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Cone-beam computed tomography (CBCT) scans are widely used for real time monitoring and 
patient positioning corrections in image-guided radiation therapy (IGRT), enhancing the precision 
of radiation treatment. However, compared to high-quality computed tomography (CT) images, 
CBCT images suffer from severe artifacts and noise, which significantly hinder their application in 
IGRT. Therefore, synthesizing CBCT images into CT-like quality has become a critical necessity. In this 
study, we propose a hybrid U-Net diffusion model (HUDiff) based on Vision Transformer (ViT) and the 
information bottleneck theory to improve CBCT image quality. First, to address the limitations of the 
original U-Net in diffusion models, which primarily retain and transfer only local feature information, 
we introduce a ViT-based U-Net framework. By leveraging the self-attention mechanism, our model 
automatically focuses on different regions of the image during generation, aiming to better capture 
global features. Second, we incorporate a variational information bottleneck module at the base of 
the U-Net. This module filters out redundant and irrelevant information while compressing essential 
input data, thereby enabling more efficient summarization and better feature extraction. Finally, a 
dynamic modulation factor is introduced to balance the contributions of the main network and skip 
connections, optimizing the reverse denoising process in the diffusion model. We conducted extensive 
experiments on private Brain and Head & Neck datasets. The results, evaluated from multiple 
perspectives, demonstrate that our model outperforms state-of-the-art methods, validating its clinical 
applicability and robustness. In future clinical practice, our model has the potential to assist clinicians 
in formulating more precise radiation therapy plans.

Precision radiotherapy seeks to optimize therapeutic radiation delivery by intensifying tumor exposure while 
sparing adjacent critical structures. Image-guided radiation therapy (IGRT) is pivotal in achieving this precision, 
enabling real-time monitoring of tumor and normal organ changes before and during treatment1,2. Computed 
tomography (CT), due to its superior imaging quality, has become a key diagnostic and IGRT tool in the medical 
field. However, relying solely on pre-treatment CT images can overlook the fact that patient anatomy may 
change during treatment, potentially leading to inaccurate radiation dose delivery to critical organs, reduced 
tumor control effectiveness, and increased risk of excessive radiation and critical organ doses3–5. Cone-beam 
computed tomography (CBCT) serves as an efficient daily or weekly verification tool, offering rapid acquisition 
and reduced exposure while facilitating precise patient positioning.

Despite its advantages, CBCT images often suffer from significant artifacts, lower image quality, and 
resolution, as well as inaccurate Hounsfield units (HU), which complicate the accurate identification of the 
boundary between normal organs and tumors. This hinders the quantitative application of CBCT and adaptive 
radiotherapy (ART) based on CBCT. Therefore, enhancing CBCT image quality is crucial. Enhanced CBCT 
imaging enables precise delineation of tumor-tissue interfaces, dynamically modify treatment plans during 
treatment, improve the accuracy of tumor radiotherapy, and better protect critical organs.
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Current research on ART based on CBCT primarily focuses on two areas: artifact correction to improve CBCT 
image quality6–21, and the generation of synthetic CT (sCT) images with quality comparable to CT22–43. Artifact 
correction can be broadly categorized into physical modeling-based and traditional algorithm-based methods, 
with deep learning methods playing a significant role in generative approaches. Physical modeling-based 
methods, for example, use physical modeling to simulate the interaction between scattered light and grating, 
thereby quantifying the grating’s effect on removing scattered light15. Traditional algorithm-based methods 
include iterative image reconstruction algorithms that use sparse projection data for image reconstruction16, 
optimization of Monte Carlo methods using scatter correction to improve image quality, and carbon fiber 
cross-type scatter-reducing gratings to reduce scattered radiation17. However, these methods struggle with 
large datasets and complex nonlinear relationships, leading to suboptimal results in tasks such as CBCT noise 
suppression and artifact removal. Consequently, researchers are exploring deep learning methods. Currently, 
deep learning techniques for generating sCT primarily involve generative adversarial networks (GANs), which 
consist of a generator and a discriminator, mapping CBCT to CT image domains to produce high-quality sCT 
images. Despite their potential, GANs, due to their adversarial training strategy, can suffer from instability, early 
convergence, and mode collapse, limiting the quality and diversity of synthetic images. Therefore, variants such 
as CycleGAN28 and AttentionGAN29 are increasingly used in CBCT-to-CT image conversion tasks, enhancing 
the accuracy and anatomical consistency of generated images through cycle consistency loss and attention 
mechanisms.

