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BraTS2020 VIl 25 A& 1 4 ¥ fii Jirb 96 A 500 247 U0 2, SR 0 At I 25 2 A R R X6 Bra T S2020 5 ik 4 254l #F 47
oy B e B oy B A5 R A8 & BraTS R ITAG 7 & HE AT - , SC g 25 i an e 2, w0, B IR fEET \WT.
TC I DSC 5 R 435 R 76.9% .89.4% 1 79.9% , F-¥{H R 82.1% , 51 A B T W 45 J5 76 — 4645 L4
BHETHT 0.2%.,0.5% M 0.4% EBMEHETE T 0.3% o ifF— 25 78 A4z SO0 I 26 rh V8 0 £ 5% 455 He L e il 4
2 N A AEET I WT BRI R 7 k8T 7 0.5% f10.7% , 76 TC B4y SR TH T 1% M 2.2% , 78F
P Lo 4R T T 0.7% A 1.1% G BT T SR FH % 19 b R e e i ek e L B e o e TR BRI
FhBLHe 5] A A BT 45 A MG2AN 43 BT fE ET WT A1 TC b B &5 55351 o0 78.2% .90.3% F1
82.6% V- Y¥IMH Jy 83.7% . HEEL 7L HEATX LAl de = 1 1.3%6.0.9% F12.7% I 1.6 20, kW] T
A KB I 2 B AL 5 T R G R A RO -

&2 BraTS2020 % iE &K H B SS I
Table 2 Ablation experiments on BraTS2020 validation dataset

DSC
Methods
ET WT TC Average

U-Net(baseline) 0.769 0.894 0.799 0.821
GU-Net 0.771 0.899 0.803 0.824
GU-Net+ Ghost 0.774 0.901 0.809 0.828
GU-Net+Mul 0.774 0.901 0.821 0.832
MG2AN ((ours) 0.782 0.903 0.826 0.837
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Table 3 Compared results with representative methods on BraTS2019 validation set

Methods DSC Hausdorff95
ET WT TC Average ET WT TC Average
Ref. [11] 0.707 0.878 0.779 0.788 - - - -
Ref. [14] 0.709 0.873 0.814 0.799 12.30 15.45 12.47 13.40
Ref. [15] 0.789 0.900 0.819 0.836 3.73 5.64 6.05 5.14
Ref. [17] 0.767 0.897 0.790 0.818 4.61 6.92 8.40 6.64
Ref. [23] 0.752 0.899 0.815 0.822 12.56 7.39 8.06 9.34
MG2AN 0.770 0.902 0.836 0.836 3.74 7.06 5.55 5.45
&4 BraTS2020iF% F SR [ MHFEILLER
Table 4 Compared results with representative methods on BraTS2020 validation set
Methods DSC Hausdorff95
ET WT TC Average ET WT TC Average
Ref. [12] 0.760 0.900 0.800 0.820 26.8 5.25 12.4 14.82
Ref. [13] 0.763 0.899 0.816 0.826 33.26 5.28 7.74 15.43
Ref. [15] 0.787 0.901 0.817 0.835 17.95 4.96 9.77 10.89
Ref. [18] 0.787 0.872 0.811 0.823 24.36 6.44 18.95 16.58
Ref. [23] 0.764 0.899 0.810 0.824 32.56 7.39 12.06 17.33
MG2AN 0.782 0.903 0.826 0.837 29.41 4.54 8.91 13.43

