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[ Abstract] Aiming at the problems of traditional and deep learning—based brain tumor MR image segmentation methods such as
low accuracy and loss of feature information. This paper proposes an algorithm of multi-scale feature fusion full convolutional neural
network brain tumor MR image segmentation. The algorithm first performs normalization and other processing on the four modalities
of brain tumor MR images. Next, the results will be obtained through multi—scale feature fusion full convolutional neural network
(MFF-FCN). The network is based on the full convolutional neural network, introduces 5x5 and 7x7 convolution kernels as the
other two paths to improve the feature information extraction ability of the model. The experimental results show that the MFF-FCN
network model has better performance in feature extraction and segmentation accuracy. Especially in the whole tumor and edge
segmentation, the Dice, Sensitivity, and PPV indicators have been significantly improved. The average segmentation time of a single
brain tumor MR image is less than 1s, which is more practical.
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Tab. 1 Structural parameters of MFF-FCN network model

Layer name Kernal Pad Stride Output—Size
First passage input 240%240 100 —_— 440x440
Convl 3x3x64 1 1 440x440x 64
pooll 2X2x64 0 2 220%220x64
Conv2 3x3x128 1 1 220%220x128
Pool2 2x2x128 0 2 110x110x128
Conv3 3Xx3x256 1 1 110x110%256
Pool3 2X2x256 0 2 55%55%256
Conv4 3x3x512 1 1 55%55x512
Pool4 2x2x512 0 2 28%28x512
Conv5 3x3x512 1 1 28x28x512
Pool5 2X2x512 0 2 14x14x512
Convb 7x7%x4 096 0 1 8x8x4 096
Conv7 7x7x4 096 0 1 8x8x4 096
Second passage input 240%240 100 — 440%x440
Convl 5x5%x64 2 1 440%x440%x64
pooll 2x2x64 0 2 220x220x64
Conv2 5%5%128 2 1 220%220x128
Pool2 5%5%128 0 1 110x110%x128
Conv3 5x5%256 2 1 110x110%256
Pool3 2x2x256 0 2 55%55%256
Third passage input 240%240 100 —_— 440x440
Convl TxTx64 3 1 440x440%x64
pooll 2Xx2x64 0 2 220%220x64
Conv2 TxTx128 2 1 220%220x128
Pool2 2x2x128 0 2 110x110x128
Conv3 TxTX256 3 1 110x110x256
Pool3 2x2x256 0 2 55x55%256
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Fig. 2 Degree of training loss in the optimal MFF-FCN mode
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Tab. 2 Segmentation performance evaluation of different algorithms

Dice Sensitivity PPV
Jrik KR
wT ET TC wT ET TC wT ET TC
FCN-8s BraTs2018 0.84 0.75 0.83 0.86 0.78 0.91 0.85 0.76 0.85
Pereira 2! BraTs2015 0.88 0.77 0.83 0.89 0.81 0.83 0.88 0.74 0.87
Shen!®! BraTs2013 0.87 0.75 0.82 0.89 0.80 0.79 0.85 0.72 0.87
Havaeil %) BraTs2015 0.88 0.73 0.79 0.89 0.68 0.79 0.87 0.80 0.79
Davy[”] BraTs2014 0.85 0.68 0.74 0.85 0.77 0.78 0.85 0.62 0.74
.MFF-FCN BraTs2018 0.86 0.76 0.84 0.89 0.82 0.85 0.88 0.79 0.84
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AT BRI FON - 8s 73k, [ 4 J 4 30 0k I !

Sensitivity Xf HLHTZE A

3 &E% Dice XfLLITLE
Fig. 3 DICE comparison line chart of each algorithm
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