Recent years have witnessed the significant success of diffusion models as an alternative to GANs in the field 
of computer vision, particularly in the domain of image generation44,45. Unlike GANs, which do not depend on 
adversarial training techniques, diffusion models enhance the stability of training and produce more realistic 
output images with improved quality and greater semantic diversity. This approach is less time-consuming for 
fine-tuning the network and adjusting training hyperparameters. Drawing inspiration from non-equilibrium 
thermodynamics in physics, diffusion models represent a generative method that introduces random noise 
gradually to destroy images, defining a Markov diffusion step chain, and subsequently learns the inverse diffusion 
process to gradually restore generated samples from noise through denoising steps. Typically, the denoising 
network is constructed as a U-Net architecture, which is based on convolutional modules. The encoder of the 
U-Net extracts multi-scale features through downsampling, while the decoder reconstructs the image through 
upsampling, yielding denoising results. Despite its reliance on convolutional operations for feature extraction, 
the model’s receptive field is limited, primarily capturing local information and lacking an effective global 
feature extraction mechanism. This limitation hampers the understanding of the image’s overall semantics and 
long-range dependencies, leading to inconsistent and less precise detail reproduction in the generated results. 
Consequently, this affects visual quality and realism, particularly in the context of high-quality medical image 
generation or complex synthetic tasks.

In response to these deficiencies, we present a novel Hybrid U-Net Diffusion Model (HUDiff) that integrates 
Vision Transformer (ViT) architecture with information bottleneck principles to synthesize superior-quality sCT 
reconstructions from CBCT data. Our approach is structured into two phases: the first involves a forward noise 
addition process, where Gaussian noise progressively perturbs the initial CT data distribution over T iterations; 
followed by an inverse restoration phase utilizing a hybrid U-Net architecture to estimate perturbation at each 
iteration, with CBCT serving as conditional input to the U-Net to facilitate the generation of clear CT images. 
Specifically, our contributions include: 

	1.	 We propose a ViT-based U-Net framework to address the limitations of the original U-Net, which primarily 
retains and transfers local feature information. By leveraging the characteristics of self-attention mecha-
nisms, our model adaptively prioritizes diverse spatial areas throughout synthesis, enhancing comprehensive 
feature interpretation.

	2.	 We introduce a variational information bottleneck (VIB) module at the base of the U-Net, which filters out 
redundant and irrelevant information while compressing essential input data, thereby effectively summariz-
ing the input and capturing key features more accurately.

	3.	 We incorporate a dynamic modulation factor to balance the contributions of the main network and skip 
connections, optimizing the reverse denoising process in conjunction with the diffusion model.

	4.	 We conduct a comprehensive analysis and comparison of the sCT images synthesized through HUDiff 
against contemporary approaches using diverse evaluation metrics, demonstrating the superiority of the 
HUDiff approach.

Related work
Device-level CBCT enhancement approaches
System-level CBCT enhancement approaches concentrate on optimizing scanner hardware configurations. 
This includes improvements in detector design, adjustments to the light source, the addition of filters, or the 
introduction of auxiliary correction devices, all aimed at reducing the impact of scattered radiation and artifacts 
on image quality, thereby enhancing accuracy and clarity. Zhu et al.19 introduced an additional scattering detector 
array to directly measure scattered radiation, effectively mitigating the influence of scattering artifacts on CBCT 
images. Stankovic et al.20 proposed an iterative model based on beam-blocking methods that concurrently 
reduces scattering from various grids, resulting in diminished artifact generation and improved CBCT image 
quality. Although hardware-based methods can mitigate scattering artifacts to some extent, challenges such 
as the limitations of physical equipment, the complexity of hardware implementation, and high costs remain 
significant obstacles.
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Conventional computational approaches for CBCT enhancement
Traditional algorithm-based CBCT image correction methods involve applying techniques such as filtering, 
interpolation, regression, or model reconstruction in the projection or image domain to reduce artifacts, 
scattering noise, or other distortions, thereby enhancing the quality of CBCT images. Sidky et al.16 developed 
an iterative image reconstruction algorithm based on sparse angles and limited views, which utilizes sparse 
projection data to reconstruct images and improve quality. Xu et al.17 proposed a practical CBCT scattering 
correction method based on optimized Monte Carlo simulations to enhance CBCT image quality. Usui et al.18 
conducted Monte Carlo simulation studies using carbon fiber cross-type anti-scatter grids to reduce the impact 
of scattered radiation on CBCT image quality. Wang et al.21 employed a prior-information-guided sequential 
random forest algorithm to develop an automated segmentation method for CBCT images, effectively improving 
segmentation accuracy and indirectly enhancing image quality. However, these algorithms struggle to optimize 
from input to output directly and typically require longer computation times, limiting the overall performance 
of image generation.

