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Although low-dose CT (LDCT) helps to minimize radiation risks, it typically introduces noticeable noise 

artifacts that degrade the image clarity and hinder accurate clinical assessments. To address this problem, 

we introduce a new multi-level attention-based deep learning framework, RDA-Net, for efficiently 

suppressing noise in LDCT images and enhancing the recovery of structural details. The network, which  

has an encoder–decoder architecture, incorporates a composite convolutional module 

(Conv3×3→Conv5×5) to expand the receptive field. Temperature-enhance channel and special attention 

modules, which combine lightweight channel attention with temperature-regulated spatial attention to 

facilitate fine-grained feature modeling and noise suppression, are symmetrically embedded within the 

main network structure. This design effectively highlights critical regions while suppressing redundant 

features. To better recover fine structural details, the bottleneck layer incorporates an atrous spatial 

pyramid pooling module that captures contextual features through dilated convolutions at multiple scales. 

In addition, the network incorporates a three-level skip residual connection strategy to preserve shallow 

features, and also employs input-level residual learning to enhance training stability and reconstruction 

accuracy. Validation using the open-access LDCT dataset from the 2016 AAPM-Mayo Low Dose CT 

Challenge indicates that RDA-Net achieves values of 33.0235, 0.9100, and 9.1173 for the peak signal-to-

noise ratio, structural similarity index measure, and root mean square error, respectively. RDA-Net 

demonstrates significant improvements over existing methods such as EDCNN, RED-CNN, and CTformer, 

and yields the best overall performance. Finally, experimental results confirm the model’s strong ability 

to suppress noise and preserve details, underscoring its applicability in real-world scenarios. 

Povzetek: Študija predstavi RDA-Net za razšumljanje LDCT, ki združi sestavljene konvolucije, 

temperaturno okrepljeno kanalno in prostorsko pozornost, ASPP ter večnivojske povratne povezave za 

ohranitev podrobnosti in stabilno rekonstrukcijo.

1  Introduction 

CT imaging plays a crucial role in non-invasive clinical 

diagnostics, yet the ionizing radiation that it uses may 

present health concerns, especially for patients who need 

repeated scans such as pediatric monitoring and tumor 

follow-up examinations, where radiation exposure is of 

greater concern. To address this problem, low-dose CT 

(LDCT) technology has emerged as a solution that 

reduces radiation exposure. However, reducing the 

radiation dose often compromises the signal-to-noise 

ratio, resulting in increased noise and diminished detail 

and thereby affecting diagnostic reliability. Consequently, 

a key challenge in current research is how to effectively 

suppress image noise to improve image quality while 

maintaining low radiation doses. 

 

Traditional denoising approaches, such as BM3D, Non-

Local Means (NLM) filtering, sparse representation, and 

dictionary learning methods, primarily rely on low-rank 

or non-local similarity assumptions about the images. 

While these methods are effective under relatively simple 

noise conditions, they perform poorly when handling 

complex structures or non-uniform noise distributions 

that are typical of medical images. Table 1 summarizes 

the characteristics of these traditional methods. 

The evolution of deep learning in recent years has 

significantly advanced convolutional neural network 

(CNN)-based image denoising. With strong feature 

representation and structure learning abilities, CNNs 

have opened new avenues for LDCT image quality 

enhancement.
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Table 1: Characteristics of traditional denoising models 

Model Advantages Disadvantages 

Methods Not dependent on projection data. Difficult to efficiently remove image noise and 

artifacts. 

BM3D Effectively removes Gaussian noise; 

preserves fine details; no need for 

training data. 

Weak in handling complex CT structures; poor 

generalization to non-Gaussian noise; sensitive to 

parameter settings. 

Non-Local Means 

(NLM) 

Exploits non-local self-similarity; 

theory is clear and interpretable. 

Prone to blurring; limited denoising performance 

on complex structures; high computational cost. 

Sparse 

Representation and 

Dictionary 

Learning 

Learns sparse representation of image 

patches; capable of reconstructing 

structural details. 

High training cost; low practicality; unstable 

results for LDCT image restoration. 

RED-CNN is one of the earliest deep models that was 

applied to LDCT image denoising. By incorporating a 

symmetric encoder–decoder structure and a residual 

learning mechanism, RED-CNN improves reconstruction 

performance while preserving image details, effectively 

suppressing noise and retaining structural information. 

DnCNN employs deeper convolutional layers and 

residual mapping, enhancing adaptability to varying 

noise levels and achieving promising results in natural 

image denoising. To better preserve edges and fine details 

in medical images, EDCNN introduced a learnable edge-

enhancement module and a composite loss function, 

improving the retention of image textures and structures 

while suppressing noise. 

Although these methods enhance reconstruction while 

preserving details, they still face two major limitations: 

(1) convolution layers have a limited receptive field,  

which hampers the capture of multi-scale contextual 

information; and (2) these methods do not adequately 

model salient regions owing to insufficient suppression 

of redundant features, which restricts further 

improvements in their reconstruction performance. 

