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Abstract: Objective Low-dose computed tomography (LDCT) technology has attracted considerable attention in medical
imaging because of its capability to substantially reduce radiation exposure while preserving clinical diagnostic value. In

dental medicine, cone-beam CT (CBCT), as a pivotal 3D imaging technology, encounters a critical challenge: optimizing
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radiation dose control not only impacts image quality but also directly affects patient safety. However, dose reduction inevi-
tably intensifies quantum noise and artifact generation, which creates a dual challenge in oral imaging due to the complex
anatomical characteristics of regions. Although denoising techniques for low-dose pulmonary CT imaging have advanced
considerably, research on noise suppression in low-dose oral CBCT remains limited. The wide dynamic range between high-
density structures such as teeth and alveolar bone and low-density soft tissues including gingiva and mucosa, along with the
inherently low contrast of delicate anatomical features such as root canals, often leads to over-smoothing and loss of critical
details in current deep learning-based low-dose CT denoising algorithms. These limitations hinder clinical diagnostic accu-
racy, which underscores the need for tailored noise reduction strategies specific to the unique imaging challenges of oral
CBCT. Therefore, this study aims to explore an efficient denoising method for low-dose oral CBCT images. This method
achieves effective suppression of image noise and artifacts while maximally preserving detailed information of dental edges,
pulp chambers, and soft tissues, under the premise of ensuring radiation safety. Method A multi-scale attention-based
encoder-decoder network model is proposed to address the challenges of excessive noise, prominent artifacts, and blurred
details in low-dose dental CBCT images. The model adopts an end-to-end encoder-decoder architecture, which utilizes
multi-layer convolution, downsampling, and upsampling operations to achieve direct mapping from noisy images to high-
quality outputs. During the encoding phase, the network extracts low-, medium-, and high-level feature information
through multi-layer convolution and pooling operations, which progressively captures global and local semantic informa-
tion. In the decoding phase, upsampling and residual connections are employed to restore image details while preserving
high-resolution information. The core innovations of the model lie in the integration of the multi-scale feature fusion module
(MFFM) and the directional attention feature refinement module (DAFRM). The MFFM utilizes parallel convolutional ker-
nels of varying sizes to extract multi-scale features, followed by self-attention mechanisms to dynamically weight and fuse
these features. Thus, it comprehensively integrates information from tooth contours, bone structures, and soft tissue tex-
tures. The DAFRM focuses on enhancing regions with distinct spatial directional characteristics, such as the enamel-
dentinal junction and pulp chambers. By leveraging adaptive pooling and attention-weighted strategies along horizontal and
vertical orientations, this module strengthens the representation of critical anatomical details. To further optimize denoising
performance, a hybrid loss function is designed, which combines pixel-wise mean squared error, smoothness loss, and
structural similarity loss. Through multi-objective joint optimization, the network achieves noise suppression while main-
taining pixel-level accuracy, structural continuity, and realistic restoration of edge details. This approach ensures a bal-
ance between radiation safety and diagnostic fidelity, which provides a robust framework for high-quality image reconstruc-
tion in low-dose dental CBCT applications. Result Experiments were conducted on a low-dose dental CBCT dataset to sys-
tematically validate the effectiveness of the proposed denoising algorithm, and its performance was compared with those of
seven state-of-the-art denoising methods. Experimental results demonstrate significant improvements across all evaluation
metrics. The proposed model achieves a peak signal-to-noise ratio of 38. 40 dB, which outperforms RED-CNN and WGAN
by 3. 54 dB and 14 dB, respectively. For the structural similarity index, the model attains a value of 0. 952 4, which repre-
sents improvements of 3% and 18% over the aforementioned baselines. Visual comparisons further confirm that the pro-
posed method effectively preserves fine structures such as tooth edges and root canals while eliminating noise, avoiding
common over-smoothing artifacts, and yielding denoised images with superior visual clarity. To further verify the robust-
ness of the algorithm, additional tests were performed on CBCT datasets under varying dose levels. The results indicate that
the proposed model consistently delivers high-quality denoising performance across higher and lower doses, which demon-
strates strong adaptability to variations in noise distribution and intensity. This performance highlights the robust generaliza-
tion capability and reliability of the model in clinical scenarios with heterogeneous imaging parameters. Conclusion The
proposed multi-scale attention encoder-decoder network model for low-dose oral CBCT denoising effectively reduces noise
and artifacts induced by low-dose imaging while preserving critical structural details. This model provides high-quality
imaging foundations for subsequent clinical applications such as endodontic diagnosis and orthodontic treatment planning.

