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U-Net YR fEAEAY | Rl CSPU-Net( cross stage partial U-Net) B 18 2350 (R 25 | LLSICER f=50RS B2 0 A i Jd MIRT R 4331,
FiE  CSPU-Net /£ U-Net &5 1 bR SRAE A 43 A PR [ B =) & 25 4544) ( cross stage partial module, CSP) 42
HURIMBHHE , 454 GDL( general Dice loss) 1 WCE ( weighted cross entropy ) P R4 2 o Bt 1| 2R A S 1) NS4 1]
B, £5E8R  7F BraTS (brain tumor segmentation) 2018 1 BraTS 2019 Wi ~#(¥a4E L YEAT5256 , 7F BraTS 2018 Kidli4E
TR R AR RE 23 RS BE A% 0 IR 43 SRS B R SR iR 43 RS B 4390 R 87.9% .80. 6% i 77.3% , AH L THE 4L
U-Net IIBHERERL (ResU-Net) 735 H#2 T+ T 0. 80% (1. 60% F1 2.20% , £ BraTS 2019 K4 4 o 1 % 4 i 87 43 FKs
JE A% IR K AN iR iR 43 DS BE 53 300°R 87. 8% \77.9% F170.7% ,AHLL T ResU-Net BB THT 0. 70% |
1.30% F1 1. 40% ., 518  ASSCHR L A0S B BRI 45 45 1) , 30 ok 8 sk B B A i/ M5 ALk, T DU 8CHR i M b
T BIRGRE  SCUG A5 U] T 2N 1 e 23 #AE 55 1A R

SRR I RT3 VR BE 2 T U-Net; B5 By BRI TR M4 54 ; R 25 M b

Cross-stage deep-learning-based MRI fused images of

human brain tumor segmentation

Xia Feng', Shao Haijian'”" , Deng Xing'*
1. School of Computer Science, Jiangsu University of Science and Technology, Zhenjiang 212003, China;
2. Key Laboratory of Complex Engineering System Measurement and Control, School of Automation ,

Southeast University , Ministry of Education, Nanjing 210009, China

Abstract ; Objective Human brain tumors are a group of mutant cells in the brain or skull. These benign or malignant brain
tumors can be classified based on their growth characteristics and influence on the human body. Gliomas are one of the most
frequent forms of malignant brain tumors, accounting for approximately 40% to 50% of all brain tumors. Glioma is classi-

fied as high-grade glioma (HGG) or low-grade glioma (LGG) depending on the degree of invasion. Low-grade glioma
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(LGG) is a well-differentiated glioma with a prompt prognosis. High-grade glioma (HGG) is a poorly differentiated glioma
with a in qualified prognosis. Gliomas with varying degrees of differentiation are appeared following the varied degrees of
peritumoral edema, edema types, and necrosis. the boundary of gliomas and normal tissues is often blurred. It is difficult to
identify the scope of lesions and surgical area, which has a significant impact on surgical quality and patient prognosis. As
a non-invasive and clear soft tissue contrast imaging tool, magnetic resonance imaging (MRI) can provide vital information
on the shape, size, and location of brain tumors. High-precision brain tumor MRI image segmentation is challenged due to
the complicated and variable morphology, fuzzy borders, low contrast, and complicated sample gradients of brain tumors.
Manual segmentation is time-consuming and inconsistent. The International Association for Medical Image Computing and
Computer-Aided Intervention ( MICCAT)’ s Brain Tumor Segmentation ( BraTS) is a global medical image segmentation
challenge concentrating on the evaluation of automatic segmentation methods for human brain tumors. There are four types
of automatic brain tumor segmentation algorithms as mentioned below: supervised learning, semi-supervised learning, unsu-
pervised learning, and hybrid learning. Supervised-learning-based algorithm is currently the effective method. Various
depth neural network models for computer vision problems, such as Visual Geometry Group Network ( VGGNet),
GoogleNet, ResNet, and DenseNet, have been presented in recent years. The above deep neural network model proposes a
novel approach to the problem of MRI brain image segmentation, and it significantly advances the development of deep
learning-based brain tumor diagnosis methods. As a result, deep learning method is to develop the task of automatic seg-
mentation of brain tumor MRI images. Method Our research integrates low resolution information and high resolution infor-
mation via the U-Net structure of the all convolutional neural network. An improved cross stage partial U-Net ( CSPU-Net)
brain tumor segmentation network derived from the U-Net network achieves high-precision brain tumor MRI image segmenta-
tion. The basic goal of the cross stage partial (CSP) module is to segment the grass-roots feature mapping into two sections
as following: 1) Dividing the gradient flow to extend distinct network paths, and then 2) fusing the two portions based on
horizontal hierarchy. The conveyed gradient information can have huge correlation discrepancies by alternating series and
transition procedures. To extract image features, CSPU-Net adds two types of cross stage partial network structures to the up
and down sampling of the U-Net network. The number of gradient routes is increased using the splitting and merging tech-
nique. The drawbacks of utilizing explicit feature map replication for connection are mitigated, enhancing the model’ s fea-
ture learning capabilities. To overcome the imbalance issue of sample class, two loss functions, general dice loss and
weighted cross-entropy are combined. The cross stage partial structure is final compared to ResU-Net, which adds a residu-
al block, to in identify the effectiveness of cross stage partial structure as ResU-Net in the brain tumor segmentation test.
Result Our experimental results of the CSPU-Net model in the context of the BraTS 2018 and BraTS 2019 datasets has its
priority. The BraTS 2018 dataset yielded 87. 9% accuracy in whole tumor segmentation, 80. 6% accuracy in core tumor seg-
mentation, and 77.3% accuracy in enhanced tumor segmentation, respectively. This method enhances the segmentation accu-
racy of brain tumor MRI images by 0. 80% , 1. 60% , and 2.20% each. In the BraTS 2019 dataset, the whole tumor segmen-
tation accuracy is 87.8% , the core tumor segmentation accuracy is 77. 9% , and the improved tumor segmentation accuracy is
70.7% , respectively. This method enhances the segmentation accuracy of brain tumor MRI images by 0. 70% , 1.30% , and
1. 40% , respectively in comparison of the traditional improved ResU-Net. Conclusion This research provides a cross-stage
deep learning-based 2D segmentation network for human brain tumor MRI images. Using cross stage partial network structure
in U-Net up and down sampling, the model enhances the accuracy of brain tumor segmentation via gradient path expansion
and information loss deduction. The demonstrated results illustrate that our model has its potentials on BraTS datasets on 2D
segmentation models development and demonsirates the module’ s efficiency in the brain tumor segmentation task.