Inspired by the recent success of transformer-based 

models in vision tasks, researchers are increasingly 

exploring the use of transformers in the context of 

medical imaging. CTformer is one of the earliest models 

that applied the transformer framework to LDCT 

denoising, utilizing self-attention to capture long-range 

dependencies and strengthen the modeling of global 

structural features. However, pure transformer-based 

models often struggle with modeling fine details and 

suffer from high computational complexity, which limits 

their applicability in real-world medical imaging 

scenarios. 

Despite the progress made by existing approaches in 

LDCT denoising, challenges remain with respect to 

balancing noise suppression with detail preservation and 

achieving a trade-off between modeling capability and 

computational efficiency. These challenges are especially 

critical under ultra-low-dose imaging conditions, where 

it is extremely difficult to recover tissue edges, textures, 

and structural details from highly degraded data. Table 2 

summarizes the characteristics of existing deep learning-

based denoising models. 

To provide a clear comparison of existing CT denoising 

methods, Table 3 summarizes both traditional and deep 

learning-based approaches along with their reported 

quantitative performance on the AAPM-Mayo LDCT 

dataset. This table highlights the improvements achieved 

by RDA-Net.

 

Table 2: Characteristics of deep learning-based denoising models. 

Model Advantages Disadvantages 

RED-CNN Employs symmetric structure and residual 

learning to enhance training stability; 

outperforms traditional methods in denoising; 

simple and easy to implement. 

Limited capability for recovering low-

frequency structures; lacks global 

attention modeling; insufficient 

contextual understanding. 

DnCNN Utilizes deep networks with residual learning; 

handles varying noise levels; is widely 

applicable. 

Lacks consideration of structural details 

in medical images; struggles to restore 

fine structures and smooth gradients. 

EDCNN Introduces edge-aware modules (such as 

Sobel) and composite loss functions to 

enhance detail preservation and edge structure 

recovery. 

Poor performance on complex structures; 

limited ability to handle large-scale 

contexts and long-range dependencies. 
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CTformer Uses a transformer for global attention 

modeling; captures long-range dependencies; 

excels at preserving detailed features. 

High computational cost; large memory 

requirements; insufficient modeling of 

local structural details under low-dose 

conditions. 

 

Table 3: Comparison of related work 

Method PSNR SSIM RMSE 

BM3D 30.1201 0.8870 10.2367 

NLM 29.8502 0.8805 10.4543 

EDCNN 32.4052 0.9072 9.8475 

RED-CNN 32.5899 0.9069 9.5776 

CTformer 32.7999 0.9077 9.3699 

RDA-Net (our 

method) 

33.0235 0.9100 9.1173 

 

To overcome the limitations of previous models, we 

propose a new denoising framework for LDCT images, 

which we call RDA-Net (Residual-enhanced Dual 

Attention Network). This model, which is built on a 

standard encoder-decoder framework [28], incorporates a 

multi-scale convolutional design featuring parallel 3×3 

and 5×5 convolutions, while maintaining residual 

connections for skip links within the encoder. This 

strategy effectively enlarges the receptive field, improves 

feature representation, and better preserves image details. 

A lightweight yet effective dual-channel attention 

module, the Temperature-Enhanced Channel and Spatial 

Attention (TECA) module, is introduced at key stages in 

the network to suppress redundant responses and 

emphasize structural regions and thereby improve both 

detail preservation and noise suppression. Additionally, 

adaptive pooling is combined with an atrous spatial 

pyramid pooling (ASPP) module in the bottleneck layer, 

which enhances the model’s ability to extract contextual 

cues across scales[31]. 

Extensive evaluations using several public LDCT 

datasets reveal that RDA-Net accurately restores multi-

scale textures and structural features, outperforming 

state-of-the-art models in the peak signal-to-noise ratio 

(PSNR), structural similarity index measure (SSIM), and 

root mean square error (RMSE). RDA-Net’s superior 

performance compared to multiple cutting-edge methods 

indicates a more effective balance between structural 

fidelity and noise suppression. 

2 Denoising model 

Deep learning approaches for LDCT image denoising 

focus on learning an effective image mapping function. 

The networks aim to restore a high-quality image from 

noisy LDCT input, closely approximating the visual 

quality of standard-dose CT images. The denoising 

model can be formulated as follows. Let M signify the 

observed low-dose image and N the ideal normal-dose 

(reference) image. Formula (1) defines the relationship 

between M and N: 

 

𝑀 =   𝜂(𝑁)                                                                     (1)  

 

where 𝜂  represents the process in which the normal-

dose CT (NDCT) image undergoes nonlinear degradation 

to generate an LDCT image M corresponding to a given 

dose threshold. The denoising task is to find a function ϕ 

that satisfies formula (2): 

𝑎𝑟𝑔 𝑚𝑖𝑛
𝜙

||𝜙(𝑀) − 𝑁||
2

2
                                               (2)  

where ϕ denotes the set of function parameters optimized 

during training to minimize the objective function. 

3 The RDA-Net model 

3.1 Overall architecture 

RDA-Net is purpose-built for denoising tasks involving 

LDCT imagery. It has an encoder–decoder architecture 

that incorporates both multi-scale context modeling and 

a dual-attention enhancement strategy. The overall 

architecture comprises three primary modules, as 

illustrated in Figure 1: 

1. the downsampling path, which progressively extracts 

hierarchical features and compresses spatial information; 

2. the bottleneck layer,  which incorporates the ASPP 

module and derives contextual features across multiple 

spatial dimensions; 

3. the upsampling path, which restores spatial resolution 

while fusing shallow detail features. 