GAN-based image synthesis methods
Advanced neural architecture composed of dual complementary units a synthesis module and an evaluation 
module forms the foundation of GAN. The synthesis module creates realistic outputs from input sequences, while 
the evaluation component validates authenticity through comparative assessment. This adversarial optimization 
process progressively enhances output fidelity. This framework excels in cross-modality transformation tasks, 
particularly in medical imaging domain transitions. Liang et al.30 pioneered a cycle-consistent synthesis 
approach for CT reconstruction from CBCT acquisitions in unsupervised environments. Empirical evaluations 
demonstrate this methodology’s superior efficacy compared to contemporary unsupervised solutions. 
Building upon these advances, Sun et al.31 established a protocol for sCT synthesis utilizing enhanced cyclical 
adversarial mechanisms. Their architecture incorporates reinforced U-Net pathways with integrated attention 
mechanisms and dimensional restoration functions to optimize reconstruction quality. Deng et al.32 established 
a reconstruction protocol utilizing an enhanced ResPath architecture, incorporating residual circuits for high-
fidelity sCT synthesis from CBCT acquisitions. Zhang et al.33 advanced volumetric reconstruction frameworks 
by integrating physical principles with neural architectures to enhance resilience against data uncertainty. Li et 
al.34 developed a spatially-aware synthesis framework (RegGAN) that harmonizes geometric alignments through 
U-Net integrations, addressing multi-platform reconstruction variations and HU inconsistencies. Semul et al.35 
implemented comprehensive skip-connection mechanisms for architectural optimization. Liu et al.36 introduced 
a sequence-oriented synthesis methodology with adaptive temporal fusion, augmenting inter-modality 
consistency. Hu et al.37 incorporated self-attention mechanisms into cross-modality synthesis to enhance spatial 
feature comprehension. Sun et al.[35] conceived a tri-modal synthesis architecture (TGAN) unifying CBCT, 
MRI, and CT modalities. Zhang et al.39 established a comprehensive unsupervised transformation framework 
addressing stylistic elements in latent representations.

Diffusion model-based image synthesis methods
Diffusion models, a novel approach to generative methods, have demonstrated superior performance over GAN 
in image synthesis, denoising, and super-resolution tasks46,47. In the field of CBCT-to-CT synthesis, obtaining 
paired patient data is highly challenging and costly. Unsupervised or self-supervised diffusion models have 
gained significant attention as they can reduce dependence on paired data, making training data more accessible 
and facilitating broader research applications. The diffusion model operates in two phases: first incorporating 
Gaussian noise progressively into the CT image, followed by a reverse phase that estimates and eliminates the 
introduced noise, facilitating CBCT to CT image conversion. Li et al.48 proposed a frequency-domain guided 
diffusion model FGDM, which utilizes a frequency-domain filter to guide the diffusion process and effectively 
preserves the structural information in the image. The model is trained using only data from the target domain 
without source domain data, realizing direct image conversion from source to target domain. The experimental 
results show that FGDM outperforms existing GAN, VAE and diffusion models in several medical image 
conversion tasks with significant advantages. Fu et al.40 established EGDiff, a framework that leverages an energy 
conduction function to preserve domain-independent characteristics throughout the noise reduction sequence, 
aimed at optimizing sCT image fidelity. Peng et al.41 implemented a probabilistic diffusion architecture for 
conditional denoising, which achieved exceptional results in dose calculation and visual quality metrics when 
utilizing CBCT images as conditions. Chen et al.42 developed an adaptive diffusion-based architecture called 
L-DM, capable of accurately synthesizing the HU values of corresponding sCT images and effectively removing 
artifacts, advancing the clinical treatment of lung cancer radiotherapy. Zhang et al.43 designed a fusion model that 
integrates attentive frequency optimization and a dual-branch feature module to enhance the high-frequency 
details of sCT and preserve details effectively, further advancing CBCT synthesis.

