L ERR R A - A WAL 5
Introducing to Semi-Supervised Medical Image

Segmentation: Bidirectional Copy-Paste
g ELE
LSRR Bmi
B2 1 EZ: Python, Google Colab
RlFEE B Linux 22.04

- S Ff? n

BT AR A P AL F X EOFHR o R PG AN R Rt
unlabeled data -+ ¥ 7 > #FH# E 5 5 labeled #7 - & semi-supervised ® #% i i *
iz unlabeled data k&35 > AAF 5 € 83| unlabeled data - labeled data
ARG R A TR A7 RN AL A4 8- ko L2 L e
AF W AERE o T HEE H R ﬁ%{#& labeled data =B % 7 T $8 4 ZLpET]
unlabeled data + » » #-unlabeled data ] % *» = 84 ZLREF| labeled data *+ o
%’ﬁ@ TRHEDEE RPOAPFT LA BT HETEH G

$+ 32 @ * Mean Teacher 7 i ° Mean Teacher ##-7 7 @ BAplF el » &
W2 & Student Network {r Teacher Network o 2"3RpF » % i L #-Batch & »
Student Network > # #di- BIERIEE o APRELS * Batch ¢ 7 labeled data k4r
E BT lossitE o Bts tt%%“ﬁ ¥ B F & % { #7 Student Network s#icid o 3
Batch ? fhunlabeled data %/ » Student Network #& » 2V ¢ (73— BIFRIE %
Ao % Teacher Network izif# f*#-unlabeled data 4 » — 2w (878 » 2130 > 7
J%@fm—@ﬁg%Bo?%ﬁﬁméﬁﬂﬁﬁ&{ﬁi{%%:Aﬁfn%%l%—ﬁ’.?Eiéﬂiié

unlabeled data Ii-*u); Gt G R ERHARAREREHEL F- BT o

B % B SRR Bt Student Network i gy » g o hifd 3 o
sk ¢ > AP E B 4 labeled v unlabeled data 4 Wi » JeEL ¢ o F]pt A 0 F
PG e i EREEVR NG %Y labeled fr unlabeled data iy #
AiE A - koo b3 E L OB-FRUE ~ Student Network wv ¢ L HR-TALIE (7w G A e AR
GLARRE > B R AR O R R AT - BERFERL 0 A F TR
AT 4RAT



Unlabeled Pseudo =0 @ ~ Supervisory signal

images label .
g Teacher Network Image input
"N # ,— Data flow
—7#-+ Stop-grad
— Loss
’I
' 1 ll;/ N
Labalec Yq Ground
|
x A Xour ﬁp 'lll Quu[ Ym“ Yi
1
X} xm Student Network Qm Yi" Y)

CRlEE S
RipeB > 2Hmanhz > B+ % II%@:#;EL 4wl 8 3D T LA dataset
Fe 2D ¥4 ACDC dataset @ @ “\—%VE ¢ * 2 ¢ 9 ACDC dataset Ri&B{F4RI| o AN F
4 #-ACDC dataset ® 7 % - JL%%X’U%' 7'\?51%‘ Boifeen 3D Blag = 2D 7 % > T i@ * 7

e Rl BN 0 B ALY > E 0 TRk RESERES o
Method Scans used . Metrics
Labeled Unlabeled |Dicet Jaccardt 95HD] ASD|
U-Net | 3(5%) ] 4783 37.01 il.le 12.62
U-Net | 7(10%) 0 T9.41 68.11 9.35 2.70
U-Met | 70{All) 0 91 .44 84.50 4.30 0.99
UA-MT 46.04 35.97 20,08 7.75
SASSNet 57.77 46,14 20005 6.06
DTC 5690 45.67 2336 7.39
URPC | 3(5%) G67(95%) |55.87 44 64 13.60 374
MC-Met 62.85 52.29 T.62 233
55-Net 65.83 55.38 6.67 228
Ours 8759 2176 T86T 2329 190477 0L6T 161
UsA-MT 81.65 T0.64 688 202
SASSNet 84.50 74.34 5.42 1.86
DTC 84.29 73.92 12.81 4.01
URPC | 7(10%) 63(90%) |83.10 7241 484 1.53
MC-Met 8644 77.04 5.50 1.84
55-Net 86,78 77.67 6.07 1.40
Ours 8884 206 B0G6220: 398 00 LAT 023

Table 3. Comparisons with state-of-the-art semi-supervised seg-
mentation methods on the ACDC dataset.
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init weight from ./model/BCP/ACDC_BCP_7 labeled/self train/unet_best model.pth

100% 40/40 [BB:AQ(@@:B@, l.ZSE/it]

[array([©.88928676, @.80708719, 1.45114762, 0.47634128]), array([0.86833849, ©.7697884 , 4,98195099, 1.08474862]), array([0.92704921, 0.86905689, 6.85768234, 1.74954088])]
[©.89489149 0.81531082 4.43026032 1.07687693]
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