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Abstract: Confident learning plays an important role in the training of low—quality labeled data of medical
images, but the current application of confident learning is based on the mean teacher model, and the
possibility on other networks is not discussed. To solve this problem, a segmentation model based on
confident learning and collaborative training is proposed in this paper. The model uses two different
networks, encourages the output of the two networks to be consistent, and then compares the output of one
network with the original low—quality label by using confident learning to modify the low—quality labeled
data so as to provide an effective training reference. The proposed model has been compared on three
different modal medical image datasets, and the experimental results show that the segmentation effect of
the model is better than that of the existing confident learning model.
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Fig.1 Co-training model based on confident learning
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Fig. 2 Comparison of data set labels before and

after noise
2.2 TFMMESR

& 3R Dice % $ (Dice) #1523 2 K B B
(Hausdorff, HD ) iX # F % UL 59 F 46 #5 . Dice
& — P G AR ALEE B B dE A R T TR A
FEAS AR AL |, 72 52 56 vh o E 5 5L S0 bR 48 5 0 A
ZRXBESSENEW A, X W 0 EE X5
GBS o Dice {HBCR , 3R W] 2 BISCR MG, A
AWTF -

2 X (predﬂ z‘rue)
pred\] true
K pred i TUMAE 19 5 G 5 true S B AH B9 46
G TN pred Ml true Z [A1 [ AC 5, T DAL 2 02 Ry
DRAEEE BT pred Al true Z [0 B IL[F TTE 1)

J A o g3 BEN pred F true (1) IF4E .

HD J2 4 34 W9 20 5 88 22 6] 0 A AL AR i, o &2
KUED PP 022 X A5 R] AR B S |
SE bR Y FHEE B R 22 )R] RE/N . HD (E BN,
Wy IR B, AT

HD (3G, 0S)=

Dice = (15)

, max minH r—y H)) (16)

max( max min H T—y
2 reds ye€dG

a6 yeas
P GO FLSEARZS 5 S O WU 45 2R 50G A1 S 73 5i1)
Ay LS 5 R LN 45 3R B i B

T B A A AR A R W 3 LA A R
95% M5 2 R BE & (95HD) , B J& 5 T il 7 A
Z RS A5 95 A E A BOR HEAT ISR

2.3 TIWigE

AR CH Y PyTorch HEZE 528, FH T
NVIDIA RTX 3090 1 Jim s Il ki) GPU . fifi JH]
U-Net 1 Swin-Transformer /f 5 CNN #1 Trans-
former & 1~ [ 45 , A 9 28 — [m] 47 I 2%, ) °F- 34
FOMAL RIS ARL, 2 Az R JE Oy 7 X AR 7 i A7
Ak, , Foe 2 B DT ASE 100 (1) 4% S 45 DFA R SC P ]
Y A p Transformer BY 51 AR T #F+ CNN
B 4 B A5 B 48 U CNIN 4 0 00 & % a0 75 i
PEAS o XA 9 2%, 440 ) SGD AR S pi Ak 4 L AL
HOECE R 0.000 1, 3 B BE N 0.9, F
W iR A6 R 0. 01, 2% 2] 2 AE I 25 ok A8 b AR 45 1 2k
epoch #4745, AFH

0.9

(17)

max _epoch
K i RRIR 22 2] 3 5 epoch R 5100 U 2k 324K
WEL s max _epoch 2 ALY Gk 1Y epoch , 724 X Tr
e BRI 25 20 0004 epochs

IR (9 /N[ E S 224 X 224, B ASHE IR A it
K/NEEE R 16, B A 25 ] R Flos o 4 5K
TR R 25 18] 7 Bk o 125K .

2.4 SHESW

SR ke R R — U Rt Uk HL AR 2 A R 4R R
g 75 A 28 R0 00 LU 481, 2 — S X AR AL I R ROCR 5
M K S8, TR, e A X L A7 0 #

WE TR N AR T 1:2.1:3M11:4 =4
{8k #E 47 X5 L, 78 iy I £k 8 42 1 Dice F1
HDO5 Xf Yl R B FE 47 PP A . S5 SRR W . 5 An &
BRI R 2 B Lo 9 R 1 3 R A I 2k A
fEo RHUL:2 0, A4 vk B 5 Am 25 0% 040 gl e
% it Z2 Ml Zhox SO R s S AR A B i LA
S BB RIME L 27 2] 3 W RS bR O RO AE R . T A
B L= A B B A AL VR R S AR T B B B 2, L
23 (AR AE YN S S99 3k LA 27 2] S5 24000 b 1 2 Hia
MAE B o B, SE 50 2k £ 1: 3/E b & {H ok 2k

AN R RE T 5 B RS o tE T

F1 SEEIRBE RN

Table 1 Effect of parameter k on model performance
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Fig. 3 Visualization of segmentation effects on three datasets

SrEITT AR I 3 s, AT LLE L TE 344K
PEANF K/NFIZ AR Hbr s # o, &2 KB
Full 8RR AL 25 B AR I3 B JF AN 58 B | 2 T 9 55 3o
W 2% 19 Decoupled J7 TR 43 148 R 5E 46 (H )&
2 B AR A 40, MT CL R B 7 RS0 2 1 oy
F OB R 53 58 R RN |, R AE i A