Key words: brain tumor segmentation; deep learning; U-Net; cross stage partial network structure; residual module
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(a) flair (b) T1

(c) TICE

(d) T2 (e) HLIHREE

Bl 1 iR MRT &R
Fig.1 MRI images of brain tumor( (a)flair; (b)T1;(¢)TICE;(d)T2;(e)ground truth)

1.3 CSPU-Net Z&#4
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Fig.2  Structure of CSPU-Net
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Fig.4 CSP module structure in downsampling
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SE -6, AR AR flair TI , TICE T2 3t 4 Ff
MRI #E R DL K % T3l 03 B bR 4 R e i R
/NBCE R 10, U125 5 SR
2.2 MERR

X AR S A BB Y PR BE DR AG, SR Dice 24K
( Dice similarity coefficient, DSC ) 1F A 31 % 2% (4 11
Bribr., Dice A FE M T &2 WA Z A Y
AR (AR O ~ 1 Z[8),  F i A g o3 AT 55 3
>R ] Dice REPFNBIALN S, HAK R

2TP
~ FP +2TP + FN ()

T, TP (true positive ) 27~ 18 123 TR B 27 > B IE
V28 S i ek 8 145 28 BB, FP (false positive ) AMEE TR
IIRIMGEEL, TN (true negative) F1 FN( false nega-
tive ) 3] & 7~ AR 28 T A A 28 Ay R B A 2 AR K
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BraTS 2018 F1 BraTS 2019 ¥ iE %454 . B o 5 56
UEAR B0 73 B 25 5 1A% 2 7 R4 3k, o I 3l 25
SRR 2N A HIRG B 0T 5 A Uy VA 1S BN
FIXF L, BoeJE MR R S0 25 31 IF IS A SOl Al AR
B Bl CSP BT 53 FDRE E (1) 5E0
2.3.1 BraTS 2018 SC864%

T SETE BraTS 2018 ik 98 4E h P B | 78
PRIE RN 55 5B S BN AT, 20 50 A i
PR RAD R B B FH PR CSP W, X6 06 31E 235 S
PEATXT L, PRAL 25 403 2 Fr /R, CSPU-Netl 7 2
T RNy B BE#R A 1A 3 (a) 97 3%, CSPU-Net2 £l
CSPU-Net3 73 5II7E L RAFEFN T RAEA HE 3 (b) 1Y
il SR, RISt VRl 10 12, 28 BN B A
XFT CSPU-Netl SCH#&FF, HHIGAT L (5 1 e i
S TG ) R B e, AR SC iR AR FH ) CSPU-Net
JELE LR R B e I S A T

M2 FTLAE AR SCHE 9 CSPU-Net 7EA5 7
XF e B SRR B, AR SRR A% 0 iR AT
s R 1 B9 DSC B4k 87. 9% .80. 6% H177.3% |

DSC

2 BraTS 2018 WiF&EMIFMER
Table 2 Evaluation results of BraTS 2018 validation set

A o
BRI L~ S Vi
U-Net 0. 865 0.782 0.743
ResU-Net 0.871 0. 790 0.751
CSPU-Netl 0. 874 0.797 0. 754
CSPU-Net2 0.875 0. 800 0.755
CSPU-Net3 0.877 0. 801 0.754
CSPU-Net 0. 879 0. 806 0.773
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Table 3 Compared with the-state-of-art
methods on BraTS 2018 validation set

P £ A5 7 AR
AR R AL R R
Shen %5 A (2017) 0. 833 0. 747 0. 681
Ma 1 Yang(2019) 0. 872 0.773 0.743
Marcinkiewicz %5 A (2019) 0. 862 0. 768 0.723
Wang % A (2019h) 0. 869 0.796 0.733
Hu % A(2019) 0. 882 0.748 0.718
Wang % A (2019a) 0. 873 0.783 0. 754
Chen % A (2019) 0. 894 0. 831 0. 749
0 (2020) 0. 900 0. 730 0.710
Zhou %5 \.(2020) 0. 864 0.773 0.752
A 0.879 0. 806 0.773
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Table 4 Evaluation results of BraTS 2019 validation set
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