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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-supervised 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. Specifically, the study employs a dual-task deep network predicting both pixel-level
segmentation images and geometric 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.
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1k T Bk A, TE IR R B P A v S A 540 3
STV

MR SCHR, FAT1 1 B A bR 28 B A b 2 508 1
BoEA 14, BIERATIEH 70 5k MRI B4, HHH ks

ZEHAE 14 7K, TobREERE 56 K.

N A AL, FRATANE FAT Al 5 4 28 B8 i g
N T VRE B HER T, BRAIPE T T EANFEART
Dice #1 95% Hausdorff distance (95HD).
33 XWERMSR
3.3.1  JHmhsLE

T B FAS [FAT 55 AR 52, FRATT e o R
FAFRAC BB AT ISR, FF 70 Hr 1o B X043 3 22 S vk
AT 7E fastMRI E4 4 b, HR4E Yu S0, FAi150 Bl 48
F 14 AFRICEIRE A AT 70 MR B kil 25 2.

AT T ASF YIRS s (1) AU 8 %= %
(Seg) 4> L HI 4 MER (TH) W BE; (2) 13U A% 25 2%
(Seg) 43 3; (3) 1 F1E F Lk (Seg) 43 X AKFHEAE S (LS)
IY 35 (4) DARRRATH A I B2 IR SR BE % (SSHCPS)
Jiik X AR RE IR 1 BT, FTLUE W, SINE
AR (UP) flii AIZK P 4E (LS) WA 45 A 5 2
FEitm. ER 1 TCRERERE, FCRERH K
, PC AR HRE E.

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 8.66 9.15

Seg (TH) 70 0 85.56 87.05 85.21 5.68 5.62 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 5.43 5.32 5.39

SSHCPS 70 0 86.36 89.22 86.48 5.35 5.26 5.31

Ak, FRATTHE MOST i 46 b LU 1 AT 1
B SSHCPS 7754 & HCPS &4 B 1) MedT
(Baseline) 2 [A] (4 I H R I, Wil 3 prow, dil4:
#1773 HeeE MR 45 SR 1) 44 Dice 7343, mI LA ZZ 3],
FEAS[R] AR 25 00 BB, 2 I B BT 55 — B0 U7 v
IR A B TR R IR A, X R IRATI 7V EA
RO A 7 ARFR B T ok 7 YERER T, ARl
R B EAR DI, AT I EMIRAS T AR B
EHAF 5B 25 R, R\ BRANEE NG IR B i E
K. 4, BATHI 4 5B HCPS J59% 1 Dice M2k
UHEAAE MedT 2 L, 3t —GAEM T 3RAT7 V00 2.

SRS M, BUT S — S s 7 8 . 178
ANF S b, XUE S — BRI — B, Xk — e
T EZATS A . M, XU AR B, i

S AR O A 45 B 0T 55— B TT iR S KT SRR L
[, W] LASE i = A R A 7 B A HE R P AR

0.88 |
0.83 |
078 |
073
068 —— Semi-supervised SSHCPS

0.63 7/ -~ Fully-supervised HCPS
[0 I S A — Fully-supervised MedT

0.53

Dice

10 20 30 40 50 60 70
Number of labeled data

3 R B NATE MOST #iifE b, AR rid
s SRS Al E TR L

3.3.2  XfHszig
BAVER T 4 Ao b2 B T vk BEErR 2
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#i % (CLD)P, GenericSSLP, ST 45 — Bk 59
(DTC)™, 22 XL —F M %k (CCT)PI LAY medical
Transformer (MedT) 53AM10I 771534755 L, 3D AT #R
BN 4 froR. Gnsk 2 3R 3 s, 43 AIHE fastMRI
HITMOST #5448 EvFAl 7 IRATHIAESE. W] LAE 2, FEP4
MR B, S5O 14 AMbric £ ) 4 5B MedT
FHLG, BT HH AR bR iC R B 7 AR R i A

GenericSSL

Image

DTC CCT

T EIERE. 03R 2 BOR, 16 fastMRI 0884 I, A
Ji %141 Dice 15943 35 i 138 o BT 51 0 At > e B 7 V%,
WiF 3 fros, 7£ MOST i £k b, A SCITVEAE 3 /S [X ek
FIPEAS VP bR v B FRELAR T B R I, BR T /E PC
X 4 L[] Dice 18 /7 B8k T CCT. (AR EE NI Z, CCT
TS I 2 A8 X B R I 2R 25 1, 75 B L3R
ARG RIS, HL7ZEAE FA A B S s

MedT

Ground truth

Ours

Bl 4 RFEIFEEREST MRI B4 L) 3D /] fi40E
£ 2 AFEIFELE 70 7% B fastMRI s 4 FBE ST MRI H## EE R
Scans used Dice (%) 95HD (voxel) Cost
Methods
Labeled Unlabeled TC FC PC TC FC PC Params (M)

MedT (Baseline) 70 0 85.26 86.41 85.81 5.71 5.06 5.60 1.73

MedT (Baseline) 14 0 76.57 77.88 76.08 10.93 9.15 11.83 1.73

CCT 14 56 84.29 86.10 85.35 6.42 6.38 6.40 15.65

CLD 14 56 84.25 86.05 85.22 6.47 6.41 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

K3 ARIJTEAE 70 5Kk B MOST $ & FIBESCTT MRI 3 EHE BRI
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

AN, AR 2 MR 3 T LA B, JATTH 95HD 45
PRECHABTTVE AR, AR 4 oAl LA B, JAT7595 173
FIARS MR B R W, AR B B D HAR
BT AN, X R T RAR M A

8

Rk AR, S AR A L, AT TS
MR R B, 4988 T Je it i) MedT 753, AT
W zg R 5B 25, IF B/ aEis Ml e b 2 if%
R, IR, BATRIITIRAEHER L . R4 S 40
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