HHEHLRSN ] ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
2025,34(1):100—109 [doi: 10.15888/j.cnki.csa.009759] [CSTR: 32024.14.csa.009759] http://www.c-s-a.org.cn
O R 27 B AT W I AL A Tel: +86-10-62661041

4

M2 A FE 24 322 Y e iy 1]

ETHIMEF I MEHH R XTI
——

B & E®
LM, FHad
(F BFHER 2 (5 B R HIR 2R, B B 266061)
W{E/E#: T £, E-mail: yzchengqust2007@163.com
BT AR T R T W 2 ST AR M OB R 4 077 v, 6 PR DR T (R o b R A
TS R AT B ZE I I . BT PRI AR R N VoS P 2 ST et AKX 8% i HH 1] 18 2RO SR AT A 0, T A S
T B A BT SR IR G ISR AR5 R — BUESE & 1T, A RO R T AREEZIE (1 2= 0k RAFRE, 1
S3 RS . AR, A STAE I —ANIBC & TINAR 3R 2 43 51 LA B A L AT RT 7K~ B 2 R UL 55 1R B2 DX 246 . i
AT AR 55 A8 40 )22, W K AR R e O A B 43 R RS . (RIS, AR SCAERR B AR ARG B B Sl T TP 4
1) 3 1 e S 55 T N 1) 4 1 S 22 ) PR 55— UM IR AL, FE AN A JEEOR AR B R ESLIe R B, AL E
EIU\ﬁiﬁ@é\ﬂiﬁiﬁE‘Jiﬁlﬁﬂ%\ﬁ%ﬁ%%—ﬁﬁ‘é.
KRR MO RE BUR R AR P B 5 bR

I
<
z

SR I FR I A 2 B TR SR (R ST | MIRT S 4 BT AL R 48R ,2025,34(1):100-109. http://www.c-s-a.org.
¢n/1003-3254/9759.html

MRI Image Segmentation of Knee Cartilage Based on Semi-supervised Learning and
Conditional Probability

MA Chun-Shuai, CHENG Yuan-Zhi
(College of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: This study introduces a knee cartilage segmentation method based on semi—supervise&learning and conditional
probability, to address the scarcity and quality issues of annotated samples in‘medical image segmentation. As it is
difficult for existing embedded deep learning models to effectively model the hierarchical relationships among network
outputs, the study proposes an approach combining conditional-to-unconditional mixed training and task-level
consistency. In this way, the hierarchical relationships and relevance among labels are efficiently utilized, and the
segmentation accuracy is enhanced. Speéiﬁcally, the study employs a dual-task deep network predicting both pixel-level
segmentation images and géometric perception level set representations of the target. The level set is shifted into an
approximate segmentation map through a differentiable task transformation layer. Meanwhile, the study also introduces
task-level consistency regularization between level line-based and directly predicted segmentation maps on labeled and
unlabeled data. Extensive experiments on two public datasets demonstrate that this approach can significantly improve
performance through the incorporation of unlabeled data.

Key words: image segmentation of knee cartilage; multi-label classification; semi-supervised learning; label relevance
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AE R4, W55 NVIDIA GeForce RTX 3090
+, WFE1E S N Python 3.7, {# ] PyTorch ¥4 & 2% S HE
H05E ORI 255 O AR 7R IR I AR, &
148 FH Med Tk 9 backbone, H:3E it 78 J5 46 MedT K
JFE VR I 14 8] A 2 5 S B XWUAE 55 Med T. % HE 28 1if
Adam AL ZEOBEFE T BEE L, BRASHKE AR
B1=0.9, ,=0.99, BUE FEYR Ny 1x10°°. 7625 14 s B
933, WIUR 21 %09 0.01, B 200 JOEAREENR 0.1, #K
/N A, ALE 2 TR AR BN 2 sk TEAR S A, T4
B SIS UITZRB B, FRATTHR R T I B )
1 BB SR N 1x107°, 55 2 B B A
13107 ZHAEZ T 40 MK G EMA-VL & FHE, )
2 ) RN P> — . BORUIZREC BB E N 500 §6. 4R

B FRIMETE 60 M UUERFFAE, I ZRHE SRRT 4

Ak 9T B Ak, 7 B P o S
BRI . , ¥

HRAE SR, T[T Y LA b O A T b S
RN 1:4, BIERATILAEH 70 5k MRI BIR, ATz

B 14 5k, AR R 56 k.

