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Brain Tumor Image Segmentation Based on Asymmetric U-shaped Convolutional Neural Network

LIU Pan-Pan, AN Dian-Long, FENG Yan \
(College of Information Science and Technology, Qingdao University of Science and Technology, Qingdao266042, China)

Abstract: In computer vision segmentation, the Transformer-based image segmentation model needs a large amount of
image data to achieve the best performance. However, the data vohime of medical images is very scarce compared with
natural images. Convolution, with its higher inductive bias, is more suitable for medical images. To combine the long-
range representation learning of Transformer with the inductive bias of CNN, a residual ConvNeXt module is designed to
simulate the design structure of Transformer in this research. The module, composed of deep convolution and point wise
convolution, is used to extract feature information, which greatly reduces the number of parameters. The receptive field
and feature channel aré effectively scaled and expanded to enrich the feature information. In addition, an asymmetric 3D
U-shaped network called ASUNet is proposed for the segmentation of brain tumor images. In the asymmetric U-shaped
structure, the output features of the last two encoders are connected by residual connection to expand the number of
channels. Finally, deep supervision is used in the process of upsampling, which promotes the recovery of semantic
information. Experimental results on the BraTS 2020 and FeTS 2021 datasets show that the dice scores of ET, WT, and
TC reach 77.08%, 90.83%, 83.41%, and 75.63%, 90.45, 84.21%, respectively. Comparative experiments show that

ASUNet can fully compete with Transformer-based models in terms of accuracy while maintaining the simplicity and
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efficiency of standard convolutional neural networks.

Key words: asymmetric U-shaped structure; inverted bottleneck; deep supervision; ASUNet
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VERERE 7%, 76 BT I Dice 5% FIR T 4.99%. {H &
ASUNet SRR 7 BEATH 2 @, I L4 4%
WA RS R ZE, 76 WT A1 TC F3543 T T
SENICR.
2.5 7£ FeTS 2021 IS RBR

ATIAE FeTS 2021 Fudide bt 47 SLue R 56 Uk 1% )
4 ZALPERE. 3 2 FTR, JER T ASUNet 5 HiAt2t
SRR B T4 ORI S 74 B b b, 20d, Khan
2 NPTV 9 Rl A B8 3R 5 7 s 1E FeTS 2021 Pk 5
FRA T 8 24 B 2, W LUK BLIZ S HATE BT L
PART BRI ZE T 2 BE B, (HE R T e 3 4
RO R 7 X 43 p R B . Hu 25 APYR T —FhE
SRR ST, (RS AT R S BRIl I 2 7T
LR H, 7 E7E ET LIBT3 R 2, t ASUNet fi
T 4.1%. Pawar 25 NPV 7 — Rl b B0 )7 2 F
T TR 16 43, 4R T I8 X4 i ST A R
5 H A G O BERUAR LL, SCIL T Stk MR, (R AR I
252 WK, XS 2 IS HCR R SR, T AR L
ASUNet, 7£ ET. WT A1 TC L3 5MK 0.5%. 1.2% Al
0.7%. WEEF 2, 7T LU & R B, ASUNet HL7E 78 T 45 i
R T IX 358 9 Dice 43 ¥ AR T H b 552 Sk 1 U
15 BAR ET MIZEM £ REEE A2 iR 1, 2 WT F1 TC
(132 17 % 5% B B9 ) AR T S Ab B Sk 10 0y v 45 L
iR, 7F BraTS 2020 F1 FeTS 2021 #t#5 45 I 190t 45 1
1, ASUNet % Bl HH B (193 1k B
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2 1E FeTS 2020 %355 o8 Frae i iR 2 5 Sk i)
BraTS J5 it 4T L

S Dice (%) ZWi % REEES (mm)