Key words: low-dose computed tomography (LDCT) ; cone-beam computed tomography (CBCT) ; image denoising;

encoder; decoder; attention mechanism
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Fig. 3 Visualization of denoising results of slice 1 by different models

((a) LDCT;(b) EDCNN;(c) UNAD; (d)CNN_OCT; (e)U-Net; (f) RED-CNN; () WGAN; (h)TED-Net; (i)ours; (j)NDCT)

(f) RED-CNN

(2) WGAN

(c) UNAD

(h) TED-Net

(d)CNN_OCT

() AL

K4 AREBADI] R 2 25 2R
Fig. 4 Visualization of denoising results of slice 2 by different models

((a) LDCT;(b) EDCNN;(c) UNAD;(d)CNN_OCT; (e)U-Net; (f) RED-CNN; (g) WGAN; (h)TED-Net; (i)ours; (j)NDCT)
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Fig. 5 Different models visualized the histograms of the
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Fig. 6 Visualization of denoising results ((a) 70 kV 6 mA ;
(b) 75kV 10 mA;(c) 80 kV 10 mA; (d) 85kV 10 mA;
(e) result of 70 kV 6 mA ; (f) result of 75 kV 10 mA;
(g) result of 80 kV 10 mA ; (h) result of 85 kV 10 mA)
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Table 1 Image evaluation indexes of noise reduction results of different models

il PSNR/dB 1 RMSE | SSIM 1
LDCT 29.5124+0.2150 0.033 5+ 0.000 8 0.795 0 + 0.007 3
EDCNN 34.618 9 +0.359 8 0.018 6 + 0.000 8 0.916 9 + 0.006 0
UNAD 31.4430+0.275 6 0.026 8 = 0.000 9 0.876 6 = 0.007 3
CNN_OCT 33.5555 +0.283 0 0.021 0 + 0.000 7 0.904 5 +0.006 0
U-Net 35.879 0 +0.532 8 0.016 1+0.001 0 0.926 8 + 0.006 3
RED-CNN 34.863 0+ 0.365 1 0.018 1 =0.000 8 0.920 1 = 0.005 5
WGAN 244121 +0.077 6 0.060 2 + 0.000 5 0.800 8 + 0.009 8
TED-Net 24.050 6 + 0.081 5 0.062 7 + 0.000 6 0.654 8 +0.001 0
AL 38.403 0 + 0.913 9 0.012 1 = 0.001 2 0.952 4 + 0.005 0
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Fig. 7 Boxplots of evaluation indicators of noise reduction results of different models
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Table 2 Evaluation indexes of different dose images before and after model treatment

AL PR 5 Fil i PSNR/dB 1 RMSE | SSIM 1
75 kV 10 mA 29.1672 +0.160 5 0.034 8 + 0.000 6 0.829 1 +0.007 6
Ab BT 80 kV 10 mA 30.217 8 +0.153 4 0.030 8 = 0.000 5 0.8523 = 0.006 5
85kV 10 mA 30.428 6 £ 0.269 5 0.030 1 = 0.000 9 0.845 3 + 0.007 6
75 kV 10 mA 35.466 4 + 0.615 1 0.016 9 = 0.001 2 0.936 2 = 0.006 2
A BR S 80 kV 10 mA 34.656 5 + 0.502 1 0.018 5+ 0.001 1 0.923 8 + 0.006 7
85 kV 10 mA 36.194 6 + 0.896 3 0.0156 = 0.001 6 0.938 1 = 0.007 3

T IR TR R A5 TR PR TEAS R A PR S5 A R 25 R . 1 3R BB MOCIR PR B 5 | 3R BUE U N FR BT
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A, e M1 7R ARSI ] A5 1) 4 i i SE A
M2 2R TSI MEFFEM , M3 7R 1 DAFRM , M4 3
IRUS PSRBT, RIS A SO vk o 400 2% BRI il S
5 8B4 o3 S PEAS Bt feft S Al IR 4 2k R R
Xif I 445 D MR g AL, L F R ol R R Bk,
L, s [l R R 2 DL R i i % L L, o fili
MR ZE PR I 2 TS5 A R0 A B &
P pREL

R3 HBXKER

Table 3 Experimental results of ablation

il PSNR/dBT  RMSE | SSIM 1
LDCT 295124 0.0335 0.795 0
MIL+L 33.806 6 0.020 4 0.843 7
M2+ 354390 0.0169 0.9232
M3+L 35.603 4 0.016 6 0.929 8
M4 +L 34.657 3 0.018 5 0.909 2
M4+ 35.716 2 0.016 4 0.925 3
M4 + L, (A30) 38.403 0 0.012 1 0.952 4
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Fig. 8 Experimental results of ablation
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