H 7 3 A7 1, MG2AN 7£ BraTS2019 % uE 4 b 43 4 ET . WT #l TC LAl L4531 77.0% .90.2%
83.6 0 ML A P HMH 1 83.6 %0 o FEIEAT LU A Ay ELAA fii Jir g 43 IR Y b, SCHlR T 1L 6t T V9 e 225 o B 1) 6% 412 B
FRAE S L, SCHR [ 14 ] 5% F— Fh Al & 352 2% pR B0 = 4 U-Net—+ + M2 JE 1743 #) , 55 3% S04 8 4 [t MG2AN 7
ET.WT M TC F#&A B B A8 GE L2 s A , SCHik [ 15] 3 T Transformer A9 I ifrsd 0 EI AR BAR LS R
4 7 A Y H T I S T MG2AN EURs iy 3H 5 % 05 5 U R (R R SRS e i 2 2R . 5 A R 4R
J X T 1 090 4% 11 i o 98 0 i 6 L, SCHR 17 1R AR 28 R = 4 FON B 25 BO6 BE 43 1) 19 28 2244, 78
ET .WT.TC Ef DSCIESHIIE76.7% .89.7% .79.0% , AR CHEAEET MWT 5 HMERK,(HE TC L
T Mg 4.9% , KigdeTt 776 TC B4 FIPERE. M T CHR[ 23] HAER X 45 3 T BraTS2021 §5 ik 4
M SEEG a5 T AR 3 4 S R 2L W% Z 5 T BraTS2019-2020 B il 4E iy 45 2% o SCHR[ 23 R H Al
VAT BEH =4k U-Net £ Ry A= A% 1 P 25 2848, A SC5 A2 ET FLTC 43 Bl 405 1.8%6 At 2.1 % , (R #H]
W LR R T AR EAS 7 R 45 B, MG 2AN 7E Hausdorffo5 25 i rh HE4 45 —  DSC 45 R HE 4 4 — IE B A
Tk B R s gk

FE BraTS2020 1 i 96 1] 45 56 Uk 4R (% X6F L S 36 25 2R rb | 55 SOk [ 12 TR0 SOk [ 13142 9 I 4% 3547 X 1L
MG2AN TEFE R BB B3 seah, 76 5 SOk [ 15 142 1 i 5 T Transformer ) TransBT S 55 7 %if
b B MG2ANTE WT A1 TC ) DSC{H _E AR — @ 5, 0 456 0.2% A 1.1% . B, 5 1k Rl g5
T A SO B R A5 4 01 o A, A AR X BT 4 ) 4 i b B, SCER [ 18] 48 i 4R
Pix2PixGAN" 1) JEAR 5 A i i 8 A5 o0t B0 2 50 190 4% v s Sk [ 23 14 Hh A i 5 R VAT B, fifi A il 28
A R G SeE A VAT B8 b 04T 0 Ak P 2 B0 30 g b AT 0 500 o AH LG T SR [ 23 104 AR 00T e i firb 96 4
FI 45 MG2AN 43 54 B {E 156 1.3% A1 1.4% . M Hausdorffo5 55 ' H ,MG2AN 7 WT L] LLik
454, 2 FTA MG TS — 2 GG PR EENA MG THES =4 SR, MG2AN 5 =A%
J7 R ARSI T R0 5 A e 3R BT 9% 0 ik M i e o B 55 A AR .
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6,

(a) Flair (b) Ground truth (¢) 3DU-Net (d) MG2AN

B 6 BraTS 20209 %4 % 2 | 4 & 7T L 7 6]
Fig.6  Visualization segmentation results on the BraTS 2020 training dataset
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Magnetic Resonance Imaging Brain Tumor Segmentation Using
Multiscale Ghost Generative Adversarial Network

ZHANG Muging"*, HAN Yutong'’, CHEN Bonian'*, ZHANG Jianxin'*
(1 School of Computer Science and Engineering, Dalian Minzu University, Dalian 116600, China)
(2 Institute of Machine Intelligence and Biocomputing , Dalian Minzu University, Dalian 116600, China)