ET WT TC ET WT TC

Khan¥ A®" 709 850 704 152 132 163
HufAP 715 890 763 — — —

Pawar AT 751 892 835 329 7.2 7.1
SahilZE AP 721 874 773 221 222 37.0
ASUNet 75.6 904 842  27.1 4.9 6.8

T B B ASUNet Al GT Tl 43 2 45 5 2.
6] [ 22 5, {5 F 55 BraTS 2020 H [F] (5008 4 %1 20 5 ik
KT ASUNet 50 #4558, KBl 4 878 7 ASUNet il
W53 P B sy B R AR L. AT 4 AT A
K, ASUNet 17> #1458 5 GT Ak AL, [F N —
R T HGT FeTS 2021 Hd 85 13 F 1.

Tl Tlce T2 Flair S GT
-

z .
.
B W \
A
. \
‘ . ‘
: .
3 b7
) . S

Kl 4 7 FeTS 2021 HE4E LM 52 25 53

=

26 SR 1
97 47 0 U ASUNet t 5 — A B R R
TLEAE S, 1500 FLT BraTS 2020 S48 (7 s
SR E. TR 30V A5 L 5% ConvNeXt fi 8t
17 SRR A b, XL U TR 0T 52502
SRS, LA TR AR, A T VR A S B
ST,
261 R FREE A B R
oA 53 e SRR D A TSR R 0 3 2
ConvNeXt BRI ALHE, FERS HLI TR eI 25
%2 L, RELINGE 5 iR, 3R C kil
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#, Stride Ko b K. AR T RFE, RAIP KON 2 IBE
gk, VAR G BR (10 5 2B AR AR AL B K RS, 3
AL 1 B 2, (E2 S T T SRR R R P R4
FRI AL

c
3x3x3 Conv,
stride=2, 2C z 0
o™
BN+ReLU S
m;g)
N\ X
3x3x3 Conv, | A=
stride=1, 2C g -
- BN+ReLU
.

. O
\

5 HTFREEB KN 2 MRS

M 3 H i S A H s T DLBE BRI, MR K
N 2 BBk ZEERERE, ET A1 TC 1 Dice 133 AEHAR, 43
AN 71.41% 81.00%. I H IS E & v LRI,
B % ConvNeXt BEHLIL K HIFEK T S8 8=, K4
ARG ZE ERI I 1/2. 7% 2 ConvNeXt HEHF FHFRAIE
JOSF FGEE 48 ORI &, AR FE T N REE AR
B SUE BFEE M, M H UL — Rt S N 7 U ST
TIEFRRIG SR, TREE T B A BB i 22

%3 {E BraTS 2020 B4R FXAN RN RAE SRS AT

Dice {tiffintk |
T, 0,
i) § ET Dliive)é@ TC SHE M

WREEEMT L 7141 9022 81.00 24.32
MedNeXthith 7493 8979  80.62 6.54
BRFConvNeXt (K=3)  77.46 9003  82.52 12.1
2 ConvNeXt (K=5)  77.88 9049  82.86 12.16
% 7EConvNeXt (K=7)  77.08 90.83  83.41 12.27

3 MR, 2 ConvNeXt #H1T N RFEAE
ET. WT #l TC 1 Dice 77 ¥t F32£TF T 5.67%. 0.61%
1 2.41%. fE5% % ConvNeXt BLH IR ERZ, A H
1) KAEP= A T AR #I5 H, WE 3 167 DU H, B
SRR Z ConvNeXt HEL R K=5 I, 7E ET L3155 T &
=11 Dice 73, A2 R H K=7 i}, #£ WT #1 TC E
)50 EN R T b 1), R TE IR R B AR, BATR K 1
BN
2.6.2 U BUGER B A [F) LT B FR) 52

