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Abstract: Background: Computed Tomography (CT) may increase cancer risk due to high-dose radiation exposure.
Although Low-Dose CT (LDCT) reduces radiation, its noise compromises diagnostic accuracy. This study deeply
optimized LDCT image denoising techniques to balance image quality and noise reduction effects. Methods: This
study investigates three LDCT image denoising methods combining Unet and diffusion models. The UDiff model
enhances image quality by adding Gaussian noise and employing Unet for denoising. The UAdiff model omits the
noise-adding step and introduces a hybrid attention mechanism to strengthen feature extraction. The DUPAnet model
utilizes LDCT images as prior information, integrating a hybrid attention mechanism for efficient denoising. Experiments
were conducted using chest phantom data acquired from multi-vendor CT scanners, optimizing the models with a hybrid
loss function, and evaluating denoising performance through various metrics during 2024. Results: The UDiff model
exhibits denoising blurring and poor stability when processing similar phantom data. The UAdiff model weakens attention
feature capture, leading to detail loss and performance fluctuations. The DUPAnet model shows the best performance in
both denoising and detail preservation, with the best performance in both objective metrics Peak Signal-to-Noise Ratio
(PSNR) and SSIM (30.37 and 0.87) and subjective images. It enhances the denoising ability of LDCT images, has strong
adaptability to various scanning parameters, and has excellent generalization performance. Conclusion: The improved
Unet model integrates LDCT priors and a hybrid attention mechanism, effectively denoising while preserving chest LDCT
image details, thereby enhancing image quality and generalization capability. Future work will focus on optimizing
the algorithm’s generalization performance, exploring multimodal fusion and real-time processing to advance clinical
applications.
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1. Introduction

Computed Tomography (CT) is an advanced medical imaging technology that merges X-ray imaging with sophis-
ticated computer algorithm [ 1, 2]. Its significant technical advantages such as a wide detection range, rapid imaging speed
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and high-density resolution. It is adept at clearly displaying pathological information, including tumors, fractures and
vascular lesions, and has become an indispensable tool in modern medical diagnosis. However, although CT technology
is of great value in diagnosis, the radiation dose generated in the scanning process has always been the focus of the public
and the medical community. A number of studies have pointed out that the radiation dose of a single CT scan can be as high
as 100 to 1,000 times that of conventional X-ray films. Excessive exposure will increase the risk of various types of cancers
by 0.4%, and there is a linear relationship between the radiation dose and cancer risk. Frequent CT scans significantly
increase the potential cancer risk [3—6]. In order to reduce the negative impact of radiation dose on the subjects, Low-
Dose CT (LDCT) technology has been developed. In clinic, the radiation is usually reduced by reducing the tube current,
voltage and other scanning parameters [7], but the noise generated in LDCT images can interfere with lesion recognition,
including inaccurate assessment of lesion size, blurring of important anatomical features, and masking of small tumors,
thereby affecting the accuracy of clinical diagnosis. In view of this, the current research faces two main challenges:
balancing radiation dose and image quality, and optimizing denoising strategies. A large amount of research has attempted
to introduce advanced reconstruction and denoising techniques [8, 9], model based iterative reconstruction methods have
shown significant advantages in noise suppression, while deep learning algorithms have also achieved certain results in
learning complex noise distributions and reconstructing fine structural details. However, these advances have not fully
addressed the core challenge of denoising low-dose CT images, details and structures are still susceptible to damage even
with reduced doses. Deep learning methods suffer from overfitting when applied across devices and populations. The
sensitivity of detection varies among different types of lesions, such as small pulmonary nodules. Therefore, this research
direction is worth further exploration, especially in terms of interpretability, generalization ability, and multi center clinical
validation of methods, in order to gradually improve their clinical generalizability and long-term safety.

Low dose CT reconstruction techniques are mainly divided into three categories: Filtered Back Projection (FBP),
Iterative Reconstruction (IR) and reconstruction based on Deep Learning (DLR). FBP is one of the most traditional and
classic methods in LDCT image reconstruction [10]. However, when the dose is low, the FBP method falls short in
noise suppression. IR method progressively converges towards the real image through iterative optimization, thus to
more effectively suppress noise and reduce artifacts, but its calculation cost in iterative projection/back projection step
remians high [11, 12]. DLR automatically identifies noise features in images and efficiently retrieves image details via
massive learning from high-dose and LDCT image pairs. In particular, Convolutional Neural Network (CNN) performs
well in denoising and has become the mainstream technology [13—16]. In 2015, the Unet network structure was proposed.
Because of its unique symmetrical encoder decoder structure, combined with jump connection, it effectively retains high-
resolution features and enhances spatial information transmission, and its simple and stable structure and high training
efficiency, it has been widely used in the field of image processing,including tasks such as image segmentation and
denoising, primarily for image detail processing [17, 18]. Heinrich et al. Discussed two CNN architectures, ResFCN and
ResUNet, for denoising LDCT images. The results showed that ResUNet, a multi-scale U-shaped network architecture
with residual connection, had better performance and performance than ResFCN [19]. However, Unet’s performance is
constrained by the local receptive field of convolution, making it challenging to capture the long-range dependencies.
Additionally, high-frequency details are prone to loss during the down sampling process, leading to an overly smooth
denoising effect. The strong assumption of noise distribution also limits the generalization ability of the model.

