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Abstract: Objective Low-dose computed tomography (LDCT) has emerged as a critical imaging modality for minimizing
patient radiation exposure in diagnostic and screening protocols. However, the inherent physical trade-off between radia-
tion dose and image fidelity introduces severe quantum noise and streak artifacts, which degrade anatomical visibility and
compromise diagnostic confidence. While deep learning-based reconstruction techniques, particularly convolutional neural
networks (CNNs) and generative adversarial networks (GANs) , have demonstrated remarkable progress in learning direct

mappings from LDCT to normal-dose CT (NDCT) , they often suffer from intrinsic limitations. These include a tendency
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toward excessive smoothing that erodes fine pathological details, sensitivity to distribution shifts between training and clini-
cal data, high computational complexity, and a static processing paradigm that cannot adapt to the spatially heterogeneous
noise characteristics typical of LDCT scans. To overcome these challenges, this paper introduces HRDRL-Net (High-
Resolution Deep Reinforcement Learning Network ) , a novel framework that reformulates LDCT reconstruction as an adap=
tive, pixel-level decision-making process, aiming to achieve an optimal, context-aware balance between aggressive noise
suppression and faithful preservation of diagnostically critical structures. Method The proposed HRDRL-Net is grounded in
the theory of Markov decision processes (MDPs) and implemented using the asynchronous advantage actor-critic (A3C)
algorithm. The core innovation lies in its dual-path, multi-branch cooperative architecture. The upper path employs a dedi-
cated low-dose noise suppression module (LDNM) with a four-branch design (dilated convolution, identity mapping,
detail enhancement, and noise suppression) combined with-a dual-attention mechanism (channel and spatial) to extract
and refine multi-scale semantic features. The lower path utilizes a pre-defined Sobel operator followed by convolutional lay-
ers to explicitly extract and enhance structural edge information. Features from both paths are adaptively fused via a gating
mechanism, providing a rich state representation for the agent. A comprehensive, pre-defined action space of 14 distinct
image processing operators is designed, including Gaussian filters of varying strength, edge-preserving bilateral filters,
median filtering, non-local means filtering, guided filtering, and adaptive sharpening. This allows the agent to select the
most appropriate local processing strategy. Learning of the agent is guided by a composite, multi-dimensional reward func-
tion that integrates three key objectives: 1) a pixel-level fidelity term to minimize mean squared error, 2) a gradient struc-
ture similarity term to enforce edge and texture consistency, and 3) a local variance penalty term to selectively suppress
noise in uniform regions without over-smoothing high-gradient anatomical details. The policy network (actor) and value net-
work (critic) are both implemented as fully convolutional networks, enabling efficient per-pixel action probability predic-
tion and state-value estimation. The entire system is trained end-to-end, where the agent iteratively interacts with the
LDCT image environment, receives rewards based on its reconstruction actions, and updates its policy to maximize cumula-
tive future quality gains. Result HRDRL-Net was rigorously evaluated on two publicly available benchmark datasets: the
clinical Mayo Clinic LDCT Challenge Dataset and the experimental Piglet Dataset. It was compared against five state-of-the-
art deep learning methods: residual encoder-decoder convolutional neural network (RED-CNN) , dual domain generative
adversarial network, DUGAN)., CTformer, self-adaptive weight embedded lightweight network (SWELNet) , and multi-
stage multi-order context aggregation (MMCA ). Quantitative results on the Mayo test set show that HRDRL-Net achieved a
peak signal-to-noise ratio (PSNR) of 32. 319 + 1..016 dB, structural similarity index measure (SSIM) of 0. 897 + 0. 020,
and gradient magnitude similarity deviation (GMSD) of 0. 063 = 0. 008, outperforming all competitors. Compared to the
baselines, this represents an average improvement of ~1. 3% in PSNR, ~0. 7% in SSIM, and a ~6% reduction in GMSD.
On the Piglet dataset, it achieved a PSNR of 32. 263 + 1. 158 dB and SSIM of 0. 900 + 0. 009, confirming its strong cross-
domain generalization ability. Statistical significance of these performance gains was validated via Friedman tests (p <
0. 001 for all metrics across both datasets) and post-hoc Nemenyi tests. Ablation studies systematically validated the contri-
bution of each core design: the composite reward function improved PSNR by ~0.7 dB over a pixel-only reward; the full
action set provided a ~1. 2% SSIM gain over a basic set; the dual-path architecture reduced GMSD by ~2. 3% compared to
single-path variants; and the complete LDNM module enhanced PSNR by 0. 8 dB over a simple dilated convolution base-
line. Visual analysis, supported by residual maps and edge intensity profiles, demonstrates that HRDRL-Net uniquely
achieves thorough noise removal in homogeneous regions while preserving fine vasculature, organ boundaries, and tissue
textures, where other methods exhibit either residual noise, blurring, or structural distortion. Furthermore, HRDRL-Net
accomplishes this with high computational practicality, requiring only 0. 3 GB of GPU memory and offering a competitive
inference time, achieving a balance between reconstruction quality and resource efficiency. Conclusion This work presents
HRDRL-Net, a deep reinforcement learning framework that addresses the fundamental tension between noise suppression
and detail preservation in' LDCT reconstruction. By framing the problem as a sequential, adaptive decision-making task,
HRDRL-Net moves beyond static processing pipelines. Its synergistic design that features a dual-path feature extractor, a
rich action space, and a composite reward function enables intelligent, pixel-level adaptation to local image content. Exten-

sive experiments prove its superiority over current methods in terms of quantitative metrics, visual quality, statistical sig-
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nificance, and model generalization, while maintaining operational efficiency. The framework provides a robust, high-

fidelity, and practical solution, establishing a promising new direction for intelligent, adaptive processing in medical imag-

ing and offering strong potential for clinical translation to enhance the diagnostic utility of low-dose CT protocols.

