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Semi-supervised learning medical image segmentation model
fused with equity factors
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Information Engineering, Nanjing University of Information Science and Technology,Nanjing 210000, China)

Abstract: In order to solve the problem of limited model generalization ability caused by imbalanced distribution of
target semantic categories in some scarce medical image segmentation tasks, this paper proposes a semi-supervised
learning medical image segmentation model CDCL-SSLLNet, which achieves feature complementarity through cross-
learning of two segmentation submodels with different attributes, namely, UNet and Swin-UNet. The introduction of
class distribution fairness factor and class learning fairness factor reasonably weights the loss function, dynamically
guides the model to learn the unbalanced data of semantic categories, effectively reduces the learning bias, and then
improves the model generalization ability. In the experiment, 5% and 10% of the data in Synapse multi-organ
segmentation dataset are selected to simulate labeled data to train the model. When only 5% and 10% of the label data
participated in the training, the Dice coefficients of CDCL-SSLNet reached 65. 71% and 77.49% , respectively, and the
performance of HD95 was 28. 97 and 22. 07, respectively, and the performance of these two indicators was improved
by 17%. The results show that CDCL-SSLNet is able to take into account the accurate segmentation of large and small
targets, effectively solves the problem of insufficient model generalization ability caused by the imbalance of class
distribution in scarce data, and effectively improves the efficiency and accuracy of medical image segmentation.
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Fig. 1 The overall CDCL-SSLNet framework
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Fig. 2 Proportion of target pixels for multi-organ segmentation

() 5 22 V- 1) 2 > SETE BE B IR K R - i R . Aok
Vi o 38 T ST AR R AR G DR 2 P A R R R B N
ko= 0,1,2- AARDEHER G A3 BV & 20920 A5 1 B

N KRR e K

Po=— " Hfk=0,1,-
max{N,}/,

GONIE Y& QI I (TN S I RN U C 3 i S R\
FY 245 2 5/ (RO RYALE , 40K () s .

wy = epkimxyp'}f(:“ 4

VA AR TEER S B &K A7 W =
[wisw$ - swi ], B8 GE 42 2 75 Hh 7 F b 52 31
AL BT 3k LA S H0RS 3 7 48 O R X 2 A0 A A P R T
W AT HR, GO iR, Hot o J2 8 it 280, i bk
HoH0.99,

W =aWi, + (1 —aOW¢ (5)
1.3 REIJAFEF

Xof 45 2R il 2 A 28 S R A2 DA A T2 T 98 AR A
g o g WL of T R 2 R BT 55 T AR 5T Y
B B KR ARR T RE o A R A% B SO0 5 K it fn 2 43
A3 BT A R LU X 2L k8 B AR g oL . ni HL
A g E O AR AR R BRI R H i AR TR
D28, FRAE 4R O B & AR 2 B0 A M DAL E AR B 4l 42 3
Forb R HUEEE  IRLE E b 45 % 0 i 2 43 A A - IR AT
RES B H . 1A B FE S5 T R AR AL 2 30 i L, 2N
BRI G 22 5RO G T IRAE B A TE 2 2] 81y i 7 vp
PR3 I H ARV B R R L AR ST LT 285 20 00 A x4
BEATINAL . 2827 2] 0 I 7 455 75 I B B B A 22 5] B
Ry Ik A b i A% o R N A o BTk, ) IR 28 R AE 4 IR
B BEARE AR,

B Sl AR E HEFE AR (population stability index, PSD
KAt s ¢ WORAUR RS T U, = (6) i

¢ D ,
Jv,,.,¢ = ZI(Aﬂn(D My, A<o0

/Tr Dkdfl (6)
[m.w = ZHA)In(D e N )

t—t kot—1

Hob, Dy, RS ¢ YGRS TR & 2R H AR LR
1%5@ Dice {Ev I(A) %*Ei‘%ﬁvm A= Dk,x 7Dk.[71 'Fﬁi’é

o 174 -

H A — YA AU Dice (AN W12 A << 0, ISR
ARAYGE R IR BUE D s WR A 0, WERR AR W%
REE IR o« 18 RBUE AU UL R 2 50, 5250 h fs
EBE N 50, P BERLTEBAA « gk AR ) i A
He il 2P 1k A 1 2k AU e ok RO PST (E #+ 3
v, v K HE B I 3R B B R B PST (E A3 F)
v, Ay IR RY B AR ) R T DASE SO ()

Uk ¢ +e
Vi — "U;M¢ Te 7

e B—NE/NMYEE R T I, S28 TPk E O 0. 001,
2 ) SR R v, MK, O T RRAR A ST L)
T IV 2F 2] 0% 2, 401 oA A R Ny Y AR B T A R
LT 040 I L AR 2T L I 28 1 2 2 R T — B

5340, W] UL 33 Dice RV D, B9 Il ok 15 &2 2% > i
BB b BN TFHETF A LUE LR (S .

wy = —log(D,, * (v, )"« B) (8)

Hor, B Y 2 B RT LA 2 B B R L AR TR &
B, S P B R E N 0. 33 AT LR B SRR, f& 5 TG
BEANRFANTFRF R W = [w!w! e wi ] AR
FHAE B Sh 4 97 2 7. CDCL-SSLNet % 4l 5 4 3%
Al SR .,