The diffusion model has received widespread attention due to its outstanding performance in advanced image
generation. Compared with traditional CNNSs, it boasts a superior global generation capability [20, 21]. Gupta et al.
proposed an innovative anisotropic diffusion model, effectively solved the problem of step effect and edge blur in
the conventional model through optimizing the diffusion coefficient and image dependent threshold parameters [22].
However, the diffusion model relies on multi-step iteration, which has low computational efficiency and complex
training process, and may also produce artifacts or distorted details under extreme noise conditions. These methods have
improved image quality to some extent in various scenarios, yet issues persist with insufficient or excessive denoising and
insufficient preservation of detail structure. Both of them face the challenges of high data dependence, poor adaptability
to mixed noise, and lack of explicability. In addition, the existing research mainly focuses on the denoising technology.
Although this is the key to improve the image quality, the differences between different LDCT images and their impact
on denoising methods are also important issues worthy of further discussion.
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This study is based on the Unet architecture and diffusion model, integrating a mixed attention mechanism and
prior information to construct a new image denoising model, and the effectiveness of the mixed attention mechanism,
prior information guidance, and model structure optimization in improving the denoising effect of LDCT images were
evaluated. Through multiple sets of chest phantom CT experiments with different scanning parameters and noise levels,
the quantitative indicators of denoising results (such as signal-to-noise ratio, structural similarity) and subjective visual
quality were systematically analyzed; and the performance differences of three techniques in processing different noise
patterns and anatomical structures were explored. At the same time, the influence of key parameters such as scanning
interlayer spacing and voltage on the denoising effect was revealed. This study aims to clarify the robustness and
applicability of these improved methods in LDCT image processing, demonstrate their advantages in suppressing noise,
improving detail preservation, and diagnostic usability, objectively analyze their limitations in computational complexity
and generalization ability, and provide theoretical basis and practical guidance for LDCT image quality optimization
technology.

2. Materials and methods
2.1 Low dose CT image denoising problem model

It is difficult to obtain the original projection data scanned by CT instrument. For the denoising of LDCT image,
post-processing is usually carried out after image reconstruction, so as to transform the CT image denoising problem
into image domain processing. Different from natural image restoration, the difficulty of LDCT image denoising is
that its statistical characteristics are difficult to determine directly in the image domain [23], thereby constraining the
effectiveness of traditional denoising methods. The methods based on Deep Learning (DL) are not limited by this type
of noise dependence, because they rely on training samples rather than the statistical distribution of noise. Therefore, the
modeling of LDCT denoising problem is as follows [16].

Assume X € R™" is LDCT image, ¥ € R™*" is the corresponding normal dose CT image, the relationship between
them will be defined as

X =o0(Y), (1)

where o : R"*" — R™*" represents the complex degradation process of normal dose CT images due to noise pollution.
Therefore, the denoising problem can be defined as the following function problem

arg;ninllf(x) ~Y|3, @)

wheref is considered the optimal approximation and can be estimated based on deep learning methods.

2.2 Chest low dose CT image denoising method based on UDiff model

The UDiff model is extended and improved on the basis of the U-shaped structure of the classic Unet, and the diffusion
model is introduced to improve the denoising performance. Gaussian noise is usually added in the forward process, and the
overall structure is shown in Figure 1. The Unet structure is composed of encoder and decoder. This design can effectively
solve the problem of loss of details caused by down sampling operation, so as to help the network locate more accurately
[24]. The encoding part gradually extracts image features through a series of convolution and pooling operations, while
the decoding part restores the spatial resolution of the image through deconvolution. Each layer of decoder is combined
with the corresponding encoder through hopping connection to retain details, which is very important for image denoising
task.
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Figure 1. Overall architecture of UDiff model

In recent years, the diffusion model has also played an outstanding role in medical image denoising [25, 26]. It
generates new data by adding the diffusion process of noise simulation data and the reverse process denoising. The main
core includes the forward process and the reverse process. The former gradually adds noise until the image becomes a
complete noise image. The latter relies on the model to learn how to gradually remove the noise, so as to restore the
original image. Its basic structure is shown in Figure 2.

Xo Xy X Xy | x,(2)

Forward process

Reverse process

Figure 2. Diffusion model

The forward process gradually adds noise to the data, given an original image xp add noise to the image at each
time step 7, forming a noisy image x; where ¢ is from 1 to 7, the added noise is determined according to the preset noise
schedule. With the increase of time 7, the noise component increases gradually. At the maximum time step 7, it gradually
approaches a pure noise state [25]. The forward process (single step) of this method can be expressed as:

Xy = 1_ﬁt'xt—1+\/E'87 3

Where f3; is a predefined noise scheduling parameter, defined as $; = 0.0001, 8, = 0.02. € is a noise sampled from
the standard normal distribution N(0, 1).

The inverse process is the key to the diffusion model. Through the model learning denoising method, we can reverse
the process of adding noise in the training process, so as to eliminate the noise in stages, and finally restore the original
clean image. The target of the reverse process is p(x;—i|x;). Given a noisy image x;, the model attempts to predict the
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definition of the last time step x,_1, and finally recover the original image from the noisy image. The inverse process of
this model uses the Unet network structure for denoising. The basic Unet network structure is shown in Figure 3 [27].

input " N = = § output
original image| denoise image
|-‘|-’I I-‘l.l
= 3 x 3 Conv, RelLu
2 x 2 max pool
M o  nd 2 x 2 up-Conv
copy and crop

Figure 3. The structure of Unet

The part of the current image x; predicted by the model to add noise is recorded as

& = model (v, 1), 4)

At each time step ¢, the denoised image x,_; can be calculated by the following formula

&

x,1=1<x,—1a’f> (5)
Vo VI—04_1 ’

where o = 1 — f3;, and f; is the noise scheduling in the forward process. The final reverse process can be expressed as
pe('xt—l |xt):N<'xf—1;.ue('xtat)7z<xt7t>>a (6)
]

where g (x;, t) is the denoising mean value predicted by the Unet network, and Z (x;, t) is the denoising variance.
6