The overall architecture incorporates three types of 

residual connections and symmetrical attention modules 

to ensure robust denoising performance while enhancing 

the preservation of fine image structures. 
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Figure 1: Overall Architecture of RDA-Net 

 

3.2 The TECA module 

3.2.1 The TECA architecture 

Inspired by the CBAM module, we propose a lightweight 

yet more adaptive dual-attention mechanism, the 

temperature-enhanced channel and spatial attention 

(TECA) module. This module has a dual-branch structure 

that collaboratively optimizes feature responses along the 

channel and spatial dimensions. Figure 2 depicts the 

structural design of the TECA module. The spatial 

attention branch uses a learnable temperature parameter 

to enhance the model’s adaptability and expressive 

capacity. This mechanism increases the network’s 

sensitivity to detailed regions and mitigates the problem 

of low response that is typically caused by the standard 

sigmoid activation. The channel attention path employs 

an efficient channel attention (ECA) module to substitute 

the original CBAM design, which achieves a notable 

reduction in the number of parameters and the 

computational load without compromising effectiveness, 

thereby making the TECA module particularly suitable 

for resource-constrained scenarios. 

 

Input

Channel
Attention
Module

Spatial
Attention
Module

× ×
Output

Channel
weight

Spatial
weight

Figure 2: Structure of the TECA module 

 

 

3.2.2 Channel attention 

The original CBAM uses a multi-layer perceptron (MLP) 

to learn channel-wise dependencies, which improves 

performance but requires a considerable number of 

parameters and costly computations. To mitigate this 

problem, TECA incorporates the ECA mechanism, which 
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leverages 1D local convolutions in place of fully 

connected layers for efficient channel modeling. 

Global average pooling is initially performed on the input 

features to generate a channel-wise descriptor. This 

descriptor is then processed by a lightweight 1D 

convolution with kernel size k applied along the channel 

dimension to capture local cross-channel interactions, 

followed by a sigmoid activation to produce channel-

wise weights. The ECA module avoids dimensionality 

reduction and restoration steps, thereby preserving the 

integrity of feature representations while significantly 

reducing the parameter overhead. As illustrated in Figure 

3, this step explicitly employs a 1D convolution—rather 

than a pointwise convolution—across the channels to 

model efficient local channel dependencies. 

3.2.3 Spatial attention 

In CBAM, spatial attention is generated by concatenating 

feature maps obtained from max pooling and average 

pooling, then using a convolutional layer to produce a 

spatial attention map. However, due to the saturation 

characteristic of the sigmoid activation function, the 

resulting attention maps can become overly smooth, 

making it difficult to effectively capture fine-grained 

spatial features. To address this limitation, the TECA 

module introduces a trainable temperature parameter τ to 

modulate the strength of the sigmoid response by 

smoothing the sigmoid function’s output. Equation (3) is 

the modified activation definition that is used in the 

spatial attention branch: 

 

𝛾𝑠𝑝𝑎𝑡𝑖𝑎𝑙 = 𝜎 (
𝐶𝑜𝑛𝑣(𝐴𝑣𝑔𝑀𝑎𝑥(𝑥))

𝜏
)                      (3)  

 

The initial value of τ is set to 0.5, and it is adaptively 

optimized during training through gradient descent. Our 

implementation realizes the Conv(AvgMax(x)) operation 

by using parallel 3×3 and 5×5 convolutions on the 

concatenated average- and max-pooled feature maps, 

which improves the model’s ability to capture both local 

details and broader contextual cues. This design 

introduces 71 additional parameters (19 from the 3×3 

convolution, 51 from the 5×5 convolution, and 1 from τ). 

After scaling by the learnable parameter τ, the output is 

activated via the function σ to produce spatial attention 

weights γ_spatial, as depicted in Figure 4. This 

mechanism allows dynamic adjustment of the attention 

response range under varying input distributions, 

significantly improving the spatial attention module's 

ability to localize key regions. 

Table 4 compares the CBAM and TECA modules. 

Table 4: Comparison of CBAM and TECA 

Component CBAM TECA Improvements by TECA 

Channel Attention Fully connected (FC) + MLP ECA + 1D convolution Parameter-free; model size 

reduced by >98% 

Spatial Attention Fixed sigmoid activation Temperature-modulated 

sigmoid 

Adaptive attention scaling 

Parameter Count 𝐶2

𝑟
+ 49 

(𝑘 + 1) + 71 Reduced by at least 2 orders 

of magnitude 

Computational 

Complexity 
O(

𝐻𝑊𝐶2

𝑟
) 

O(𝐻𝑊 + 𝑘𝐶) Reduced by 30–50% 

Note: C = number of channels; H, W = spatial dimensions; I = reduction ratio; k = ECA kernel size. 
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Figure 3: Channel attention structure. 
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Figure 4: Spatial attention structure 

 

3.3 Composite loss design 

To enhance both visual fidelity and perceptual precision, 

we formulate a hybrid loss function by combining pixel-

wise errors with perceptual discrepancies in the feature 

space. This loss function provides more comprehensive 

guidance for the model during training. The total loss, 

shown in equation (4), integrates the MSE and perceptual 

loss for balanced training objectives: 

 
ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑀𝑆𝐸 + 𝛽 · ℒ𝑝𝑒𝑟𝑐𝑒𝑝𝑡𝑢𝑎𝑙 ,                               (4) 
 

where 𝛽  is a weighting hyperparameter that balances 

the contribution of perceptual loss. In our experiments, 

we set 𝛽 = 0.1, which maintains pixel-level accuracy 

while encouraging the network to learn higher-level 

semantic and structural features. 