Bk 1 CDCL-SSLNet il 4 7 78
Algorithm 1 CDCL-SSLNet training process

A Dy AREVIZREE . Dy« Johr I 2R B i

SE s Moy« FRE 1 Mg, v« FHORL 2
T NGRER RS A R AT R %
Bt IR 5E BE I A Mo Msan—une
while(t < T) do
BEDLA) I A3 A A /7 Wy, RIS AT
T W,
MER & C Dy A Mo Mseinove W25
WBIR S Losss = Wy » Loss$ (x,y) + W, -
Loss3" "N (x »y)
LR 2 C (D& D) 53T A Move M sein-ove
RIFHIREE Yone = Muwe (253 suin v =
M ginvne ()
Gt AR B R S A, BRI 2 00 A A 7 B T 4 2R
JnA s W,
Giitthbr 2 vh & 282 )
TR MBI W,
MR 2 C (D@D & Yo HIA M s una
A IEAIBRZE 3 swin v = Msuinvne (1)
MR 2 C (Dy 8Dy & yun) FiiA Mo,
’:'Eﬁiﬁ‘] ’H‘% &U.\w = Muyy., (x)
T BRI Losss = Wy« Loss S (2 swimune) + W o

&

Swin—UNei =
Losss™ (X s Yune)



X W FBEAFATHIEFFIEFAG IR

5 23 W

B Loss = Loss, +A(t) « Lossy
BEEHE G < Loss » v
Egﬁ?*ﬁﬂ MUA\‘M \MSwm*UA\w %%ﬁ

end while

2 = 7
2.1 LIGHEFTIE
1D} €S

A 3CAH FH MICCAT2015 25 3 1 3 b 30 Bk ik 38 A 1
Synapse £ B4 #] CT B84 17 5L 56 . 1% 50808 55 e
50 BB CT HREAE X A B 220 g &l .
B R K T L T KRN I B A R A
B RS 13 A EE AT TARTE. A T A TR L S5 2
L ARSGEAE T TransUNet 75 24 495 /O 12 80405 48 1 4b 1
J7 3, B R B 30 i B IR CT 4 50% . 38 3 779
Al X R SRS CT U Fr s 3F 0 I v i = 80 ik L IR 42
M2l A TR ES s K e aE., B3
AR IR T 3Ch) Sy A 4 TR S L R R T 3% B0 A S R R
B AR 5 B B R X5,

(a) IR
(a) Original drawing
[l 3 Synapse £ %% B 4> # B 4

Fig. 3 Synapse multi-organ segmentation dataset
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Table 2 Comparison of parameters, FLOPs, and inference Tk

time of each model

S8/ FLOPs/  #fERRm )/

L M G ms ((:))lefl

CPS 82. 50 60.51 327

C&.T 96. 32 48. 84 322
UA-MT 58. 44 42.72 325 (b) CPS

SimiS 78. 60 42.68 320

CLD 74. 30 42.42 321

Adash 86. 25 44. 28 322
CDCL-SSLNet(A& ) 99.28 45. 94 323 () C&T

LR AL T CPS ik, Wik, S M CPS Fikik & MAF
R0 S ] 4 R AR, L S B AS TR B 2 5 95 B4k
KIHMTHEE R, 7] LIF H UNet Ml Swin-UNet
HERR AT B E 4R, MILZ T, UNet #
UNet 41 A8 A ) Dice % $1 E AR #E Y CDCL-SSLNet {X T
17.58% ., HD95 5 T 49.57%; i Swin-UNet 1 Swin- (0) Simis
UNet 4 & # B () Dice F % b CDCL-SSLNet & T
3.25%,HD95 & T 55.19%, X — J5 1 % ] Swin-UNet
LA BRI 4 R B g ) . [T 3 Dice R0 T UNet; 5
—J5 T W 3% 3 ) Swin-UNet F1 Swin-UNet 21 & A& %1 (1) (HCLD
HD95 £ % # UNet #l UNet 2 & #iEE, XA 6K R
UNet i) 35 B2 X 5 38 A5 B A8 4 5 02 o 30 4 4
R, P, UNet Fl Swin-UNet 20 445 #) Bl CDCL-
SSLNet fi % 3¢ 4% F JI CNN i =5 & & %1 6 J1 1 L
Transformer A4 2EF2 {5 BUBRHIRE 7, il i b B 0 — 3%
P TF D000 B S 2 R 0 1 D AR 4L SR R B o EIAT S5 B
L
DRGIAT W FHI¥ I RN TR FIRR |
B TRABRGERI A2 T (D) G5 IR 7 4 BUBTE Synapse Z0 T 4 FURCRAE 1105 H125 S
(L) # CDCL-SSLNet PERg ST+ BAR ST AR R 2 T Fig.4 Segmentation results of each model on the Synapse
LR R AL X g, 0 4% D-D.L-D f1 L-L. [EF, & multi-organ segmentation dataset

(d) UA-MT

(h) CDCL-SSLNet

x3 HAEHERITE Synapse $ 25 E HIEE L H Dice RE.HDIS F1 Dice( %) /HDIS S EIFER
Table 3 Dice coefficients, HD95 and Dice( % )/HD95 segmentation results of the combined model on the

Synapse multi-organ dataset

Dice( %)
THRIA 1 T 2 HD9Y5

Dice # /2% HD95 Y Fafk %  AF  AHE JIF Jie it it

il

64.21 62.1 65.87 63.83 67.09 60.99 65.34 61.48
33.85 31.52  33.38 31.34 33.43  33.99  32.67 33.9

76.39  62.28 76.97 73.04 88.02 69.31 81.80 71.95
35.21  32.94  34.93 35.06  35.49 33.23 32.96 34.18

83.81 63.47 81.43 79.69 90.12 55.99 89.45 75.96
21.86  23.01 20.09 21.32 22.86 22.58 21.97 22.88

U-Net U-Net 63. 87 33.01

Swin-UNet  Swin-UNet 74.97 34. 25

U-Net Swin-UNet 77. 49 22.07
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Table 4 Dice coefficient, HD95 and Dice( % ) /HD95 segmentation results of combinatorial learning

strategy on Synapse multi-organ dataset
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