2.3 Chest low dose CT image denoising method based on UAdiff model

Because the forward noise adding process of the diffusion model is controllable, that is, the added noise is known.
In the UDiff model, the Gaussian noise introduced by the forward process has certain pertinence according to the given
qualitative noise, but this has limitations in the research and discussion. However, in order to control the radiation dose,
the LDCT image has complex and uncertain noise by adjusting the scanning voltage, current and other factors. We want
to denoise directly without additional noise, so on the basis of the above method, we directly omit the forward noise
adding process of the diffusion model. Although the U-shaped structure network performs well in feature extraction, it
usually lacks a direct mechanism to focus the key information of the image. In LDCT images, noise interference often
masks important structures and details. Since the initial proposal of attention mechanism in 2014, it has been widely used
in various fields with in-depth research. Attention mechanism can adaptively focus on important areas of the image. In
image denoising, a large number of studies have confirmed that it helps to distinguish between noise and detail features,
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improve the denoising effect, and retain the image detail structure [28, 29]. After removing the noise adding process, we
consider introducing a hybrid attention mechanism in the decoding stage to assist image denoising, mainly including the
channel attention module and the spatial attention module, through which we can comprehensively improve the ability to
focus on the feature map. The following shows the UAdiff model that omits the forward noise adding process and adds
the mixed attention mechanism in the coding phase. Its overall network structure and the mixed attention module are
shown in Figure 4. Then, we further introduce the main components of mixed attention.
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Figure 4. Overall architecture of UAdiff model and mix-attention module

2.3.1 Channel attention module

For any input feature map FeRV*W*H | first use the compression operation to obtain the overall information of the
feature image, and then use the aggregation operation to obtain the correlation between channels [30]. The compression
operation includes global maximum pooling and global average pooling to generate the characteristic information of two
different spaces. The aggregation operation uses the feature information of two different spaces to obtain the overall
information of the feature layer using the multi hidden neural network with self coding structure and shared parameters.

In the hybrid attention mechanism adopted in this section, the channel attention model is specifically described as
follows. Given the input characteristic graph X, first, two one-dimensional statistical features Fayg and Fiyax are extracted
respectively through the global average pooling and maximum pooling operations. Then, the two features are processed
by two shared full connection layers (including ReLU and Sigmoid activation function) to generate channel weight vectors.
Finally, each channel of the feature map is multiplied by the corresponding attention weight to obtain a weighted feature

map. The structure of the channel attention module is shown in Figure 5. Its mathematical expression can be expressed
as
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CAX) =X [0 (f (Fae(X))) + 0 (f (Fnax(X)))] , (7)

where ¢ is the Sigmoid activation function, f is the full connection layer, Faye(X) and Fnax(X) is the statistical feature
obtained through global average pooling and maximum pooling.

RelLu
AvgPool *{ Sogmoid

RelLu
MaxPool 4{ Sogmoid

Figure 5. Structure of channel attention module

2.3.2 Spatial attention module

Different from the channel attention module, the spatial attention module enhances attention to spatial regions by
calculating the weight of each position in the spatial dimension [30]. In the hybrid attention mechanism described in this
section, the spatial attention module first calculates the global average pooling and maximum pooling of the feature map
in the spatial dimension, then merges these two into a single channel feature map, and finally generates spatial attention
weights through convolution operation. The specific structure of the spatial attention module is shown in Figure 6. The
mathematical expression is as follows:

SA(X) =X - o(Conv([AvgPool(X), MaxPool(X)])), (8)

where AvgPool(X) and MaxPool(X) are pooling operations in the spatial dimension, Conv is the convolution layer, and
o uses the Sogmoid activation function.

AvgPool

Conv 7 x7
Sogmoid

Figure 6. Structure of spatial attention module

2.4 Chest low dose CT image denoising method based on DUPAnet model

After a series of preliminary experimental analyses, we found that the main function of adding attention mechanism in
the model is to effectively distinguish between noise and detail features. If the forward process of adding noise is directly
omitted, it will result in a lack of guidance for noise feature information, which will significantly affect the denoising
effect. Drawing on the idea of using Magnetic Resonance (MR) prior information to improve the denoising performance
of Positron Emission Computed Tomography (PET) images in reference [31], we incorporate LDCT images as prior
information into the forward process to guide subsequent denoising tasks. On the basis of the UAdiff model, chest LDCT
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images are introduced as noise prior information and input in dual channel form with corresponding normal dose images,
while retaining other structures, to construct the DUPAnet model. The overall network structure is shown in Figure 7.
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Figure 7. Overall architecture of DUPAnet model

2.5 Loss function

Generally, the denoising task of LDCT images is mainly to construct a loss function by minimizing the distance
between Normal-Dose CT (NDCT) images and processed LDCT images, which can be referred to as the Mean Squared
Error (MSE) loss function,

Hypred, i — Ytrue, iH;; ©)

1
L = argmin —
MSE g IN 1

N
i—
where y,.q, ; represents the denoised image, y;e, ; represents the original normal dose image, and N is the number of
images. MSE is sensitive to large errors, but may be overly sensitive to outliers.

In addition, the L loss function (absolute error) is widely used in many tasks, especially in image reconstruction,
denoising, image compression, and model generation tasks. In many denoising algorithms [32], the L; loss function is
used to measure the difference between the denoised image and the real image, and its mathematical expression is

1 R
L= EZHyi*yiH%: (10)
i=1

where y; is the pixel value in the real image, y; is the pixel value of the denoised image, and # is the total number of pixels
in the image. Compared to the MSE loss function, L; loss is less sensitive to significant errors (outliers) in the image and
can compensate for some of the shortcomings of the MSE loss function. Consider combining the two.

Structural similarity is a standard for measuring the similarity between two images, which comprehensively considers
the brightness, contrast, and structural information of the images, and can better reflect the structural differences of the
images [33]. The Structural Similarity Index Measure (SSIM) loss used here is achieved by subtracting the SSIM value
from 1, with the aim of minimizing structural differences in the image. Typically, SSIM is defined as
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(24cpty +c1) (20 +2)
(2 +u2+cr) (02 + 02 +c2)

SSIM(x, y) = (11)

where p, and pyare the mean of two images, (7)2( and 6y2 are the variance of the images, oy, is the covariance of the two
images, ¢ and ¢; are a constant used to avoid zero division errors. The range of this value [-1, 1] is usually normalized
to [0, 1]. The SSIM loss function is ultimately expressed as follows:

Lssiv = 1 — SSIM. (12)

The above three methods all adopt a mixed loss function optimization model in terms of loss function, combining
MSE loss, L loss, and SSIM loss. MSE loss penalizes pixel level errors, L loss emphasizes sensitivity to sparse errors,
while SSIM loss helps maintain the structural information of the image, especially ensuring the integrity of details and
textures during denoising. The final loss function is defined as:

Lioss = 01Lmsg + L1 + w3 Lssiv (13)

where @), @, and @3 are the weighting coefficients of Lysg, L and Lsspv, with weights of 0.5, 0.3, and 0.2 respectively
[34].

