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Abstract

In recent years, numerous semi-supervised learning methods have emerged in the field of medical
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image analysis. Most of these methods follow either the consistency regularization-based semi-su-
pervised learning paradigm using the student-teacher framework or the pseudo-label-based semi-
supervised learning paradigm. However, there is limited research on integrating both paradigms.
Therefore, this paper proposes a semi-supervised semantic segmentation method based on a dual-
student single-teacher network, which combines consistency regularization and pseudo-label learn-
ing paradigms. By introducing an additional student network, the proposed method reduces the
likelihood of the model falling into local optima and mitigates the risk of parameter coupling be-
tween networks. Meanwhile, the incorporation of the UMIX module enables the generation of high-
quality pseudo labels, enhancing the model’s ability to extract useful information from unlabeled
data and ultimately improving segmentation performance. Extensive experiments on the ISIC 2017
and ISIC 2018 datasets demonstrate that the proposed method achieves superior segmentation per-
formance.
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Figure 1. The overview of DSST
[ 1. DSST 75 ARtk
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A LR ST R A B X B S5 o, TR A TN SRR (A A R B AR B N A LA s A
A HREAE KNy, O T AR A PR B 5 R o, SRR AR ) S FIPERE, AT
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Figure 2. The overview of UMIX
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FFAT RS, MY BERS A CR SO0 A v FE M SR 77, TR BEAE R AT BEAR IR L SL G PR % 3485 . ISIC
R GEEH jpg MR AR EG,  HH A . png A% A R B BEABFR S . BARRUE, 1SIC 2017 A7
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ERA IR, SR NVIDIA GeForce RTX 3090 GPU fF skt (ffdift, KM PyTorch HE4ESK
Mo AT HRESEIMAETE, A B R R 7SRRI SR EOR, AR . 2 B A BEAL
Wk . WIS RECE N 0.0001, FEEH AdamW fENfiibgs, #4 CosineAnnealingLR {E M2 > i fE
8. BRI, BAPRSEE G E N 10%, batch size W E N 8, epoch BB N 50. N T
TREE R TTFEVE, AN S0 0 2 ol R [R] S 56 Y 45 BT IE 15 2.
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Table 1. Comparisons with other semantic segmentation methods on different datasets

* 1 AEREREE LS EMIEX S RIGEHITHIEEE

Datasets Method DSC (%) mloU (%)
UTNetV2 [22] 87.23 79.98
TransFuse [23] 88.40 77.35
MobileViTv2 [24] 88.09 78.72
ISIC 2017
MobileNetv3 [25] 87.44 77.69
UCMT [9] 88.11 80.53
Ours 88.48 81.27
DAN [26] 84.26 75.15
UA-MT [27] 84.80 78.02
CPS [28] 84.72 76.81
TCSM [21] 84.71 75.55
MC-Net [29] 84.81 76.64
ISIC 2018
ASE-Net [30] 85.19 78.80
BFFC [31] 87.41 79.50
DSBD [32] 86.31 78.05
UCMT [9] 83.33 80.67
Ours 88.65 81.63

(b) (©) (d) (e) ® (® (h) (i)

Figure 3. Visualization of segmentation results from different models on the ISIC 2018 dataset
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DSC & 1 2.43%, mloU #&55 | 7.53%, HRAVEARR) 7RISR 1 o, IF HFGIESS [k iy 2
S A E . BhAh, FRATELE T4UE ] DSST HELE S8 IEIERE N UMIX A 5B 1 e
ZESE, BT S R XS B A X, UMIX 358D 1 bR s T I R e, 4R
7RSI E S S, BLmloU Jyffil, UMIX fEMEHHE S Eor ik 14 2.7% (ISIC 2017)H1 2.3%
(1sIC 2018)5@*%%% X E R T ORI BAG EAER R 5T, A 7R SO &
TRy EIRGE .

Table 2. Ablation study on different components
=z 2. TEIHMHRHRL SIS

ISIC 2017 ISIC 2018
Method
DSC (%) mloU (%) DSC (%) mloU (%)
Mean Teacher 85.94 74.52 84.86 72.05
DSST 87.10 79.10 87.29 79.58
DSST + UMIX (Ours) 88.48 81.27 88.76 81.44
DSC(%) mloU(%)
79.10 79.58
87.10 87.29
74 52
84 86 72 05
ISIC2017 ISIC2018 ISIC2017 ISIC2018
BN MmT B DSST Ours

Figure 4. Comparison of segmentation performance among different components
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B R SO TRHEZE R, MTRea SR aEIR A REER . KRM TR KX DSST
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