ViT and IB-MLP module in medical images
ViT has demonstrated significant advantages in capturing global features of images through its self-attention 
mechanism, and has been widely applied in various medical image tasks49,50. Unlike traditional CNN, which 
primarily rely on the transmission and retention of local information, ViT is capable of capturing long-range 
dependencies within an image, thereby enhancing its understanding of global features. Through self-attention, 
ViT dynamically focuses on different regions of an image, not only improving its clarity and realism but also 
compensating for the limitations of convolution operations. Manzari et al.51 introduced a robust and efficient 
hybrid model that integrates the locality of convolutions with the global connectivity of ViT, designing an efficient 
attention mechanism and learning smoother decision boundaries. This approach achieved superior performance 
in medical image classification tasks. Dalmaz et al.52 proposed a novel generative adversarial model, ResViT, 
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which combines the contextual sensitivity of ViT, the precision of convolutional operations, and the realism of 
adversarial learning. Extensive experiments on multi-contrast MRI sequence synthesis and MRI-to-CT image 
generation demonstrated that ResViT outperforms existing methods both qualitatively and quantitatively. He et 
al.53 introduced an efficient hierarchical hybrid ViT model for medical image segmentation, which effectively 
utilizes limited medical data. The experimental results showed that this model outperforms existing methods 
in three 2D and two 3D medical image segmentation tasks, while maintaining high computational efficiency in 
terms of model parameters, FLOPs, and inference time.

Information bottleneck theory improves feature extraction by compressing input data and retaining only 
the task-relevant key information54. The IB-MLP module, based on this theory, has been widely integrated into 
various models to enhance the quality of medical images. The IB-MLP module filters redundant information 
and compresses data, removing unnecessary anatomical features. This results in improved tissue contrast, 
fewer artifacts, and more accurate anatomical structure delineation, thereby increasing the precision of feature 
extraction. Li et al.55 innovatively incorporated Transformer and IB modules into the U-Net model, using the 
IB module to compress redundant features and mitigate the risk of overfitting. Ablation studies conducted 
on two public datasets, along with comparisons to state-of-the-art models, demonstrated the advantages of 
their approach. Furthermore, Li et al.56 proposed a hybrid model based on diffusion models and the IB-MLP 
module. This model combines the denoising and global feature-capturing abilities of diffusion models with the 
information compression capabilities of the IB-MLP module. Located at the bottom of the model, the IB-MLP 
module uses information bottleneck theory to compress learned features, retaining the most relevant features for 
the task while discarding irrelevant ones, thus improving the model’s generalization ability. Experimental results 
on three public datasets, compared with leading models, show that this approach offers significant advantages in 
medical image segmentation tasks.

Based on the above study,we propose the HUDiff model,a hybrid U-Net diffusion model for synthesizing CT 
images from CBCT images. We validate the effectiveness of HUDiff on a private dataset, and the experimental 
results show that the method is able to accomplish the task of image synthesis from CBCT to CT with high 
quality, and exhibits good performance in medical imaging applications.

Method
In this section, we first introduce the framework of the conditional diffusion model. Next, we present the overall 
architecture of the hybrid U-Net denoising network within the conditional diffusion model. Finally, we discuss 
the information bottleneck theory and dynamic modulation factor utilized in the hybrid U-Net.

Conditional diffusion model
As shown in Fig. 1, x0 is the CT image and y is the CBCT image. We first add noise to x0, continuously in 
the forward process, and set the step size to T, we can obtain x1, x2, . . . xt, where the added noise obeys the 
Gaussian distribution N (0, I), So xt, the distribution can be expressed as follows:

	 q(xt|x0) = N
(
xt;

√
αtx0, (1 − αt)I

)
� (1)

where αt :=
∏t

i=1 αn and αt := 1 − βt with βt being the variance of the forward process and I representing 
the identity matrix. Ultimately, xt can be expressed as a function of x0 as follows:

	 xt =
√

αtx0 +
√

1 − αtε, with ε ∼ N (0, I)� (2)

Fig. 1.  General framework for conditional diffusion modeling.
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Secondly, we denoise xt. in the reverse process, but q(xt−1|xt) Unknown, so we use the Bayesian formula to 
solve:

	
q(xt−1|xt, x0) = q(xt|xt−1, x0)q(xt−1|x0)

q(xt|x0) � (3)

Based on Eqs. (1) and (3), the distribution q(xt−1|xt) can be expressed as:

	 q(xt−1|xt) = N
(
xt−1; µ(xt, t), βI

)
� (4)

where

	
µ =

√
αt−1βt

1 − αt
x0 +

√
αt(1 − αt−1)