2.6 Experimental phantom datas

The simulated human chest phantom comes from the “Lungman N1” model produced by Kyoto Kagaku in Japan,
with a size of approximately 430 mm x 400 mm x 480 mm, a chest circumference of approximately 940 mm, and a
mass of approximately 18 kg. The phantom includes the simulated chest wall, diaphragm, mediastinum, heart, lungs, and
pulmonary blood vessels. The space between the pulmonary blood vessels in the chest contains air, which is similar to
that of a normal human body and has the same tissue radiation attenuation properties. The phantom has both arms raised
upwards, in the same position as the patient during the actual scan.

Select 6 CT scanners from different manufacturers and models (GE 660, GE 256, GE VCT produced by GE in
the United States, United Imaging 710 and United Imaging 860 produced by China United Imaging Corporation, and
Somatom Force produced by Siemens in Germany) to scan the simulated phantom from the lung apex to the lung floor.
Adjustable scanning parameters encompass: Kv, mA/mAs, pitch, iteration parameters, speed Field of View (FOV), Layer
number, layer thickness, detector width, and scanning time. Based on the principle of decreasing radiation dose from high
to low, starting from the default parameters of the scanner for routine chest scanning, the technical parameters are adjusted
step by step to achieve the goal of reducing dose. All parameter combinations are unique. The image reconstruction is
completed on the machine host, mainly using bone algorithms to reconstruct lung window images and standard algorithms
to reconstruct mediastinal window images. The specific situation of the phantom dataset is shown in Table 1.
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2.7 Experiment situation

This article uses 8 sets of phantom data of chest normal dose CT and LDCT under different current and voltage
conditions provided by Chongqing Traditional Chinese Medicine Hospital. Due to different scanning instruments, there
are mainly two forms of imaging, as shown in Figure 8. Our training and validation sets randomly selected normal doses
and corresponding low-dose sequences from these 8 sets of phantom data, totaling 1,920 images, and divided them in a
9 : 1 ratio. The test set randomly selects low-dose sequences from different models that did not participate in training
for detection (each sequence of each model contains 59 to 350 images). The selection of some test sets avoids complete
randomness and aims to control specific variables for subsequent comparative experimental discussions on CT images
themselves.

denoising

denoising

Figure 8. LDCT images (left) and normal dose CT images (right) of Phantom 1 and Phantom 6

The operating environment for this experiment is Intel (R) Core (TM) 17-13700F CPU, with 64 GB RAM running
memory and NVIDIA GeForce RTX 3060 Ti graphics card configuration. All experiments are built on the Pytorch
framework. During the training process, the training batch is set to 4, the initial learning rate is set to 1.0 x 10", and the
model is optimized using the Adam optimizer. The losses of the training set and validation set are calculated separately
and the results of the validation set are saved. The weights of the current model are saved for each epoch during the
training process. To avoid overfitting, the model uses an early stopping strategy and saves the optimal model weights at
the end of each epoch. During training, we evaluate the performance of the model on the validation set and measure its
denoising effect using SSIM and Peak Signal-to-Noise Ratio (PSNR) metrics.

2.8 Evaluation metric

Use the three different methods mentioned above to denoise LDCT images generated from different phantoms, scan
intervals, and voltage scans. The quality evaluation of denoising effect depends on subjective and objective evaluation
indicators. Subjective evaluation includes random visual inspection of denoised images; objective evaluation is mainly
based on indicators such as PSNR, SSIM, and Root Mean Square Error (RMSE). Specifically, the higher the PSNR score,
the better the image quality; The closer the SSIM value is to 1, the better the image quality; The lower the RMSE value,
the more ideal the result.

Peak signal-to-noise ratio is used to evaluate the similarity between reconstructed images and original images, and
its formula is:
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(14)

MAX?

MSE

where MAX represents the maximum value of image pixels (255 for 8-bit images), which is the mean square error, the
smaller the MSE, the smaller the difference between the denoised image and the original image, and the larger the PSNR
value, indicating better denoising effect.

Structural similarity index measure as a supplement to PSNR, aims to address the issue of inconsistency between
PSNR evaluation results and the image quality observed by the naked eye in certain scenarios. Specifically, sometimes the
visual quality of the image is high, but the PSNR value is low, and conversely, some images with high PSNR values may
not look as good to the eye. This difference is due to the limited sensitivity of the human eye to overall pixel errors in the
image, especially to differences in edge details, while being relatively tolerant to differences in smooth areas. In addition,
the human eye is more sensitive to changes in brightness than changes in color, which explains why many image and
video compression techniques tend to sacrifice color information to preserve brightness details. SSIM comprehensively
compares the similarity of brightness, contrast, and structural information, with a value range of 0-1. The closer the SSIM
value of the denoised image is to 1, the higher its structural similarity with the original image and the better the denoising
effect.

Root mean square error is a commonly used indicator to measure the difference between predicted values and true
values. It is widely used in fields such as image quality assessment, image reconstruction, denoising, and compression,
serving as a key indicators for evaluating the effectiveness of image processing algorithms [35]. In image processing and
computer vision, RMSE can be used to measure the differences or similarities between two images. By calculating the
error of each pixel value and squaring it, RMSE can provide a quantitative measure of image differences. Assuming there
are two images /| and I, one representing the original image and the other representing the processed image, each with
a size of M x N, where M and N are the width and height of the images, and the pixels are p; (i, j) and p»(i, j), the
calculation formula for RMSE is as follows

1
M XN

N
Y (p1(, j) = p2(i, 7)) (15)

1j=1

™=

RMSE =

1

3. Results

3.1 Experimental results and analysis
3.1.1 Analysis of denoising results of chest low dose CT images with different phantoms

The quantitative results of the performance evaluation of three different methods for denoising different phantom
chest LDCT images are shown in Table 2. We conduct a preliminary analysis of the results of the three different methods
in the table.

