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Semi-supervised caries segmentation of panoramic X-ray images based on

multi-scale convolution and selective kernel dual-attention”
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Abstract ; Caries segmentation in panoramic X-ray images is an important prerequisite for early caries detection and subsequent
treatment. In order to achieve accurate and automatic segmentation of caries in panoramic X-ray images, a semi-supervised learning
framework with multi-scale convolution and selective kernel dual-attention mechanism is proposed. This framework aims to enhance the
generalization capability of the model by leveraging a large amount of unlabeled data, while addressing challenges such as blurred lesion
boundaries and low contrast in caries-affected regions. The framework adopts a teacher-student dual network architecture. It applies
multi-scale convolutional attention to deeply supervise the multilayer decoder in the student network, thereby improving its ability to
capture boundary details and distinguish between similar inter-class regions. Meanwhile, a selective kernel attention mechanism is
introduced to fuse multi-level predictions from the teacher network, adaptively selecting convolution kernels based on pixel-level
uncertainty to generate accurate uncertainty masks that guide the student’s learning process. Experiments conducted on the dataset 1 and
dataset 2 demonstrate that, on 265 slices, the dual attention mechanism achieves improvements over the baseline model of 3.91% ,

2.14% , and 5.35% in Dice coefficient, precision, and sensitivity, respectively. And on 530 slices, the improvements reach 1.39% ,
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5.69% , and 12.34% , verifying the method’s stability and adaptability on larger-scale data. Compared with traditional fully supervised

models, the proposed method achieves the highest improvements in Dice coefficient, precision, and sensitivity, with increases of

22.27% , 17.64% , and 24.57% , respectively. And compared with recent semi-supervised methods, it achieves improvements of up to

14.54% , 14.81% , and 11.96%

provides an accurate and robust solution for panoramic X-ray images.

respectively. This study not only significantly enhances caries segmentation performance but also

Keywords : caries segmentation; semi-supervised learning; dual-attention mechanism; panoramic X-ray images
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Fig. 1  Workflow diagram of the MSC-SK DACariesNet model
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Table 1 Performance comparison between classical
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Fig. 4 Comparison diagram of network segmentation result on dataset 1
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Fig.5 Comparison diagram of network segmentation result on dataset 2
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£ 2 | Dice Z%rh 61.06% £ TH & 63.07% , T+ T
2.01% , o HOM AN 5 KB 0 3 38 1 SR RE gL i —
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Table 3 Ablation study under two attention mechanisms on dataset 1
el DICE 545 SEN 545 PRE 545 DICE 3, SENsy, PRE 3,
MLUA 61. 14 59. 04 69. 16 69. 54 68. 43 73.71
MLUA+MSCA 63.77 60. 99 72.26 68. 60 67.35 74.67
MLUA+SKA 63.50 62. 66 69. 18 70.22 70. 86 72.44
MLUA+MSCA+SKA 65.05 1 61.18 74.51 1 70.93 1 69. 20 76.03 1
x4 HIEK2 FNEMEENNG THERMER
Table 4 Ablation study under two attention 3 75 'L/I:\.

mechanisms on dataset 2

A DICE 55 SEN 5 PRE s

MLUA 61.06 58.27 69. 71

MLUA+MSCA 62. 89 61.14 71.34

MLUA +SKA 63. 07 61.83 69.77
MLUA+MSCA+SKA 64.951 61.13 74.68 1

ML YR 5] MSCA 5 SKA P AN 3 S ML i, 5
RIPEREE— D4, EBHELE | b Dice R%h 61. 14%
PTFE 65.05% ,H2TF T 3. 91% ; 7EEEAE 2 1 Dice &%k
i 61. 06% T+ = 64. 95% ,I-F+ T 3. 89% , #F—2E400E T
XU T 7 Rl RS A DXt D 728 DX 5 4 5 T DXk
7 TR A S0 S R

IR b ZERORAE 1 /0 530 M b, SUEE T
BLEI R EI800 B R € 1, Bl 5| A MSCA B Dice %X
FH 69.54% T [% % 68.60% , FF& T 0.94%, Hp5] A
SKA W} Dice Z ¥ H 69.54% & F+ & 70.22% , #:F+ T
0.68% , MiFEIAF 5] A MSCA 5 SKA -~ & 1 HL ) it
Dice R BH 69.54% 2T+ & 70.93% , T+ T 1.39% ,
MSCA $2F T P25 11 Dice R EFIE ER  SKA & T M
RS, —F RG] AR SKA B 2UAME T MSCA 1)
RER HE R Dice ZB0, 7 MU FIAr iR E5 KL
RIH WE T U BB B Al R s E R LA e
T EA W R AR e Pt Az AL R

A1, MSC-SK DA CariesNet F& 31 H (0 14 K E 358 17
PE o TERARAE 1 S ABHR BN 265 VTP 2
530 Y) it Dice 2% 61. 14% $:F+ = 70. 93% , ¥ T+
T 9.84% ; RAKE i 58. 21% $&FH & 70.55% , = TF T
12.34% ; & MER M 63.45% T+ & 74. 2% , 3T+ T
11.27% , B E T 53 76 3 OB B0 4 b iy R e IR 4k
REJ1 . 2RIy Bt A Hicdi 4 2 P A RS0 E, F — 2P
ENIE T MSC-SK DACariesNet 7/ [f] £ 40 5 I 5 FE A 43
MET Y EA R IR T Rk fa bk

BEXT A5 X G ZRIEUG G Vg 28 0] HE BEAIR 320 FER |
N Z ARG Rl - T — M2 T MSC-SK DACariesNet
45t X LR IEMRIE 14 73 %17k . MSC-SK DACariesNet
FFH/INER A3 A G R I SR BOMAR AL F F K i R pRid
UG S R A SR T v B 25 AL, BT
P AR RIS I T 22 RUBE A BRI M A U 1 2 AL
) A £ o LS 2 RUBE IS 147 79 0 BUMERE . S SRIE T s Y
AR AEBAEE 1R 2 BT T RS, SRR,
Dice ZREL AR R AR T 2 M 2 B 25|
WAy B T 22.16% ~ 22.27% . 17% ~ 17.64% #
21.75% ~24. 57% MBS T AT 2 B 27 ) B0k 43 ol 42
BT 3.91% ~ 14.54% . 2. 14% ~ 14.81% F1 5.35% ~
11..96% , AHASTHS g 2 Jy ML A iy 330k 20 il 4 s 1
3.91% 2. 14% 1 5.35% ., && LRk, Br i i iy 05 ik e 42
B AR R E 2R TRk B TR R MERE DR AE A [R) B
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