R T AFRGEL, FRATTANS AT A 5 A B B4R BT
VEON T VAR o BB HERR I, BRATEE A T BN FEAR
Dice #1 95% Hausdorff distance (95HD).

3.3 SLIRLERFSH
331 JHEhsL

KT FRASFAE S AR I 2, F-ATT & S A Al
FFRC BG AT IR, 3 5 B e X053 52 22 S P ]
HAT. 7F fastMRI $ 5 b, 1R 4E }fu{%[g], 153 miAE
F 14 ANFRCEIEA 2T 70 DA iCEE Rl 25 4.

T A7 b B2 TR T8 A 0 s - (1) (U468 A 2 4%
(Seg) 4 4 % M IESS (TH) I B (2) (L1 F 12 2% %
(Seg)453%; (3) MR ZE L (Seg) 4L AKFAATS (LS)
IY 35 (4) PARBRATH A I B Z I SR A BE % (SSHCPS)
J7 vk X ARAR R REWIER 1 R, TR R, BINTE
ZAFHER (UP) B FK-P4E (LS) [RIAXT &5 A%
BiRE. ER 1 TC RERBHE, FC B BT K
o, PC AR E K H.

R 1 fastMRI $dE 4R E IR Al SL 90 45

Scans used Dice (%) 95HD (voxel)
Methods
Labeled Unlabeled TC FC PC TC FC PC

Seg (TH) 14 0 77.32 78.36 77.23 11.37 10.98 10.65
Seg (TH+UP) 14 0 77.65 78.51 77.72 10.59 10.23 10.11

Seg+LS 14 0 78.16 80.03 78.19 9.75 9.08 9.59

SSHCPS 14 0 78.53 80.74 78.76 9.17 1 8.@6 9.15

Seg (TH) 70 0 85.56 87.05 85.21 5.68 15.62 5.57
Seg (TH+UP) 70 0 85.77 87.21 85.63 -~ 5.60 5.53 5.50

Seg+LS 70 0 86.18 88.79 86_.37’,‘ 543 5.32 5.39

SSHCPS 70 0 86.36 89.22 \ 86\.48 5.35 5.26 5.31

B4k, FATTHE MOST Hi#a sk b ELe 1 BAl 1At |

B SSHCPS 773 54 i & HCPS K4 i & 1) MedT
(Bascline) 2 [ ffy 50 A FI2E 0. 41803 B, A11%
7 3 P AR AR R A Dice 7353 T LAMLEE 3,
TE S 70 1 b 25 U B, 2 M A 45— SOV vk
IR LA IR B O VER AR LT, X R IRATM 7 iEH
Rt R T AR BRGS0 ok T ERESR T, MbRid
Hod BRI, AT TR MR T A B 7
RS > B2 R, SRAIFRAT A I PR R A TR i B
K. 4, BATHI 4 5B HCPS J59% 1 Dice M2k
PREATE MedT 2 b, BE—BAE M T A5 1104 2501
AT AR, ST S — St m 1 o BIRS BE. 78
ANFIEHE S b, ST S — SR I — 8, gk — PR
T 2ATS 2 S Bk, B, X IRE 5 B, @i
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]
S8 RO A A 25 2 ST 56— B0 779 5 7K T4 3R 8
[ 5, T LB 6 2 B 43 1 FA v M .