N T TE G ik R A PR VR A E SURFIE (S R, B’
TR RRE) U BN 2% 284, FEAEXT AR U B 454
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o RERA TRREEEN T, TR T U BEMWIRZE
(R TE AL, (R R BB AR R . FEAN U M 2% 1
HoAhTh e R T4 T, FRATRERFAE % O FR U A
SERIREAT 258, AE T SRAE I R R R AE B 1 RS vk
D RNAxaxa, IR 58S B AR AR RS 2 R4
(R TR 73 R . A3 30 BT e Bon 2k 4 s, R 4
() S g e, FRATT AT LUK IR, 5 A R U B 2544 b
SRR U BUZERIFE ET, WT A1 TC L4333 T 0.09%,
0.38% H1 1.15%, R ELEIA &L, il 7 AR U B 45
e ot fii fip e () ) LA IR 2 U

% 4 1F BraTS 2020 I:iiF4E ESEAT XS FR U B 504 R4 AR
U BRI T 930 Dice {EXTE (%)

Tk ET WT TC
XEFRUR S5 44 76.99 90.45 82.26
ASUNet 77.08 90.83 83.41
2.6.3 5 AbFE XA () 5 ) ) !

AR TTA ?ﬁéﬁ%?&%‘*ﬁﬂﬂ%ﬁﬁ%ﬁ, B T i
i MRI BRI A S5 v, o — 28 MRI BB
RS 0, XAt 2 S EURHPER I, Jy 1 38 b
BLX ARSI, A TTA FAR K SRR B UE.
SIS EE R 5 Frox, W] BUR B, @i i A TTA
iR, ASUNet 7€ ET, TC il WT L) Dice 43318 %3 51
KT 0.23%, 0.06% A1 0.57%, Mo TTA 155 )5 A #E
F AR RIS F T At 2 28 1y = 2% R o0 31 DL S R T
FARASE Y (R BESR T
# 5 7F BraTS 2020 3 iE4E Ff A TTA 54 TTA )

Dice T (%)
ik ET WT TC
AfEFATTA 76.85 90.77 82.84
{EFHTTA 77.08 90.83 83.41

¥

2.6.4 PRI I B XSS R R

A U RS G R B W B AT T LA, AE
ORI R IO TR B RS, I AN [ AR, f
B — FRAERAE AR5 A [ 0 B SR AN T B4 2K
TEWRA IR U B b, fRFF AL S M AR,
% 6 fan, AT LRI, IONGRFE BB AE ET. WT
TC L5 T 4.59% 0.41% F10.26%.

#F 6 1F BraTS 2020 iE5E A IR B WE SAVE RS
WS B ) Dice 15T EE (%)

Tk ET WT TC
AN FH R 72.49 90.42 83.15
1 R R B AR 77.08 90.83 83.41

3 g REE

ARCHEH T —ANHH SRR U % B2
#% ASUNet, F 1 MRI i Ji 88 FER (RS 7 o0 1. & 2k,
N T AR XS B E K, BATRE T — M EX AR
[ U BOHESRLE My, 46 U 45 4 1O G 2 8 S 0 5 1
(A7 T 2 WO BRI  J, Ro 7 T4 11 it o
FO B8 BE B, H, 75 F SRRf rh L7 2 ConvNeXt
B, 45 VR IE T 4 B BURIE S0, 84 T 16 TRt
R 2 SR A . g TR TE SRR
FRROR R T R R B0, MR R0 R R
1 04 M O DO 2 1 T 43 P 2 F 2
S . E BraTS 2020 HUHESE M1, 5% 44
SERIBULEAT X L, A S 77 RIS T B (4 5.
B, ASCEM R R T SRR AR U G5 K 0%
VDL TTA R FE B R R (B 4T 7
RS, S0 O 7 I 46 75 B0 R S A
F 1L 5.

A AP STH I, ASUNet LA ELUE 940 B
. B4 — 5 1R B PE: ASUNet JUE £ BEst A SE3G
e F AT S0 EAT, RNTIETE S EE R A A, DA
AT 2 I PR RCR. 76 R T AR TR, FA T P s
SR, DM T4 H PR T B 22 PR 7.
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