(1) Analysis of Denoising Results by the UDiff Model.

The denoising results of the UDiff model show that the PSNR values of 8 phantoms fluctuate greatly, while the
SSIM values are relatively stable, indicating that the method performs well in maintaining image structure. From a data
perspective, the indicators of Phantom 1, Phantom 6, and Phantom 8§ are relatively high, indicating that their denoising
performance is good. However, the indicators of Phantom 2, Phantom 3, and Phantom 5 are relatively low, indicating that
their performance in noise removal and structural preservation is average. Among them, Phantom 1 has the highest PSNR
value (29.4709) and good denoising effect; The SSIM value of Phantom 2 (0.8580) is stable, indicating good similarity
in brightness, contrast, and structure. However, the RMSE value is relatively high (0.0868), indicating that the denoising
effect is not ideal. The SSIM value of Phantom 7 (0.8631) is optimal, but the PSNR value (27.4323) is not optimal.

(2) Analysis of Denoising Results by the UAdiff Model.
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From the denoising results of the UAdiff model, there is a certain fluctuation in its overall performance among the
8 models. In Phantom 2, Phantom 7, and Phantom &, the SSIM values were increased to 0.8720, 0.8722, and 0.8542,
respectively, demonstrating good structural retention ability. However, the generalization of the model is insufficient.
The PSNR and SSIM of Phantom 3 significantly decreased (19.7348 and 0.6868), while the RMSE increased to 0.1012,
showing significant oversmoothing and loss of details. The three indicators of Phantom 5 are also poor, further indicating
that this method has limited performance in handling complex textures. In contrast, the indicators of Phantom 1, Phantom
4, and Phantom 6 are basically the same as those of Method 1. The extreme fluctuations of Phantom 3 and Phantom 5
reveal the insufficient robustness of this method, indicating that its denoising model or prior assumptions have not fully
covered multiple image features.

Table 2. Results of three denoising methods

PSNR SSIM RMSE

Phantom 1 29.4709 0.8623 0.0328

Phantom 2 21.7473 0.8580 0.0868

Phantom 3 22.7212 0.8461 0.0625

UDiff model Phantom 4 27.4334 0.8492 0.0427
Phantom 5 23.2288 0.7962 0.0681

Phantom 6 28.8470 0.8272 0.0345

Phantom 7 27.4323 0.8631 0.0419

Phantom 8 29.3183 0.8494 0.0337

Phantom 1 29.5040 0.8579 0.0327

Phantom 2 21.9627 0.8720 0.0846

Phantom 3 19.7348 0.6868 0.1012

UAdiff model Phantom 4 27.1627 0.8413 0.0450
Phantom 5 21.8145 0.6992 0.0797

Phantom 6 28.8914 0.8257 0.0343

Phantom 7 27.4413 0.8722 0.0419

Phantom 8 29.1469 0.8542 0.0344

Phantom 1 30.3087 0.8734 0.0296

Phantom 2 27.4702 0.8867 0.0438

Phantom 3 22.7528 0.7341 0.0611

DUPAmet model Phantom 4 27.8633 0.8519 0.0399
Phantom 5 24.2458 0.7551 0.0607

Phantom 6 29.0352 0.8299 0.0337

Phantom 7 27.4542 0.8688 0.0419

Phantom 8 30.3702 0.8691 0.0297

(3) Analysis of Denoising Results by the DUPAnet Model.

The denoising results of the DUPAnet model show that the overall performance of this method is better than the
first two methods on 8 phantoms. The PSNR values of all phantoms have been improved, indicating that they have
stronger noise suppression ability and signal-to-noise ratio improvement effect, especially on Phantoms 2, 3, and 5, which
perform poorly in the first two methods, with Phantoms 2 showing the most significant improvement. The PSNR value
of Phantom 8 reaches 30.3702, demonstrating outstanding performance. In terms of SSIM, the overall improvement is
not significant, but it exhibits stronger robustness and can better maintain image structural information. At the same time,
the RMSE values of all phantoms have decreased, indicating that this method performs better in pixel level denoising
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accuracy and global error control, and the improvement is particularly evident in Phantoms 2 and 3. The DUPAnet model
improves PSNR and RMSE metrics, significantly reduces pixel errors, and exhibits smaller fluctuation ranges between
different phantoms, indicating its stronger adaptability to diverse image features. The stable performance of SSIM further
validates its advantage in maintaining structural information, and the reduction of performance fluctuations highlights the
robustness of this method.

(4) Analysis of the performance distribution across all models.

In order to compare and analyze the performance differences of DUPAnet, UAdiff, and UDiff methods on SSIM,
PSNR, and RMSE indicators more clearly, we selected the results of Phantom 8 to draw box-and-whisker plot of the
performance distribution of each indicator for the three methods, as shown in Figure 9. The results showed that the SSIM
of the three methods were concentrated in the range of 0.80-0.85, with the median of DUPAnet and UDiff slightly higher
than UAdiff, indicating their advantages in structural preservation. The overall distribution of PSNR is concentrated
between 28-30, and the overall level of DUPAnet is relatively higher, indicating that it performs better in terms of signal-
to-noise ratio. The distribution of RMSE is concentrated in the range of 0.03-0.04, and the median of UDiff and DUPAnet
is lower than that of UAUiff, indicating that their reconstruction errors are smaller. Overall, DUPAnet performs the best
in SSIM, PSNR, and RMSE, with high overall reconstruction quality. The UDdiff results are relatively stable, while the
performance of UAiff is slightly inferior.