By combining the two losses, the network is guided to 

preserve fine pixel details while also improving structural 

consistency and visual contrast. We verified the 

effectiveness and stability of this hybrid loss through 

practical experiments in CT image denoising. 

3.3.1 Pixel-wise mean squared error loss 

MSE loss quantifies pixel-wise discrepancies between 

predicted outputs and corresponding high-dose CT 

images, thereby contributing to the preservation of 

overall brightness and texture uniformity. Equation (5) 

gives the MSE loss: 

ℒ𝑀𝑆𝐸 =
1

𝑁
∑(𝑥𝑖 − 𝑦𝑖)2

𝑁

𝑖=1

                                                (5)  

where 𝑥𝑖 and 𝑦𝑖  represent the 𝑖-th pixel values in the 

predicted and reference images, respectively, and 𝑁 is 

the total pixel count. 

3.3.2 Perceptual loss function 

A perceptual loss based on feature space is incorporated 

in the model to enhance its sensitivity to structural 

patterns and high-level semantic content. This loss is 

computed as the MSE between intermediate feature 

representations extracted from a pre-trained VGG 

network, as shown in equation (6): 

ℒ𝑝𝑒𝑟𝑐𝑒𝑝𝑡𝑢𝑎𝑙 = ||𝜇(𝑥∗) − 𝜇(𝑦)||
2′

2
                            (6)  

where 𝜇(·) represents features extracted from the early 

layers of the VGG network, 𝑥∗ is the output image, and 

𝑦  is its high-dose counterpart. To better suit single-

channel grayscale medical images, we develop a custom 

VGG16-based feature extractor adapted for one-channel 

input. The input data are normalized to ensure that their 

statistical properties match those of real CT image 

distributions with respect to the mean and variance. 

While standard pretrained VGG16s (e.g., ImageNet) are 

trained on RGB natural images, their early features are 

not optimized for single-channel medical images and 

may emphasize irrelevant color patterns. Our custom 

single-channel VGG16 provides features that are better 

aligned with CT image characteristics. Compared to 

standard pretrained VGG16s, custom VGG16s can 

improve denoising performance by capturing more 

accurate structural details in LDCT images, which 

confirms the advantage of our tailored feature extractor 

for perceptual loss in medical imaging. 

3.4 Atrous spacial pyramid pooling 

In CNNs, the receptive field size plays a crucial role in 

enabling the model to extract contextual cues from image 

data. Conventional convolution and pooling methods 

typically reduce the resolution of feature maps when 

attempting to expand the receptive field, which 

negatively impacts the preservation of fine-grained 

structures. To address this limitation, we integrate an 

ASPP module into the bottleneck section of the RDA-Net 

framework, as illustrated in Figure 5. This design 

enhances the model’s ability to recognize structural 

patterns and noise across multiple spatial scales. The 

ASPP structure consists of four parallel atrous 

convolution paths with dilation rates of 1, 6, 12, and 18. 

We selected these rates based on a combination of 

empirical testing and established practice in prior 

literature: The dilation rate 1 captures fine-grained, local 

details; the rates 6 and 12 provide mid-range context, 

allowing the network to integrate structural information 

at moderate scales; and the rate 18 captures long-range 

dependencies, enabling global contextual awareness 

without reducing feature map resolution. 

The outputs from all branches are concatenated along the 

channel dimension and further refined with a 1 × 1 

convolution to produce enhanced multi-scale contextual 

features, which are critical for effectively denoising 

LDCT images. 
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Figure 5: ASPP architecture diagram 

3.5 Activation function and output range 

constraint 

To better preserve image details while suppressing 

background noise, we adopted LeakyReLU as the 

activation function in RDA-Net. By introducing a non-

zero slope on the negative axis, LeakyReLU mitigates the 

“dead neuron” issue commonly encountered when the 

traditional ReLU is used for LDCT images. All 

convolution and deconvolution outputs are activated 

using LeakyReLU(0.01), which enhances nonlinear 

representation capability and stabilizes the training 

process. Equation system (7) defines the leaky activation 

function: 

Leaky ReLU(𝑥) = {
𝑥          𝑖𝑓 𝑥 > 0
𝛼𝑥       𝑖𝑓 𝑥 ≤ 0

                      (7)  

where 𝛼 is a small constant, typically set to 0.01. During 

backpropagation, this function provides a non-zero 

gradient for inputs less than zero (unlike ReLU, which 

yields zero), thereby preventing jagged gradient flow and 

improving training stability. 