1 − αt
xt� (5)

and

	
β = 1 − αt−1

1 − αt
βt� (6)

From Eqs. (2), (5) can be rewritten as:

	
µθ(xt, t) = 1√

αt

(
xt − 1 − αt√

1 − αt.
εθ(xt, t)

)
� (7)

Unlike other diffusion models, the conditional diffusion model used in this paper uses y0 to guide x0 for 
denoising in the inverse process, so xt can be used to estimate xt−1:

	
xt−1 = 1√

αt

(
xt − 1 − αt√

1 − αt

εθ(xt, y0, t)
)

+ σtz� (8)

Since the backward denoising process of the conditional diffusion model uses the U-Net architecture, the goal 
of this paper is to train the neural network parameter εθ  to estimate the noise at each step, and the loss function 
of the network is defined as follows:

	 L (θ) = Ext, y0, t[|xt−1 − y0|22] + λtExt, y0, t
[
|∇xt−1 εθ(xt, y0, t)|22

]
� (9)

where E denotes the expectation of the training data. The first term in the function is denoted to make xt−1 as 
similar as possible to y0 and in the second term εθ  is the gradient of xt−1 which is used to smooth out the noise 
estimate. λt is the weighting factor. Minimization of L (θ) is done by backpropagation with gradient descent, 
aiming at generating a high quality y0 image from a given x0 image.

Hybrid U-Net denoising network architecture
The denoising network of the original diffusion model consists of an encoder and a decoder, both equipped 
with convolutional modules. In this structure, the encoder acts as the downsampling path, encoding the input 
image into features of different resolutions, while the decoder serves as the upsampling path, assembling the final 
denoised image from these features. Despite the U-Net’s good performance, its structure has inherent limitations. 
The network primarily relies on convolutional operations, which have a relatively small receptive field and can 
only capture information from local areas. The lack of an effective global feature extraction mechanism makes 
the U-Net struggle to understand the overall semantic information and long-range dependencies in the image, 
leading to poor performance in image generation tasks, with generated images often lacking global consistency 
and detail realism. To address this issue, this study constructed a U-Net framework based on ViT, as shown 
in Fig. 2a, where the U-Net structure is used to extract and retain important anatomical features and detail 
information, and dynamic modulation factors are introduced to balance the contributions of the backbone 
network and skip connections. The self-attention mechanism of ViT is then utilized to automatically focus 
on different positions of the image during image generation, better understanding the global features of the 
anatomical image, making the generated images clearer and more realistic. Finally, a VIB module is introduced, 
as shown in Fig. 2c, to filter out redundant and irrelevant information and compress the key input data, aiming 
to effectively summarize the input and better capture key features. In the network architecture design, the U-Net 
adopts a symmetric encoder-decoder structure. Its encoding path includes four consecutive feature extraction 
layers, each consisting of a convolutional operation and a downsampling module. To effectively fuse features of 
different scales, the network design a skip connection mechanism, directly transferring feature maps extracted 
from each layer of the encoding path to the corresponding level of the decoding path. Specifically, the input image 
is first transformed into a feature tensor of size (w0, h0, f0) through a preprocessing module. Subsequently, the 
tensor is processed through the downsampling modules in sequence on the encoding path, with the spatial 
dimensions of the feature maps halved at each module while the channel dimension f0 is expanded to double. 
The ViT module, as shown in Fig. 2b, is mainly composed of multiple transformer encoder blocks, with an 
input feature dimension of (w0/16, h0/16, 8f0). The processing flow is as follows: the input feature map is first 
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rearranged into a token sequence in the spatial dimension, with a sequence length of w × h, where each token 
is represented as a vector of length f. Subsequently, the token sequence is fused with a two-dimensional Fourier 
position encoding of dimension fp, and then projected linearly to dimension fv  as the input to the encoder. To 
optimize the model training process, we adopted the Rezero regularization strategy and introduced learnable 
scale parameters α to dynamically regulate the contribution weights of the non-linear transformation branch in 
the residual connection, which significantly improved the convergence performance of the model.