@) L] ©)
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Figure 9. Box-and-whisker plot of performance distribution of indicators for three models using Phantom 8 as an example. (a) PSNR for the three
models of Phantom 8, (b) SSIM for the three models of Phantom 8, (c) RMSE for the three models of Phantom 8

3.1.2 Image denoising analysis of chest low dose CT images with different phantoms

The results of denoising LDCT images of 8 phantoms using three methods are shown in Figure 10. It can be seen
that the denoising results of the UDiff model denoising method are mostly acceptable. The results of Phantom 1 and
Phantom 8 show good denoising effects, but there are many missing details. For Phantom 4, Phantom 5, and Phantom 6,
the denoising results are good. The image reveals that some details are preserved during the denoising process. However,
for Phantom 2, the denoising results are unsatisfactory, with details becoming excessively blurred after denoising. For
Phantom 3, although the details are restored, the display is not clear and there is also blurring. The overall denoising
results of the UAdiff model are generally good, with good results for Phantoms 4, 6, and 7. Nevertheless, for other
phantoms, more details are lost, indicating that incorporating attention mechanisms can improve feature focus and boost
noise removal ability. However, the early feature extraction lacks guidance from noise features and may not be able to
directly distinguish between noise and detail features, resulting in insufficient performance in detail recovery. The overall
denoising results of the DUPAnet model are the best among the three methods, as evidenced by the comparative analysis
of various denoising techniques. While the details restored for Phantom 2 and Phantom 3 are not complete enough, they
avoid blurring. Compared to the UAdiff model, the DUPAnet model restores more details while denoising other phantoms,
and the overall denoising results are visually improved.
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Figure 10. Eight types of phantom denoising results (from left to right are normal dose CT, LDCT, UDiff model denoising results, UAdiff model
denoising results, DUPAnet model denoising results)

3.1.3 Analysis of denoising results of chest low dose CT images with different scan layer thicknesses

In order to control variables for better comparison of different scan intervals, we observed the data scan parameters
of different phantoms and only used other sequences from Phantom 4 that were not used for training and validation for this
comparative experiment. Table 3 presents a comparative analysis of the efficacy of the three different denoising methods
for chest LDCT images at different scan slice intervals. From Table 3, it can be seen that the PSNR results of the UDiff
model and UAdiff model with a slice spacing of 1.0 mm are not as good as those with a slice spacing of 5.0 mm, and the
SSIM results are relatively poor. However, the DUPAnet model shows good results in handling various indicators of the
two slice spacings, which indicates that the DUPAnet model can avoid the difference between slice spacings and maintain
more stable denoising performance. Even though the PSNR results for a layer spacing of 1.0 mm are better, the SSIM
results of the layer spacing of 5.0 mm are more favorable, indicating that the sequence images with a 1.0 mm spacing
have more details in their images, indicating that the DUPAnet model has good denoising ability, but there is still a certain
lack of ability to restore details. However, the overall denoising performance is better than the three methods. The best
among them.
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Table 3. Results of three methods for LDCT images withdifferent scan slice intervals

Denoising method Slice spacing (mm) PSNR SSIM RMSE
UDiff model 1.0 x 1.0 24.4295 0.7439 0.0598
5.0 x 5.0 27.4310 0.8492 0.0428

UAiff model 1.0 x 1.0 24.5159 0.7498 0.0592
5.0 x 5.0 27.2932 0.8425 0.0446

DUPAnet model 1.0 x 1.0 28.2375 0.8096 0.0379
5.0 x 5.0 27.8672 0.8519 0.0398

3.1.4 Analysis of denoising results of chest low dose CT images generated by different voltages

In order to control the variables and better compare the chest LDCT cases with different voltages separately, we
only selected partial sequences from Phantom 4 and Phantom 7 that were almost identical to other variables for this
comparative experiment. Table 4 shows the performance evaluation of chest LDCT image denoising tasks, generated by
different voltages using the three different methods as previously mentioned. From the data in Table 4, it can be seen that
the UDiff model and UAdiff model have poor results in PSNR, SSIM, and RMSE metrics regardless of voltage magnitude.
A voltage change of 10 units does not seem to have much impact on denoising. The DUPAnet model performs better than
the first two methods in all aspects. On the PSNR, the DUPAnet model achieved 27.3584 at 80 kV, 27.3556 at 70 kV, and
27.3617 at 60 kV, showing better results compared to the previous two methods. The PSNR values were almost consistent
at different voltages, indicating that its denoising ability is very stable. The SSIM value is higher than the results of the
other two methods, and it remains almost consistent at different voltages, indicating that its image detail restoration ability
is also relatively stable. RMSE remained consistently at 0.0419 in the DUPAnet model, significantly lower than the other
two methods, indicating that the difference between the denoised image and the normal dose image was smaller, and also
demonstrating its advantage in denoising performance.

Overall, although all three methods are not affected by voltage, the overall results of the UDiff and UAdiff models are
not as good as the DUPAnet model in denoising tasks, especially in terms of noise removal ability, which is significantly
better than the UDiff and UAdiff models.