To maintain the output image within the standardized 

grayscale interval [0, 1], the final network layer is 

followed by the application of a torch.clamp() function to 

constrain the pixel values. This clips each pixel value to 

the range [0,1], which ensures that the denoised image 

has a valid and consistent intensity distribution, avoiding 

outlier values and improving its clinical reliability. 

3.6 Residual connections and multi-scale 

feature fusion 

RDA-Net employs multiple residual links and a multi-

scale feature fusion strategy across its feature extraction 

and reconstruction processes to effectively combine 

semantic and structural cues at various scales. During the 

encoding phase, residual preservation nodes (residual_1, 

residual_2, residual_3, and residual_4) are introduced at 

the first, second, third, and fourth layers, respectively. 

These nodes store essential intermediate feature 

representations. In the decoding phase, the preserved 

residual features are progressively added back to the 

corresponding deconvolution layers. This design allows 

the decoder to utilize intermediate features from the 

encoder during reconstruction, thereby enhancing both 

the accuracy and the consistency of feature recovery. 

4 Experiments and results 

4.1 Data sources and preprocessing 

procedures 

The dataset that was utilized in this study is sourced from 

the 2016 AAPM-Mayo Low Dose CT Challenge, which 

provides abdominal CT scan data. This dataset includes a 

total of 2,378 slices with 3.0 mm thickness in both low-

dose (quarter-dose) and full-dose formats across 10 

anonymized patients. For testing, we used the data from 

patient L506, and the data for the other nine patients were 

allocated for training, maintaining a 9:1 training-to-

testing ratio. 

Each patient’s DICOM images were first read and sorted 

according to the ImagePositionPatient field to reconstruct 

standardized 3D volume data. The raw pixel values were 

then converted to Hounsfield units (HUs) to unify the 

grayscale range. Abnormal pixel values were 

standardized to 0. The HU values were scaled to [0, 1] 

using the interval [-1024, 3072], which encompasses 

typical tissue density levels. After preprocessing, images 

were saved in .npy format and named using the 

convention patientID_sliceID_input/target, which 

facilitates streamlined data loading during network 

training. This preprocessing pipeline significantly 

improves the data consistency and reduces noise during 

model training, thereby providing standardized inputs for 

CT image denoising tasks. 

4.2 Experimental setup and evaluation 

metrics 

Training details 

Framework: PyTorch on Ubuntu OS 

Dataset split: The experiments used 50 abdominal CT 

cases from the AAPM-Mayo “Low Dose CT Image and 

Projection Data.” The cases were divided with a 9:1 ratio 

between the training/validation and test collections. 

Specifically, 45 cases were used for the model 

development, among which 40 were employed for 

training and 5 for validation, and the remaining 5 cases 

were held out as the independent test set. This separation 

ensures fair evaluation and prevents data leakage across 

phases. 

Input normalization: The original DICOM images were 

windowed to [−160, 240 HU] and then normalized to [−1, 

1]. 

Patch extraction strategy: During training, random 

patches of size 64×64 were extracted from each slice (10 

patches per slice). This increases data diversity, reduces 
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the GPU memory load, and accelerates convergence. 

During validation and testing, however, the full CT slices 

were used without patch extraction. This preserves spatial 

coherence in inference and avoids potential artifacts at 

patch boundaries. 

Optimizer: Adam 

Initial learning rate: 1×10−5 

Batch Size: 16 

Training epochs: 100 

Checkpointing: Parameters were saved every 1,000 

iterations, and performance was tested every 13,000 

iterations. 

Data pairing: Training and validation utilized paired CT 

images from low-dose (quarter_3mm) and normal-dose 

(full_3mm) scans. 

 

Evaluation metrics 

To thoroughly evaluate the model’s denoising 

capabilities, three widely recognized image quality 

metrics were adopted: 

PSNR: Quantifies the reconstruction error at the pixel 

level, with higher values implying better fidelity. 

SSIM: Evaluates structural fidelity by comparing 

brightness, contrast, and textural patterns, with values 

close to 1 indicating more accurate preservation. 

RMSE: Measures the global deviation between output 

and ground truth, with lower values indicating greater 

similarity. 

 

Statistical analysis 

To rigorously validate the superiority of our proposed 

RDA-Net over the comparison methods, we conducted 

paired t-tests on the PSNR, SSIM, and RMSE across the 

test dataset (Table 5). In addition, we report 95% 

confidence intervals for all metrics, thereby providing a 

quantitative assessment of variability and robustness. As 

shown in Table 6, RDA-Net achieved a PSNR of 33.0200 

±  0.14 dB, an SSIM of 0.9104 ±  0.0014, and an 

RMSE of 9.1160 ± 0.0142. Compared to RED-CNN 

and CTformer, the improvements are statistically 

significant (paired t-test, p < 0.001 for most metrics). 

These analyses confirm that the observed improvements 

are statistically significant and not due to chance, and 

thus demonstrate the robustness and reliability of our 

proposed method. 

 

Table 5: Paired t-tests (vs RDA-Net). 