IB-MLP module
The information bottleneck theory provides a theoretical basis for the feature extraction process in deep learning. 
The theory states that an effective learning system should be able to compress the input data and retain only the 
key information related to the task. By establishing the minimum sufficient statistic between the input and the 
target, the model can filter redundant features, thus enhancing its generalization performance. This learning 
paradigm based on information compression not only simplifies the feature representation, but also provides a 
new way of thinking to improve the model robustness. Its theory can be expressed as follows:

	 maxLIB(Z) = I(Z; Y ) − εI(X; Z)� (10)

In this flalign, the system utilizes three stochastic variables: X denotes the input data, Y represents the output 
data, and Z characterizes the latent representation. The optimization objective involves tuning the parameter ε 
of the learning algorithm to achieve two complementary goals: maximizing I(Z; Y)—the mutual information 
between the derived representation Z and output Y, while simultaneously minimizing I(Z; X)—the corresponding 
information metric between Z and the input variable X.

Fig. 2.  Hybrid U-Net denoising network architecture.
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The variational information bottleneck is modeled by a deep neural network for probability distributions 
and combines reparameterization techniques with Monte Carlo sampling methods to achieve unbiased 
gradient estimation. This design breaks through the limitations of traditional methods on discrete or Gaussian 
distributions, enabling them to effectively handle high-dimensional continuous data, and realizing the 
preservation of key information and compression of redundant features. In the concrete implementation, we 
integrate the VIB module into the bottom layer of U-Net architecture. This design is based on the following 
considerations: firstly, the bottom layer is the final stage of feature learning, at this time the compression of 
the fully learned features is more meaningful; secondly, due to the information loss in the upper layer of the 
network, if the feature compression in this position may affect the convergence performance of the model. the 
loss function of the IB module can be expressed as follows:

	 LossIB−MLP = maxI(Z; Y ) − εI(X; Z)� (11)

Here, X encodes the source features from the initial feature space f, while Z comprises a subset of X containing 
elements with maximal relevance to the target prediction Y. The coefficient ε spans [0,1], regulating the extent of 
dimensionality reduction. The quantities I(Z; Y) and I(X; Z) serve as information-theoretic metrics to evaluate 
cross-variable dependencies. This formulation aims to optimize a dual objective: enhancing I(Z; Y) to preserve 
essential predictive elements while constraining I(X; Z) to achieve compact representations and mitigate potential 
overfitting. The mathematical formalism of these information-theoretic components takes the following form:

	
I(Z; Y ) =

∫
dydzp(y, z)log

p(y|z)
p(y) � (12)

	
I(X; Z) =

∫
dzdxp(x, z)log

p(z|x)
p(z) � (13)

Due to the high-dimensional distribution of image data, calculating p(y|z) poses significant challenges. By 
leveraging the property that the Kullback-Leibler divergence (KLD) between two distributions is always non-
negative, we learn the distribution q(y|z) to approximate p(y|z). The lower bound of I(Z; Y) can be expressed as:

	
I(Z; Y ) ≥

∫
dxdydzp(x)p(y|x)p(z|x)logq(y|z)� (14)

For I(X; Z), we select a standard Gaussian distribution r(z) to approximate p(z). The upper bound of I(X; Z) can 
be represented as:

	
I(X; Z) ≤

∫
dxdzp(x)p(z|x)log

p(z|x)
r(z) � (15)

Thus, we can express I(Z; Y ) − εI(X; Z) as follows:

	

I(Z; Y ) − εI(X; Z) ≥
∫

dxdydzp(x)p(y|x)p(z|x)logq(y|z)

− ε

∫
dxdzp(x)p(z|x)log

p(z|x)
r(z) = L

� (16)

We substitute the empirical distribution p(x, y) = 1
N

∑N

n=1 δxn · δyn  for p(x, y). Consequently, L and the loss 
function LossIB−MLP  can be reformulated as:

	
L ≈ 1

N

N∑
n=1

[∫
dzp(z|xn)logq(yn|z) − εp(z|xn)log

p(z|xn)
r(z)

]
� (17)

Finally, we have:

	
LossIB−MLP = 1

N

N∑
n=1

[
εKL(pϕ(z|xn) ∥ r(z)) − Ez∼pϕ(z|xn)[log q(yn|z)]

]
� (18)

Here, E denotes the expected value, and pϕ(z|xn) represents a variational Gaussian distribution encoder that 
learns the mean µ and variance σ through the network.