Table 4. Results of three methods for LDCT images with different voltages

Denoising method Kv PSNR SSIM RMSE
80 24.8033 0.7559 0.0565

UDiff model 70 24.7084 0.7552 0.0574
60 24.3438 0.7493 0.0600

80 24.4294 0.7522 0.0592

UAdiff model 70 24.4671 0.7525 0.0590
60 24.3275 0.7502 0.0601

80 27.3584 0.7900 0.0419

DUPAnet model 70 27.3556 0.7901 0.0419
60 27.3617 0.7903 0.0419

4. Discussion
4.1 Research results

This study compared the denoising effects of three denoising models, namely UDiff, UAdiff and DUPAnet, on
chest LDCT images. The main results show that the DUPAnet model outperforms the other two models in terms of
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metrics such as PSNR, SSIM and RMSE, significantly improving the visual quality of denoised images. The UDiff model
demonstrates superior denoising performance when a notable difference between LDCT and normal dose CT, but when the
difference between the two is not significant (such as Phantom 2 and 3), the denoising results tend to exhibit blurring. The
UAdiff model omits the process of adding noise, which to some extent avoids the limitations of qualitative denoising, and
introduces a mixed attention mechanism to maintain denoising ability. However, the results showed a strong dependence
on input data and a significant loss of image detail structure. Due to the lack of guidance from noise feature information, the
attention ability of attention features is weakened, which makes it difficult to remove complex noise in LDCT, especially
for phantoms with non prominent textures (such as Phantoms 3 and 5), where excessive denoising occurs, affecting the
denoising effect. The DUPAnet model introduces LDCT images as prior information of noise, provides noise feature
guidance, and adds a mixed attention mechanism in the denoising Unet decoding part to effectively distinguish noise
and detail features, enhance attention to different features, and thus improve denoising ability while preserving detail
structures. This method shows better results and visual effects for denoising different phantoms.

For the difference in detail texture prominence between normal dose CT and LDCT, the phantom exhibits stable
denoising ability, which to some extent improves the model’s generalization ability. For LDCT images with a scan spacing
of 1.0 mm, due to the presentation of more detailed structures, the denoising effects of UDiff and UAdiff models are slightly
inferior compared to images with a scan spacing of 5.0 mm. However, the DUPAnet model completely overcomes the
impact of the difference in scan spacing and even exhibits better denoising effects at a scan spacing of 1.0 mm. In addition,
different scanning voltages have little effect on the denoising performance of the three methods, and the overall results
show that the DUPAnet model outperforms the other two models in terms of denoising performance. Therefore, the
DUPAnet model proposed in this article can more effectively remove noise from chest LDCT images while preserving
some detailed structures, significantly improving image quality and visual effects, and effectively improving the impact of
different spacing LDCT images on denoising, although there are still some limitations in denoising generalization ability
on different phantoms.

4.2 The advantages and limits of different denoising model

Liu et al. proposed the residual diffusion model [36], which gradually refines the image through iterative denoising
and denoising processes, effectively handling noise distribution. At the same time, convolution operations are good
at capturing local noise patterns and are easy to expand. Wu et al. proposed a denoising diffusion probability model
[37], which uses U-Net to predict noise and iteratively refines it through diffusion process control to achieve high-quality
denoising. The UDiff model combines the diffusion model and the classic Unet structure for denoising chest LDCT images.
In the forward process, the model selectively adds Gaussian noise and then uses the Unet structure with efficient feature
expression ability for denoising. The experimental results show that the UDiff model has poor denoising performance on
Phantom 2, 3, and 5, failing to clearly differentiate between normal dose and low dose. The denoised image results show
blurriness and significant loss of details. In contrast, the numerical outcomes of Phantoms 1 and 8 are slightly better than
Phantoms 4 and 6, however, when examining the images, Phantoms 4 and 6 have better visual effects, making their final
results more aligned with practical requirements. The denoising ability of this method lacks stability, and there are certain
limitations in adding specified noise in experiments, resulting in poor generalization ability to complex or unknown noise.

To overcome the limitations of qualitative noise, we initially eliminate the forward noise process utilizing the
aforementioned mode. According to the research results of Tian et al. [38], embedding attention mechanisms into CNN
network architecture can significantly enhance image denoising performance. The UAdiff model abandons the forward
denoising step and introduces a channel space hybrid attention mechanism in the decoding stage of the Unet network
during the reverse denoising process. This mechanism enhances the model’s ability to distinguish between noise and detail
features by dynamically adjusting feature weights and constructing long-range dependencies, strengthens the extraction
of key features while effectively liminating noise, ensuring the preservation of image details. The experimental results
reveal that the UAdiff model exhibits significant fluctuations in denoising performance across different phantoms and
has a strong dependence on input data features. From the results, it can be seen that the denoising effect of the model on
Phantom 3 and Phantom 5 has decreased, while there is a slight improvement on Phantom 2, 6, and 7, and the overall
pixel level error has been reduced. Although the UAdiff model incorporates attention mechanism in the denoising method,
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it removes the forward process of the diffusion model, resulting in a lack of guidance from noise features in the overall
denoising model and weakening the reinforcement ability of attention features. This fails to fully preserve details in the
image denoising process and performs poorly in terms of generalization ability for denoising different models.

Given the guiding role of noise features in the denoising process and the need to avoid qualitative noise, this study
draws on the PET image denoising method based on the denoising diffusion probability model proposed by Gong et al.,
combined with the prior information of MR images, in order to further improve the denoising effect and reduce uncertainty
[31]. Based on the concept of multimodal image fusion, this study proposes a denoising method using the DUPAnet
model. In the forward process of the diffusion model, LDCT images are introduced as prior information for denoising,
that is, noise is added to normal dose CT images and input into the network in a dual channel form. In the encoding
stage of the Unet network for reverse denoising, the mixed attention mechanism is continued to be used to denoise the
chest LDCT images. The experimental results show that the DUPAnet model denoising method exhibits more stable and
excellent denoising effects on the three evaluation indicators of PSNR, SSIM, and RMSE, especially in error control and
denoising ability, demonstrating high stability. In experiments with different phantoms, there has been a certain degree of
performance improvement, especially evident in Phantom 2. From the image results, the overall denoising visual effect is
good, and the preservation of detailed structures has also been enhanced. This indicates that using LDCT images as prior
information for denoising is effective, which can better handle the denoising problem of different chest LDCT images and
improve the generalization ability for handling complex noise. This method has shown significant potential in the field
of denoising technology.