Refer-

ence 

Compar-

ison 

t-stat p-value 

RDA-

Net 

RED-

CNN 

PSNR: 

22.0454 

SSIM: 

11.2056 

PSNR: 2.5058e-

05 

SSIM: 3.6116e-

04 

RMSE: 

  -66.2808 

RMSE: 

  3.1041e-07 

RDA-

Net 

CTformer PSNR: 

3.8103 

SSIM: 

4.8107 

RMSE: 

  -22.6488 

PSNR: 1.8935e-

02 

SSIM: 8.5809e-

03 

RMSE: 

  2.2508e-05 

 

Table 6: Mean±CI. 

Method PSNR 

mean ± 

95% CI 

SSIM 

mean ± 

95% CI 

RMSE 

mean ± 

95% CI 

RED-CNN 32.5200 

± 0.1039 

0.9028 ± 

0.0010 

9.3640 ± 

0.0142 

CTformer 32.7800 

± 0.1039 

0.9068 ± 

0.0010 

9.3000 ± 

0.0196 

RDA-Net 33.0200 

± 0.1416 

0.9104 ± 

0.0014 

9.1160 ± 

0.0142 

 

4.3 Comparative experiments 

To critically evaluate RDA-Net’s performance in LDCT 

image denoising, we conducted comparative studies with 

three leading baseline models: RED-CNN, EDCNN, and 

CTformer. The evaluations include both quantitative 

metrics and qualitative visual analysis to ensure a 

comprehensive comparison of noise removal and 

structure preservation. 

As summarized in Table 7, the quantitative results 

demonstrate that RDA-Net consistently surpasses all 

three baseline methods in terms of the PSNR, SSIM, and 

RMSE, which underscores its strong performance in both 

denoising and maintaining structural integrity. 

To further support the robustness of our method beyond 

the training setup, we also conducted compartive 

experiments on 1mm slice thickness data contained in the 

same dataset, which were not used for the model 

development. These thinner-slice images differ 

substantially from their 3 mm counterparts in terms of 

noise characteristics and spatial resolution, and therefore 

serve as a meaningful domain shift within the dataset. 

The consistent performance of RDA-Net on this unseen 

1 mm subset indicates that it can generalize across 

varying reconstruction settings, even though our study 

intentionally focuses on the Mayo dataset.
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Table 7: Comparisons of PSNR, SSIM and RMSE. 

Network PSNR(3mm) SSIM(3mm) RMSE(3mm) PSNR(1mm) SSIM(1mm) RMSE(1mm) 

LDCT 29.2489 0.8759 14.2416 24.4688 0.8246 24.6370 

EDCNN 32.4052 0.9072 9.8475 25.5776 0.8366 19.2673 

RED-

CNN 

32.5899 0.9069 9.5776 26.7513 0.8463 18.7128 

CTformer 32.7999 0.9077 9.3699 27.5328 0.8416 17.2718 

RDA-Net 33.0235 0.9100 9.1173 28.4181 0.8492 15.4928 

For clearer visual assessment of the models’ denoising 

effectiveness on real LDCT data, two sample slices were 

randomly selected from the test set, and regions of 

interest (ROIs) at identical locations (marked with red 

rectangles) were highlighted for an enlarged comparison, 

as shown in Figures 6–9. RDA-Net produces 

reconstructions that visually and quantitatively resemble 

NDCT scans, whereas the initial LDCT images display 

significant speckle noise and edge blurring. While RED-

CNN and EDCNN effectively reduce overall noise, they 

retain noticeable residual noise in low-contrast regions. 

CTformer performs better in preserving fine details but 

still suffers from over-smoothing and blurring at tissue 

boundaries. In contrast, RDA-Net strikes a superior 

balance between noise suppression and structural 

preservation: It not only effectively suppresses 

background noise but also restores fine texture details 

with sharper edges and clearer depictions of anatomical 

boundaries. The parenchymal structures within the ROIs 

indicate improved anatomical fidelity, which is critical 

for radiologists when they assess small or low-contrast 

lesions, and therefore the qualitative findings suggest that 

RDA-Net outputs can potentially enhance diagnostic 

confidence. The transitions at the ROI boundaries are 

smooth and natural, with no visible artifacts. 

In conclusion, RDA-Net delivers superior performance 

over both conventional CNN-based approaches and 

recent transformer-based models, excelling in objective 

scores and qualitative visual analysis, which validates the 

robustness of the model’s architectural design. 

 

Figure 6: Comparison of slice 1 across methods. 
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Figure 7: Enlarged ROI region from slice 1. 

 

Figure 8: Comparison of slice 2 across methods. 
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Figure 9: Enlarged ROI region from slice 2. 

 

5 Ablation experiment 

To identify the individual impact of each component of 

RDA-Net, we performed a series of ablation studies that 

focused on the network’s overall structure, the TECA 

module configuration, and the composite loss function. 

The influence of each part was assessed by systematically 

removing or altering specific modules. The detailed 

configurations are presented in Tables 8–10. 

 

Table 8: Ablation study performance comparison of the RDA-Net modules. 