Dynamic modulation factor
According to the paper by Si et al.57, the primary function of the U-Net backbone network is to filter out high-
frequency noise, thereby ensuring the fidelity and detail of the images. The skip connections forward features 
directly from the earlier layers of the encoder blocks to the decoder, which primarily consist of high-frequency 
signals. While the presence of these high-frequency features may accelerate the convergence of noise prediction, 
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it can also weaken the inherent denoising capability of the backbone network. To enhance the denoising ability 
of U-Net, we introduce two specialized dynamic modulation factors aimed at balancing the contributions 
of features from the U-Net backbone and the skip connections. The average feature map along the channel 
dimension is represented as:

	
xl = 1

C

C∑
i=1

xl,i� (19)

Here, xl,i denotes the i-th channel of the backbone feature map xl in the l-th block of the U-Net decoder, and C 
represents the total number of channels in xl. The backbone factor αl amplifies the backbone feature map xl in 
a manner consistent with its structural features. The backbone factor is defined as:

	
αl = (bl − 1) · xl − Min(xl)

Max(xl) − Min(xl)
+ 1� (20)

where bl >1. To achieve the most effective denoising results, we restrict the scaling operation to half of the 
channels in xl:

	
x

′
l,i =

{
xl,i ⊙ αl if i < C/2
xl,i otherwise � (21)

To further mitigate the issue of excessive smoothing of textures due to denoising, we employ spectral modulation 
in the Fourier domain to selectively reduce the low-frequency components of the skip connection features. This 
process is as follows:

	

F (hl,i) = FFT(hl,i)
F ′(hl,i) = F (hl,i) ⊙ βl,i

h′
l,i = IFFT(F ′(hl,i))

� (22)

In these flaligns, hl,i denotes the i-th channel of the skip feature map in the l-th block of the U-Net decoder, 
while FFT and IFFT represent the Fourier Transform and Inverse Fourier Transform, respectively. The term βl,i 
serves as the Fourier mask, with the frequency-dependent scaling factor sl defined as:

	
βl,i(r) =

{
sl if r < rthresh,
1 otherwise. � (23)

Here, r is the radius, and rthresh is the threshold frequency, which is set to 1 in our experiments.

Statement
We confirm that all methods were performed in accordance with the relevant guidelines and regulations, and 
informed consent for patients was waived by the Research Ethics Committee of the Nanjing Medical University.

Experiment
Dataset
This study collected CT and CBCT images from 105 patients with brain tumors and 108 patients with head 
and neck (H&N) cancers who underwent radiotherapy at the Fourth Affiliated Hospital of Nanjing Medical 
University, between October 1, 2021, and September 1, 2024. Specifically, we selected 9350 paired images for 
training from 85 brain tumor patients and randomly selected 1000 paired images for testing from 20 brain 
tumor patients. For the H&N group, we chose 8652 paired images for training from 84 patients and randomly 
selected 1200 paired images for testing from 24 patients. In this study, two imaging systems were used to acquire 
patient image data: a GE large-aperture CT device and an Elekta Exesse XVI system. The CT images were 
acquired with the following parameters: CT image voxel size of 0.625 × 0.625 × 1 mm2, size of 512 × 512, and 
slice thickness of 1.75 mm. CBCT scanning was performed with the following parameter settings: 360-degree 
rotation of the frame, 120 kVp, 10 mA, 10 ms, and F0S20 collimator. The acquired CBCT images had a voxel 
size of 1 × 1 × 1 mm2 and an axial dimension of 410 × 410. During the radiotherapy procedure, each patient 
first underwent a planned localization CT scan, followed by three CBCT image acquisitions during each weekly 
treatment period.

Data preprocessing
During clinical radiographic acquisition, extraneous medical equipment including treatment platforms, patient 
immobilization apparatus and protective gear—inadvertently appear in both CT and CBCT scans. The presence 
of these auxiliary components impacts both computational efficiency during model development and degrades 
output quality. Our methodology addresses this limitation through a two-phase mask-based purification 
protocol: Initially, medical professionals delineate regions of interest, followed by the application of customized 
filtering algorithms to extract non-anatomical elements. In the subsequent registration phase, inherent variations 
in equipment specifications and scanning protocols often result in spatial inconsistencies between corresponding 
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CT-CBCT pairs. Given the inherent geometric consistency of anatomical features, we implemented Advanced 
Normalization Tools (ANTS), an established registration framework, to resolve these alignment disparities.