4.3 Optimize of loss function

In previous studies on LDCT image denoising, the use of the MSE loss function alone often resulted in excessively
smooth denoised images [39]. The three methods used in this study all employed mixed loss functions, mainly including
MSE loss function, L; loss function, and SSIM loss function. In the field of image denoising, the MSE loss function is
widely used due to its mathematical differentiability and optimization stability, which effectively constrains pixel-level
errors. but it can easily cause image smoothing and loss of details. The L; loss function has stronger robustness to noise and
outliers, and can better preserve edge details, but it is slightly inferior to MSE in terms of convergence speed and stability
[32]. The SSIM loss function evaluates image quality from multiple dimensions such as structure, brightness, and contrast,
which is more in line with human perception and can effectively improve visual quality. However, optimization is difficult
and computationally complex [40]. By mixing these three loss functions, it is possible to comprehensively consider pixel
accuracy, edge preservation, and structure perception, thereby improving the stability and perceptual quality of denoising
effects and compensating for the shortcomings of a single loss function. This study also adopted a hybrid attention
mechanism, which replaces the serial independent structure of the basic Convolutional Block Attention Module (CBAM)
hybrid attention mechanism through bidirectional information exchange of channel spatial attention [41]. Introducing
spatial dimension dynamic weight guidance in channel attention, while integrating channel importance information in
spatial attention to form bidirectional feedback and enhance the synergy of attention modules. This hybrid attention
mechanism effectively integrates spatial and channel information, enhances feature expression ability, accurately locates
noisy areas, and significantly improves image denoising and detail restoration capabilities.

4.4 Impacts of low dose CT scanning parameters

The imaging quality of LDCT scanning is affected by factors such as exposure parameters, tube current, tube voltage,
radiation dose, slice thickness, and reconstruction algorithm [42]. For example, low tube current can increase noise and
reduce imaging quality. If the tube voltage is too high, it will reduce the image contrast. Therefore, it is necessary to adjust
the tube current and tube voltage according to the actual situation to achieve the best imaging effect [43]. Rohme et al. [44]
evaluated the image quality and radiation dose differences of acute abdominal CT protocols using 40 different CT scanners
from 33 radiology departments in Norwegian hospitals and research institutes, covering scanner models from four different
suppliers. The study found significant differences in radiation dose and image quality among different CT scanners. Due
to differences in hardware and software solutions between CT manufacturers and scanners, achieving unified standards
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for image quality and radiation dose across scanners and suppliers has become challenging [45]. This study compares and
analyzes different parameters that affect LDCT images, mainly focusing on different instruments, scanning voltages, and
slice spacing. The experimental results showed that the UDiff model and UAdiff model performed relatively poorly on
Phantom 2, 3 and 5, while the DUPAnet model showed some improvement overall, especially outstanding performance on
Phantom 2. However, there are still shortcomings in Phantom 3 and Phantom 5. There are certain differences in the LDCT
images generated by different instruments, and the generalization ability between instruments needs to be improved. For
LDCT images generated at different voltages, the results showed that the differences in Phantom 4 under different voltages
did not significantly affect the denoising ability of the three methods mentioned in the article, with the DUPAnet model
performing the best. The number of CT images generated by scanning with different slice spacing varies, and the specific
differences are reflected in the image details. The experimental results show that the UDiff model and UAdiff model
have different results at different distances. The result with a distance of 5.0 mm is better, while the DUPAnet model has
similar results at the two distances. On the contrary, the result with a distance of 1.0 mm is higher. This indicates that the
method can still maintain good denoising ability in the case of increased image details, further verifying the effectiveness
of the method. In clinical applications, by combining denoising models and optimizing scanning parameters, such as
selecting appropriate voltage and slice spacing settings, optimizing denoising algorithms to achieve optimal image quality,
it is possible to reduce image noise while maintaining diagnostic quality of the image, thereby providing more accurate
imaging data for clinical use.

4.5 Limits and future prospects

This study experimentally validated three different denoising methods using a large amount of diverse phantom data,
and the results showed that all three methods have certain denoising capabilities. Among them, our proposed variant
diffusion model, incorporating LDCT prior information and mixed attention mechanism, exhibits better denoising effect
under multiple body model data and different scanning voltages and spacing conditions, confirming its ability to effectively
remove noise from chest LDCT images while preserving detailed structures and significantly improving image quality.

However, the model still struggles with generalizing to different phantoms, and its performance may degrade in
clinical settings with complex, real-world noise patterns. While phantom data was used extensively in this study, real
human LDCT data has not been incorporated, which limits the model’s practical applicability. Collecting real human
data is challenging due to variability in scan conditions, patient anatomy, and noise. This poses a significant obstacle to
evaluating the model’s true clinical effectiveness. Moreover, the model’s ability to generalize to other anatomical regions
beyond chest LDCT images remains uncertain, as denoising methods are typically region-specific.

Future research should focus on improving the model’s generalization by including real human data, exploring
multimodal denoising approaches with other imaging techniques like Magnetic Resonance Imaging (MRI) and PET, and
addressing its applicability across different anatomical regions. Additionally, integrating real-time denoising algorithms
into CT scanning systems could significantly enhance diagnostic workflows, enabling seamless image processing and
improving clinical efficiency as medical imaging technologies evolve.

5. Conclusions

Computed tomography technology plays an important role in the diagnosis of diseases such as cancer, but its radiation
can cause harm to the human body and even further catalyze the impact of diseases on the human body. The images of low
radiation LDCT technology have obvious noise and artifacts, which affect clinical diagnosis. The research on denoising
technology is very important to solve the quality problem of LDCT images. Research experiments have shown that the
DUPAnet denoising method proposed in this paper performs the best in terms of PSNR, SSIM, and RMSE when processing
LDCT images. It can effectively remove noise and preserve details, and performs the most stably under different scan
spacing and voltage conditions, thereby improving the quality of chest LDCT images. According to the discussion, there
is still a lot of room for exploration in this research question in the future. In addition to further optimizing denoising
algorithms and improving their generalization ability to different LDCT conditions and CT scans of different parts, it is
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also necessary to enhance real-time processing capabilities and adaptability to meet the demand for fast, efficient, and
accurate medical images in clinical applications.
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