compared with U-Net, U-Net with residual block ( Res-U-Net), and U-Net with double-way upsampling modules ( UP-
U-Net) . The Dice score is increased by 1.88% , 1.81% , and 0.6% . The sensitivity and septicity are increased by at
least 0. 5% compared with the U-Net model. The segmentation results of the model are similar to the manual segmentation
results of experts. The model trained with the NFBS dataset is applied directly to the LPBA40 dataset to verify the segmen-
tation capability of the model. The Dice value obtained in the test experiment is up to 98. 16% . By contrast, the Dice val-
ues of U-Net, UP-U-Net, and Res-U-Net are 81. 69% , 77.34% , and 76. 42% , respectively. Compared with these mod-
els, our proposed model is robust. Conclusion Experiments illustrate that the internal data augmentation and deep iterative
fusion make the proposed model be easily trained and acquire the best segmentation results. The deep iterative feature
fusion can guarantee the robustness of the segmentation model.

Key words: convolutional neural network ( CNN) ; skull segmentation; brain magnetic resonance image ; deep iterative fu-

sion; data augmentation
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Table 1 Quantitative comparison of multiple
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Tk Dice fH ~ REE HRIE  SHM
BSE 0.9229 0.8839 0.986  —
BET 0.8931 0.9098 0.978 1 —
ROBEX 0.9521 0.9636 0.9931 —
2D U-Net 0.9724 0.9856 0.9836  8.63
Res-U-Net 0.9731 0.9871 0.9828  9.75
Up-U-Net 0.9852 0.9853 0.9944 8.8l
ASC(DIFNet)  0.9912 0.9922 0.9950  11.39
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Ik Dice {f RIYE 5t
BSE 0.830 5 0.8319 0.902
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U-Net 0.816 9 0.837 6 0.943 3
Up-U-Net 0.773 4 0.792 1 0.867 8
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7R3 (DIFNet) 0.981 6 0.9814 0.992 8
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