Abstract: Brain tumors are abnormal cells that grow in the brain or skull, and malignant brain tumors
always cause great danger to the life and health of patients. Magnetic Resonance Imaging (MRI) can
produce high—-quality brain images without damage and skull artifacts, and it is currently one of the main
technologies for the diagnosis and treatment of brain tumors. Meanwhile, the automatic segmentation of
MRI brain tumor lesion regions is of great significance for the clinical diagnosis, surgical planning, and
postoperative evaluation of brain tumor patients. However, due to the complexity and diversity of brain
tumor images and the difficulty in obtaining the large—scale high—quality brain tumor segmentation dataset,
it 1s still a difficult task to achieve high—precision automatic segmentation of MRI brain tumors. In recent
years, with the breakthrough development of deep learning in computer vision tasks, it has also been
successfully applied in the field of medical image analysis, and has achieved significant performance
improvement in a number of medical image analysis tasks. Among them, U-Net, with its simple
architecture and high performance, has become a mainstream model to solve a series of medical image
segmentation tasks, including brain tumor segmentation. To this end, according to the advantages of the
U-Net network architecture, focusing on issues of large variation of tumor spatial information and small
number of finely labeled samples, a novel brain tumor image segmentation method, called Multi-scale
Ghost Generation Adversarial Network (MG2AN) , is proposed by combining U-Net with unsupervised
generative adversarial network. MG2AN leverages the 3D U-Net model as a generator to obtain brain
tumor segmentation results, and introduces 3D PatchGAN corresponding to multi-scale feature
information of the generator as a discriminator to judge brain tumor segmentation results and ground truth,
and the whole model is trained by adversarial learning. To improve the MRI brain tumor segmentation
effect, a ghost module is introduced in the encoding stage of the generator, so that the ghost image and
convolution feature map can be captured simultaneously during the convolution process, thus improving
the brain tumor generation results of the generator. Considering the computational cost and the degree
of information loss, the ghost module is only introduced in the final stage of the encoder. Meanwhile,
multi—scale feature fusion is proposed in the decoding process to obtain three different brain tumor
segmentation results for detail information, local information and global information, and then three
kind of feature information for different emphasis are fused to further boost the segmentation
performance in adversarial learning. To train the model, the loss of generated adversarial segmentation
network is first back—propagated during the training process, and the new loss value is calculated based on
the brain tumor segmentation results with the ground truth. Then, the two parts of the loss value are
combined into the final loss value to jointly supervise the network. In addition, considering the obvious
differences in grayscale and contrast of brain tumor images from different modalities, the Z—score method is
utilized to normalize the image data in preprocessing. Meanwhile, to reduce the influence of large amount of
useless background information in brain tumor images, the multi-modal 3D MRI brain tumor images are
randomly cropped to a size of 128 X 128X 128 as the input of the network. The data augmentation strategies
such as random flip and intensity transformation are also adopted to guarantee the segmentation accuracy
and generalizability of the model. The proposed MG2AN model is extensively evaluated on the public
BraTS2019 and BraTS2020 brain tumor image datasets via ablation experiments, comparison experiments,
and visualization results. The dice values of whole-tumor, core-tumor, and enhanced-tumor segmentation
obtained by MG2AN on the BraTS2019 validation set are 0.902, 0.836, and 0.77, respectively.
Meanwhile, the corresponding dice values on the BraTS2020 training and validation data sets are 0.902/
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0.903, 0.836/0.826 and 0.77/0.782, respectively. Compared with the baseline network, the dice values of
MGZ2AN on the BraTS2020 training and validation data sets increase by 4.1%/1.3%, 2.2%/0.9% and
5.7%/2.7% on the whole tumor, core tumor and enhanced tumor, respectively, demonstrating the
effectiveness of introducing generative adversarial networks and the improved generators. When comparing
MG2AN with the state—of-the—art methods in the field of brain tumor segmentation, it can show
comparable or better performance by considering both dice and Hausdorff 95 evaluation results. Finally, it
also can be carried out that the segmentation effectiveness of MG2AN model is better than the baseline
model in the visual evaluation of brain tumor segmentation. Therefore, the comprehensive experimental
evaluation and analysis results demonstrate the effectiveness of the proposed MG2AN for the brain tumor
segmentation task.

Key words: Brain tumor segmentation; 3D U-Net; Generative adversarial network; Ghost feature;
Multi-scale feature fusion
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