0.88 |
083 |
078 |
073 |
0.68 ¢ — Semi-supervised SSHCPS

0.63 S/ -~ Fully-supervised HCPS
[0 S A — Fully-supervised MedT

0.53

Dice

10 20 30 40 50 60 70
Number of labeled data

3 R B NATE MOST #ifE b, AR rid
ol SRS B TR L

3.3.2  XfHszig
BAVER T 4 Ao b2 B 5 vk BEEbR 2%
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#i % (CLD)P, GenericSSLP, XUAT 45 — Bk 595 T oy EIPERE. 1K 2 PR, 1E fastMRI #di4E b, A
(DTC)*Y, A8 X —5 M2k (CCT) AN LG AL medical J7 %) Dice 15943 ¥ 8 1 3 0 B 41 1) oA 2 B 07 %,
Transformer (MedT) 5 38AT 5 yE 34T X Lk, 3D T 41 Wk 3 Frow, /£ MOST Hdli4E b, AR SCT7VEAE 3 M IX 35
BN 4 iR, Gnsk 2 158 3 s, 43 AIHE fastMRI FIPEAS VP bR 7 B FRELAR T B R I, BR T /E PC
A MOST #ida £ EiTAl 7 JATHIHEZL. 7T LAE 2, f£M X1 (1) Dice #347B& K T~ CCT. HAFIER M2, CCT
MR B, S5O 14 AMhric £ ) 4 5B MedT J7 V% 1l I 2 3 A X — B RN 2R N 25 1), 77 B LR
FHLG, BT HH AR bR ic BRI 7R R 2 i A SR DA RS, B EAE AN R Bbr %

Image GenericSSL DTC CCT MedT Ours Ground truth

Bl 4 AFEJFEERET MRI EBUE 5 3D nf LA
2 REIJTEEAE 70 5Kk H fastMRI FH5 4 918 553 MRI 93 RE _E IR

Methods Scans used Dice (%) 95HD (voxel) Cost
Labeled Unlabeled TC FC PC TC FC PC Params (M)

MedT (Baseline) 70 0 85.26 86.41 85.81 5.71 5.06 5‘.’6‘0 '3;_ 1.73

MedT (Baseline) 14 0 76.57 77.88 76.08 10.93 L 915 1183 1.73

CCT 14 56 84.29 86.10 85.35 642 6.38 6.40 15.65

CLD 14 56 84.25 86.05 85.22 Led7 T 641 7.01 75.55

GenericSSL 14 56 83.63 84.92 84.13 8.11 7.81 8.97 57.89

DTC 14 56 84.11 85.76 . 85.29 6.49 6.46 6.43 9.44

Ours 14 56 84.36 86.22 85.68 6.35 6.26 6.31 1.73

% 3 R JRELE 70 BKIE £ MOST HAE I X5 MRI A EHE 1 13230
’ Scans used Dice (%) 95HD (voxel)
Methods

. Labeled Unlabeled TC FC PC TC FC PC
MedT (Baseline) © 70 0 86.16 89.62 86.94 5.13 4.86 5.36
MedT (Baseline) 14 0 78.56 79.35 78.95 8.43 7.80 8.32
CCT 14 56 85.57 87.11 86.23 6.32 6.18 6.29
CLD 14 56 85.32 87.06 85.88 6.37 6.24 6.30
GenericSSL 14 56 85.02 86.36 85.26 7.45 7.31 7.41
DTC 14 56 85.43 86.99 85.85 6.35 6.22 6.33
Ours 14 56 85.69 87.16 85.93 6.30 6.16 6.27

ThAh, A2 2 MR 3 AT LA B, JATHI 9SHD 45 Rk PR AR, B AR A L, AT
PRECHABTE AR, A 4 FraT LA B, JAT59 073 A28 SR B, A5 28 Tt 0 MedT 53, AT
FIRE RS EBRE R, 7L KBk > HLAOR M2 B A B S8 IF BB R AR ISR R 2 ko ft
B A, X E ] T AR AR R, SKIR Y, AT IRAERER . S5
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AT FH X3 S 9 245, [ B FR0IIMR 28 20 25 R R i
R4 R T AR U AE B4 B KP R R R, KA
FIH EHE bR AT B AT T E7E fastMRI A1 MOST
s B EAE T BBk R AR R TR
TR W7 0 2k . g Rz A RE . fEAR L
o, AL T 2 AR5 00, R, FRATI 7V AE 2K
53 BT 5% B ARV e L
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