Number Activation 

Function 

LeakyReLU 

Hybrid 

Loss 

Function 

ASPP TECA PSNR↑ SSIM↑ RMSE↓ FLOPs(G)

↓ 

A0 × × × × 31.5799 0.8012 10.7389 205.54 

A1 √ × × × 31.6588 0.8635 10.5640 205.55 

A2 √ √ × × 31.8135 0.8639 10.3932 205.67 

A3 √ √ √ × 32.5849 0.9018 9.5293 205.75 

A4 √ √ √ √ 33.0235 0.9100 9.1173 205.79 

Table 8 indicates that RDA-Net achieves top scores 

across all evaluation indices. Incorporating the 

LeakyReLU activation function effectively addresses the 

issue of neuron inactivity during denoising. The hybrid 

loss function enables better retention of image details 

while suppressing noise. The ASPP component improves 

the network’s capacity to extract structural patterns 

across different spatial scales. The significant 

performance improvement observed after integrating the 

TECA module indicates its effectiveness in leveraging 

contextual information for adaptive feature refinement 

and thereby improving the overall effectiveness and 

practicality of the model. It is also worth noting that 

adding these modules results in a modest increase in 

floating point operations per second (FLOPs). To further 

quantify the computational burden, we measured the 

training and inference times on a standard GPU. The total 

training time for 100 epochs on the AAPM-Mayo dataset 

was approximately 4 hours, while the average inference 

time per CT slice (512×512) was 45 milliseconds. These 
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benchmarks indicate that the additional modules 

introduce only a minor computational overhead. 

Considering the substantial improvements in the PSNR, 

SSIM, and RMSE, the increase in computation is 

acceptable, and the model’s high efficiency makes it 

suitable for practical use. 

To further confirm the effectiveness of the TECA 

structure and the temperature parameter, we conducted 

ablation experiments (reported in Table 9) that analyze 

the influence of channel attention (ECA), spatial attention, 

and the learnable temperature factor. The experimental 

outcomes reveal that the baseline model B0 without any 

attention mechanisms exhibits the weakest performance 

across the PSNR, SSIM, and RMSE metrics. Introducing 

channel attention (B1) significantly improves the 

reconstruction quality, which suggests that modeling 

local channel dependencies is beneficial for feature 

extraction. Adding spatial attention (B2 and B3) further 

improves structural recovery, with B3, which combines 

both channel and spatial attention, achieving better 

results and validating their complementary effects. 

Finally, model B4, which integrates the temperature 

factor within the spatial attention module, further 

optimizes the attention distribution, achieving a PSNR of 

33.0235 and an SSIM of 0.9100, which demonstrates the 

full TECA design’s superior efficacy in detailed image 

recovery. 

In addition to the ablation experiments on the spatial and 

channel attention components (Table 9), we also 

investigated the influence of the temperature parameter τ 

introduced in the spatial attention mechanism. This 

parameter controls the sharpness of the attention 

distribution, thereby balancing a focus on salient 

structures and broader contextual information. 

To assess the impact of the temperature parameter, we 

conducted a sensitivity study by varying τ in the range 

[0.5,1.0,2.0,5.0]. Table 10 shows the experimental results, 

which indicate that extremely small values (e.g., τ=0.5) 

lead to overly sharp attention maps, which reduce 

generalization and cause slight structural distortion, and 

that—conversely—very large values (e.g., τ=5.0) result 

in excessively smooth attention maps, which weaken 

detail preservation. The best performance was 

consistently observed when τ was set to 1.0, which 

achieves an effective trade-off between structural fidelity 

and noise suppression. 

These findings confirm that while RDA-Net is robust to 

moderate variations of τ, an appropriately chosen value is 

crucial for maximizing the effectiveness of the TECA 

module. 

 

Table 9: Performance impact of the TECA module design. 

Number Channel 

attention 

Spatial attention PSNR↑ SSIM↑ RMSE↓ 

B0 × × 31.8135 0.8639 10.3932 

B1 √ × 32.9368 0.9090 9.2104 

B2 × √ 32.9556 0.9087 9.1877 

B3 √ √ 33.0028 0.9093 9.1373 

B4 √ √(temperature factor) 33.0235 0.9100 9.1173 

 

Table 10: Sensitivity study of the temperature parameter τ. 

τ PSNR mean ± 

95% CI 

 SSIM mean ± 

95% CI 

 RMSE mean ± 

95% CI 

0.5 32.867±0.210  0.903±0.005  9.412±0.128 

1.0 33.023±0.185  0.910±0.004  9.117±0.110 

2.0 32.745±0.198  0.905±0.004  9.285±0.116 

5.0 32.102±0.256  0.896±0.006  9.678±0.142 

As shown in Table 11, the combination of pixel-level loss 

and perceptual loss computed by our custom VGG16 

model effectively captures both low-level precision and 

high-level perceptual features. Compared with the 

standard ImageNet-pretrained VGG16, the custom 

VGG16 better adapts to our dataset, resulting in improved 

reconstruction fidelity and achieving the highest scores 

on the PSNR, SSIM, and RMSE evaluations.
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Table 11: Loss function ablation experiment configuration. 