X GHERBGE LS . M2 T ARSC kR
X RN AN U] A 2 B R S A0 A A
2.5.2 (M@

oAy 56 UE AR Y 1) A A5CPE L SR AR S 1 A P Y
AR S HEAT T Al S X L A R n sk 4
Jr7n o



% 54 RES,F ATERF IR I %6 EFEGE 3Tk 1681
Fa EFANEMBEE EREENHITLER Assisted Intervention-MICCAI 2021: 24th Interna-

Table 4 Comparison of different models on

intracranial hemorrhage dataset

U-Net Transformer HhEIIZ: &5  Dice HD95
N, 0.4199 22.2130
N, 0.4029 34.757 6
J J N 0.6002 21.5048
N/ N N, N, 0.6158 19.7850

M E4m LLFEH, i #) 7 U-Net fil Trans-
former 155 8 X} br 0 R HE 47 4 B I 25, th T4k
Pgg b PR R GG RAE. TR AR
A% JE AT P9 R U 2k, 505 AH HE U-Net fil Trans-
former #5% % 7£ Dice {8 I 43 5 $2 F+ T 18.03% H
19.73%, £ HD95 I 4r % F B& T 0.708 2 F
13.252 8. M &5H WX Lol LLE 1, Pr R U 2R 1
TN 2 (A5 L85 A1 2 2] 380 A o 0 500 1 £ L

AL Bl ABEAF % U-Net I 25 i 7
A SRy A M A X6 M 7 s 2 T LA IE, 43 BRI A L
A A 2 2 W 5 ik AE Dice f L4 THT
1.56% ,HDI5 P& 1 1. 719 8. M &5 H iy % kb Al
PLE M BRI mAE— 25 42 T T B AL
TR o T DL AR R R A R R T AR e
oA AR M BE T R B T O TR B A

3 HiNIH

Pk TAE R A FOAFEREIEGN
S-S IR AL AR SCHE TR A 2 ) S PRI
SRR RLZE A BT B, R T R A R G e S
Kot g o Hop BRIk 0 £ T K45 B CNN I
Transformer #4 ., [A] # 15 5 > M 45 G R AL AL M 75
Bt ST X M RO A ORI . AR SO
SAER AR AT TR SLE IR 1A SO AL Y
AR TR 98 AR 2 2 NS e R ST T
e R 6 TR S R T ]

S E Wk

[1] Zhang Y, Lu Y, Chen W, et al. MSMANet: a
multi-scale mesh aggregation network for brain tumor
segmentation[J]. Applied Soft Computing, 2021,
110: 107733.

[2] ZhouY, YuH, ShiH. Study group learning: improv-
ing retinal vessel segmentation trained with noisy la-

bels[C] //Medical ITmage Computing and Computer

[10]

[11]

tional Conference, Strasbourg, France, 2021: 57-67.
WO B fA] R, R, 4F . JEF 3D UNet 45 &
Transformer i JHFHE X 5 20 73 %107 E =97
B, 2023, 38(1): 42-47.

Dai Zhen—hui, Jian Wan-wei, Zhu Lin, et al. Auto-
matic segmentation of the liver and liver tumor based
on 3D unet combined with transformer[J]. China
Medical Devices, 2023,38(1): 42-47.

Ren M, Zeng W, Yang B, et al. Learning to re-
weight examples for robust deep learning[C]//Interna-
tional Conference on Machine Learning, Stockholm,
Sweden, 2018: 4334-4343.

Goldberger J, Benreuven E. Training deep neural—
networks using a noise adaptation layer[C]//Interna-
tional Conference on Learning Representations, San
Juan, Puerto Rico, 2016: 1-9.

Northcutt C, Jiang I, Chuang I. Confident learning:
estimating uncertainty in dataset labels[J]. Journal of
Artificial Intelligence Research, 2021, 70: 1373-
1411.

Luo W, Yang M. Semi-supervised semantic segmen-
tation via strong-weak dual-branch network[C] //
Computer Vision-ECCV 2020: 16th European Con-
ference, Glasgow, UK, 2020: 784-800.

Xu Z, Lu D, Wang Y, et al. Noisy labels are trea-
sure: mean—teacher—assisted confident learning for he-
patic vessel segmentation[C]//Medical Image Com-
puting and Computer Assisted Intervention-MICCAI
2021:
France, 2021: 3-13.

Blum A |, Mitchell T. Combining labeled and unla-
beled data with co-training[C] /Proceedings of the

24th International Conference, Strasbourg,

Eleventh Annual Conference on Computational Learn-
ing Theory, Madison, USA, 1998: 92-100.

Codella N, Rotemberg V, Tschandl P, et al. Skin le-
sion analysis toward melanoma detection 2018: a chal-
lenge hosted by the international skin imaging collabo-
ration (isic) [J/OL]. [2023-07-23].
arXiv: 1902. 03368v2.

arXiv Preprint

Jaeger S, Karargyris A, Candemir S, et al. Auto-
matic tuberculosis screening using chest radiographs
[J]. IEEE Transactions on Medical Imaging, 2013,
33(2): 233-245.

Hssayeni M, Croock M, Salman A, et al. Intracra-
nial Hemorrhage Segmentation Using a Deep Convo-
lutional Model[J]. Data, 2020, 5(1): 1- 14.