Key words: Low-dose computed tomography; image reconstruction; deep learning; deep reinforcement learning; Multi-

scale dual attention
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Table 1 Action Space Settings
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Fig. 3  Gradual recovery process of CT images
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Table 2 HRDRL-Net Algorithm Process
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Table 3 Performance comparison of HRDRL~-Net with

varying training set sizes (meanzstandard deviation)
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Fig. 4 Average rewards and standard deviations of HRDRL-

Net after five training sessions
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Table 4 Principle of baseline methods and the setting of training parameters
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Table 5 Details of the ablation experiment design
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Fig. 5

Image reconstruction results for randomly selected samples from the Mayo test set. (a) Reconstructed images of five samples ;

(b) Residual maps of the reconstructed images for five samples; (c¢) Edge intensity profiles of three samples.
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Fig. 6 Evaluation metrics for image reconstruction results of three randomly selected samples from the Mayo test set
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Fig. 7 The statistical results of the evaluation indicators for image reconstruction of all samples in the Mayo test dataset
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Fig. 8

Image reconstruction results for two randomly selected samples from the Piglet test set
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Fig. 9 Statistical results of the evaluation indicators for image reconstruction of all samples in the Piglet test dataset
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Table 7 Friedman test results for performance differences

across different datasets

- Mayo Piglet
X2 p—value X’ p—value
PSNR (dB) 200.28 <0.001 208.28 <0.001
SSIM 210.14 <0.001 92.28 <0.001
GMSD 145.28 <0.001 77.63 <0.001

®8 ARREFIETE Mayo 7 Piglet H{#E & F A F19HE& (504
HA&, BZMHKEa=0.05)
Table 8 Average ranking of different methods on the

Mayo and Piglet datasets (50 samples, significance level @

=0. 05)
Mayo Piglet
ik Psdl\];R/ SSIM  GMSD Psdl\];R/ SSIM  GMSD
HRDRL-Net 1.1 13 12 1.0 1.0 1.0
SWELNet 21 21 39 59 57 35
MMCA 3.1 29 21 31 33 28
CTformer 38 49 3.1 21 25 21
DUGAN 48 37 44 39 42 58
REDCNN 59 60 58 48 49 43
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Table 9 Performance metrics (mean + standard deviation) of image reconstruction results obtained from ablation experi-

ments on the Mayo test set

A T A5 SSIM PSNR/dB GMSD AR
Eill [6]/s

&4 0.8843+0.0235  31.6328+1.0496  0.0703+0.0086  0.66

— PRI ) 0.8883+0.0216  31.9465+1.0101  0.0677+0.0076  0.42

R J7 22 1E41 0.8925+0.0217  32.1532+0.9524  0.0631+0.0081 0.59

REH CREE 4 0.8972 0.0202 32.3194 1.0158 0.0627 0.0078  0.62
Fnlisn e 0.8856+0.0231  31.6416+1.0598  0.0698+0.0084  0.46

ELE TR P 25 38 0.8889+0.0208  32.0223+1.0432  0.0636+0.0079  0.50

LREELR 0.8972 0.0202 323194 1.0158 0.0627 0.0078  0.62

IUOREE bR 0.8936+0.0209  32.1738+1.0287  0.0632+0.0081  0.72

XA I AT A0 H IR B AR 0.8890+0.0229  31.9731x1.0502  0.0649+0.0088  0.42

AR 0.8972 0.0202 323194 1.0158 0.0627 0.0078  0.62

Mk A AR 0.8842+0.0231  31.4921+1.0328  0.0728+0.0088  0.45

Fo B a1 1 0.8901x0.0227  31.6742+1.0723  0.0661x0.0079  0.49

LDNM BEHR 4 10 53 32 454 T I e 75 17 1 0.8916+0.0219  31.7853+0.9934  0.0657+0.0081  0.56

FEBR B 173 LIS 0.8930+0.0208  31.8219+1.0628  0.0649+0.0073  0.57

A SERERY Y 5332 0.8972 0.0202 32.3194 1.0158 0.0627 0.0078  0.62
BRI 0.8949+0.0217  32.0443+1.0273  0.0638+0.0078  0.61

e BBk SA 0.8953+0.0229  32.1224x1.0261  0.0637x0.0076  0.59

RRERIEW R ECA 0.8961+0.0207  32.0996+1.0123  0.0632+0.0080  0.67

ECA+SA 0.8972 0.0202 323194 1.0158 0.0627 0.0078 .62

Sobel 0.8972+0.0202  32.3194+1.0158  0.0627+0.0078  0.62

P Prewitt 0.8978+0.0228  32.3179+1.0260  0.0629+0.0076  0.66

Canny 0.8973+0.0206  32.3193+1.0162  0.0627+0.0079  0.72

Laplacian 0.8972+0.0208  32.3187+1.0194  0.0628+0.0080  0.70
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