Number 𝓛𝑴𝑺𝑬 𝓛𝒑𝒆𝒓𝒄𝒆𝒑𝒕𝒖𝒂𝒍 PSNR↑ SSIM↑ RMSE↓ 

C1 √ × 32.9932 0.9093 9.1493 

C2 × √ 32.8776 0.9090 9.1377 

C3 √ √(standard pretrained VGG) 32.9987 0.9097 9.1267 

C4 √ √(custom VGG16) 33.0235 0.9100 9.1173 

In summary, the experiments demonstrate that 

LeakyReLU effectively prevents gradient vanishing, 

ASPP enhances the multi-scale representation 

capabilities of the model, and TECA, through its joint 

channel and spatial attention, significantly improves the 

restoration of structural details. Moreover, the use of a 

temperature factor in spatial attention alleviates attention 

saturation and enhances accuracy. The hybrid loss 

function (MSE +Perceptual) not only boosts the PSNR 

and SSIM but also significantly reduces the RMSE, 

which shows strong support for optimizing the subjective 

image quality. 

6 Discussion 

Our proposed RDA-Net introduces structural 

optimizations and performance improvements to existing 

CT image denoising models. Experimental findings 

reveal that RDA-Net delivers superior performance 

compared to conventional techniques such as BM3D and 

NLM, as well as advanced deep learning models, 

including EDCNN, RED-CNN, and CTformer. 

Quantitatively, RDA-Net achieves a PSNR of 33.0235 

dB, an SSIM of 0.9100, and an RMSE of 9.1173, 

representing improvements of approximately 0.22 dB in 

PSNR, 0.0023 in SSIM, and 0.25 in RMSE over the 

strongest earlier method. These gains can be attributed to 

several key components: The ASPP module enhances 

multi-scale contextual feature extraction, particularly 

improving sensitivity to fine structural details in edges 

and lesion areas; the TECA module dynamically balances 

spatial and channel attention, allowing selective 

enhancement of meaningful features while suppressing 

noise; and the hybrid loss function (MSE + perceptual 

loss with a customized single-channel VGG16) further 

encourages preservation of both pixel-level accuracy and 

high-level semantic structures. Additionally, multi-stage 

residual skip connections ensure that critical intermediate 

features are retained and restored throughout the network, 

reducing information loss during denoising. 

Despite the excellent performance of RDA-Net in various 

respects, some limitations remain. First, the inclusion of 

multiple modules—although designed to be 

lightweight—still increases the overall parameter count 

compared to the baseline model. Subsequent research 

could investigate compression strategies such as pruning 

or knowledge distillation, with the aim of retaining model 

effectiveness while minimizing computational overhead. 

Second, the temperature factor in the TECA module is 

currently fixed, and adaptive adjustment of this factor 

based on image content could further improve attention 

robustness. Finally, the current model has been validated 

on only 2D CT images; future research should extend 

RDA-Net to 3D volumetric reconstruction and cross-

modality tasks, improving its generalizability and 

practical utility in clinical applications. Such a 3D 

extension would face several challenges, including 

increased GPU memory requirements due to volumetric 

data, the design of effective 3D convolutional kernels to 

capture spatial context, and handling the anisotropic 

resolution that is often present in clinical CT scans. 

Addressing these issues will be crucial for realizing 

efficient and high-quality 3D LDCT denoising. 

Beyond the technical performance, it is also important to 

consider the potential clinical implications of RDA-Net. 

In LDCT imaging, excessive noise can obscure subtle 

anatomical structures and reduce radiologists’ confidence 

regarding the detection of small or low-contrast lesions. 

By effectively suppressing noise while preserving fine 

structural details, RDA-Net may contribute to improved 

lesion detectability and diagnostic accuracy. Although a 

formal reader study was not performed in this work, 

previous research has demonstrated that enhanced image 

quality from deep learning-based denoising often 

correlates with better diagnostic performance.  

Finally, while commercial iterative reconstruction and 

vendor-provided deep learning reconstruction methods 

are widely used in current clinical scanners, RDA-Net 

offers a flexible and model-agnostic framework that can 

be adapted to various protocols and dose levels, beyond 

vendor-specific implementations. Future work will 

include direct comparisons with these commercial tools 

as well as radiologist-based evaluations to more 

rigorously establish clinical utility. 

7 Conclusion 

This study introduces a lightweight residual architecture 

named RDA-Net. Explicitly developed to address the 

noise reduction challenge inherent in LDCT imaging, the 

model targets both visual quality and structural detail 

recovery by integrating attention mechanisms and multi-

scale feature fusion strategies. Our proposed network 

incorporates a TECA attention module, an ASPP 
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structure, multi-level residual connections, and 

LeakyReLU activation, which collectively enhance the 

network’s capacity for structural detail perception and 

image restoration accuracy. Quantitative analysis based 

on the PSNR, SSIM, and RMSE indicates that the 

experimental outcomes validate the model’s performance 

advantages. In addition to quantitative improvements, our 

findings also suggest potential clinical benefits in terms 

of improved lesion visibility and diagnostic confidence, 

which will be validated in future reader studies. RDA-

Net’s performance markedly surpasses conventional 

denoising approaches and notable deep learning baselines 

such as RED-CNN and EDCNN. These results confirm 

RDA-Net’s comprehensive advantages in structural 

fidelity, noise suppression, and subjective visual quality. 

In the future, further research will focus on model 

compression, a 3D extension, and cross-modality 

adaptation, aiming to enhance the model’s applicability 

in real-world clinical decision support systems. 
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