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Semi-supervised learning for brain tumor segmentation through 3DSEU-Net as uncertainty-

aware mean teacher and cyclical focal loss

DUAN Yifan, XIAO Hongbing, Rahman Md Mostafizur
School of Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China

Abstract: The accurate localization and segmentation of brain tumors greatly affects the survival rate of glioma patients and
the determination of treatment schemes. Generating accurate annotations in three-dimensional (3D) magnetic resonance
imaging (MRI) requires a lot of professional knowledge and is time-consuming. The semi-supervised learning using a small
amount of labeled data and a large amount of unlabeled data is more practical in clinic. Herein a 3DSEU-Net in which
squeeze and excitation block is introduced and combined with skip connections is proposed as teacher and student networks
in the semi-supervised model, so that the richer and more robust structural and detailed features can be extracted from 3D
medical image. During training, the teacher model guides the student model by quantifying uncertainties, which makes the
student model learn the results with higher degree of confidence. The proposed model is able to learn more knowledge under
the condition that only a small amount of labeled data is available, thereby improving the segmentation accuracy of brain
tumors. In the case of only 25 labeled data, the proposed method improves segmentation accuracy by 12.9% over fully
supervised learning, and has a highest segmentation accuracy of 81.41%, outperforming 6 semi-supervised methods currently
reproducible on the same benchmark. These results verify the feasibility and effectiveness of the proposed method.

Keywords: three-dimensional convolutional neural network; squeeze and excitation; semi-supervised learning, brain tumor

segmentation; cyclical focal loss

B B VEAER , IR Je 1 & 0 R B 4F T fa e,
g Joi 98 AE AN i B s B A T i R UL, ) S R T
W UL R IR 1) 40% , T K 249 78% 119 3 M ki ek Jg 2 At
1 120250506 e TR, 0 22 5 PO A 8 0 2 G o
(ESTE Mgl AR I T B R af s P ey 5, TOIRISE , JF oA m B R 2t I & Al

A7 (KZ202110011015) TR 5230 D, 380 43 02 5 2 R 4
U0 B FL B RS 0 PRI LR 0 B o o bt B 4 8 0 14 5 00

mail: 1106811434(@qq.com . N . . . N L
RS (6 ) 1005 -1 B o By e REDU SIS T SR IR 9 T 7 2 O L ik

2NN

E U, E-mail: x.hb@163.com ) A I R X K W S B E T




- 1122 -

] 22

2L U

TR %40%

SR AR PO AR ME LRAIE 70 RS

VAR TREE 27 ) 5 IR TE D25 R+ S AL o )
L, GnEMEA2s  BAS R A SO AR S TR T
BUFATERE . (H IR 2 25 I R T 2 I 2 e
HAPRZEAEAEL H 520, i 7E 3D MRI H A BGERf 1 1
R 2R 10 Ll RS ) AR, PRt 3 T/ By
FRBEFEAFI R B TChR B FEA I B 2 ) HE T 5
S Y PR B R Nk S TR
SRS AR 45 ORI I A T AR 4 1) O
BRAETTI BT B R BE W RN 2507k, 45 A
HXHURTR BT AE > D5k BB AN A 2 T
BB kT , 2 MBS I T I 5522 S i,
REHR S R AR 2 1 B A o > O ikt DL S i 2% 2 A
BB B Ll 2 2] ik A X TE RS B T A
A IO 2B , I 2k i KBS B R 2 )
2% (Convolutional Neural Network, CNN) A& | H i 3f
P TREAIE B A7 RS S b R B T 5K 2= > e T -

FH T CNN 5B 7R B 2241 55 v IS 1 3 % A i
A 255, DAt B I AY BS 2E 5218 45 H1 RER 43 3 T U-Net
FARR ) FEF CNN IR LA R 5 £ ) Rk
AET, I AR BR 3 32 ) U-Net 0 2% BE % i #1221 K 10
B 2F AR AT (5 S, (R BB = % 2 Ry A 8 U5
B H ABBINRE S, S TR S HLE (1Y) Transformer A&
Kol 4 JRy MR O 2 A, (EL 2 B R i B 3k By
I, LT K f CNN 5 Transformer #4545 (192214, 4
Swin-UNet'"’ | TransUNet'*' | CoTr'"*" | UNETR"®' |
nnFormer''7'45 , X SLAR R F W AE CNN g | AT EETIHL
il AT DA R TR 43 IS L

ARSCAE L ERAE A S AT, 42 1 LA 3DSEU-Net
VE RO 5 25 A I 8RR 76T R R v 5] AGH
I8 71 2 S 118 (Squeeze and Excitation, SE) i ') |
WG 38 o Bk R AR B B AR A T MR S IR R
T I REHXT A4 Jm OB OC R B . b, fE HIAS B
FEVEAE PR AR o B R, R R s o bR 2 4 5
s R 2 A 2 >0 R Jed R O 0 A £
512k (Cyclical Focal Loss, CFL ) i 5 o g A A< %5 4
AN A it SR (R AN R o

ATCHE A W 27 2 HESRJE T 3DSEU-Net [
ZREEHE AR AR R UM AR AL ZH i, 20 R A
fii ] 2 A 85 R 1Y 48 B0 3 7 34 {H (Exponential
Moving Average, EMA ) , % A A58 58 3 /MO
YA P 8 03 400 2 R — BOPE 451 2R ke 2 2] I ASE
Y ] i O F) 52 07 R 2 AilAE Dy ik Al A
H b5 B0 A A0 M. FE TR —BUE U B, DA

THIARHA E M Fe 5, b BB s T SE A T, fifi 22 A=
BT R AT BT 0] 5 1 W B, R Sk 4R S B R A
T R Y EN S A . B 9 3DSEU-Net AN i 14
PEIREE A W B HESRZE A AN 18] 1 s

3DSEU-Net

p fop u
EMA LCON

3DSEU-Net

&
1 3DSEU-Net I E M A& R U EHESR

Figure 1 Semi-supervised framework based on 3DSEU-Net as

uncertainty—aware mean teacher and cyclical focal loss
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Figure 4 Five-modal images
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Table 1 Ablation study results
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Figure 5 Segmentation result comparison
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Table 2 Experimental results of the proposed method and

other 7 algorithms

&AL DSC/% RVD/% HD95/mm  ASD/mm
FS 68.51 0.4108 37.998 2.590
MT 77.65 0.3876 27.713 2.249
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DAN 80.33 0.3865 24.554 2.429
CPS 80.90 0.3422 25.054 2.400
ICT 80.83 0.3437 22.093 2272
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A 8141 0.3054 20.160 2228
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