Evaluation metrics and network training details
To quantitatively evaluate the fidelity between model-synthesized and reference CT volumes, we adopted a 
comprehensive suite of image quality metrics. The evaluation protocol encompasses Mean Absolute Error (MAE), 
Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Normalized Cross-Correlation41 
(NCC). In this study, all input images are preprocessed: the pixel values are normalized to the interval [−1,1] and 
uniformly scaled to 256×256 resolution. The experiments involve two types of algorithm sets: CycleGAN-based 
methods (including the original CycleGAN, ADCycleGAN and IViT-CycleGAN) and diffusion models (DDPM, 
EGDiff and the algorithm proposed in this paper). For the first type of algorithms, we use the following training 
parameters: initial learning rate r = 0.0002, momentum parameters β1 = 0.9 and β2 = 0.999 for Adam 
optimizer, training rounds set to 200, and 2 samples processed per batch. The diffusion model was configured as 
follows: time step T = 1000, initial and termination noise variance β0 = 0.0004 and βT = 0.02, respectively. 
All algorithms were implemented based on Python 3.6 and TensorFlow 1.16 frameworks, and the training was 
done on a Linux server equipped with 8 NVIDIA Tesla V100 graphics cards.

Result
Comparison of different methods
Table 1 demonstrates the performance comparison of the proposed method with the existing state-of-the-art 
algorithms. In the Brain dataset, the proposed method achieves the optimal performance in all the indexes: the 
MAE is 23.3114, the PSNR reaches 31.3410, the SSIM obtains 0.9862, and the NCC reaches 0.9831. In order to 
validate the versatility of the algorithm, we apply the same parameter configurations to the H&N dataset, and 
we also obtain the excellent results: the MAE is 26.1114, the PSNR reaches 30.8847, the SSIM obtains 0.9802, 
and the NCC achieves 0.9798. These results are the same as those in Table 1. 26.1114, PSNR of 30.8847, SSIM 
of 0.9802, and NCC of 0.9798, which confirmed the leading edge of the proposed method in sCT image quality 
and demonstrated good cross-site adaptability. Further, we used t-test (P <0.05) to assess the significance of the 
performance difference between the proposed method and other algorithms. As shown in Table 2, the statistical 
analyses on both datasets indicate that the proposed method has a significant advantage over the existing 
algorithms, which fully validates the advancement and generalizability of the method.

Ablation studies
In order to verify the effectiveness of each module, we conducted ablation experiments by gradually superimposing 
different functional modules using DDPM as the baseline network. The three core modules proposed in this 
paper include: Vision Transformer (ViT), Information Bottleneck MLP (IB-MLP) and Dynamic Modulation 
Factor (DMF). As shown in Table 3, the experimental results on both Brain and H&N datasets indicate that each 
module contributes positively to the model performance improvement. Specifically, the ViT module utilizes 
its built-in self-attention mechanism to adaptively capture the long-range dependencies of the image, which 
enhances the model’s ability to understand the global semantic features, thus improving the clarity and realism 
of the generated images. The IB-MLP module, which is set in the bottom layer of U-Net, realizes the extraction 

Methods

Brain H&N

MAE PSNR SSIM NCC MAE PSNR SSIM NCC

CycleGAN25 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

ADCycleGAN58 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

IViTCycleGAN37 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

DDPM41 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

EGDiff40 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Ours <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

Table 2.  Indicator significance of different models versus our model on Brain and H&N datasets.

 

Methods

Brain H&N

MAE PSNR SSIM NCC MAE PSNR SSIM NCC

CycleGAN25 30.7425 28.1578 0.9525 0.9588 33.7715 26.1336 0.9474 0.9502

ADCycleGAN58 28.4446 28.9856 0.9602 0.9611 31.4552 27.3545 0.9558 0.9541

IViTCycleGAN37 26.2135 29.2355 0.9714 0.9634 30.4821 28.4815 0.9615 0.9601

DDPM41 25.3858 29.7879 0.9737 0.9702 28.4101 29.4448 0.9664 0.9689

EGDiff40 24.1379 30.4543 0.9788 0.9755 27.0179 30.0429 0.9711 0.9713

Ours 23.3114 31.3410 0.9862 0.9831 26.1114 30.8847 0.9802 0.9798

Table 1.  Quantitative results of sCT synthesized by different models on Brain and H&N datasets.
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of key features and the filtering of redundant information through the information compression mechanism 
to optimize the effectiveness of feature representation, and the DMF module dynamically adjusts the feature 
fusion weights of the backbone network and the hopping connection to promote the denoising effect of the 
diffusion model and guarantee the quality of the image generation. By comparing the four evaluation indexes of 
MAE, PSNR, SSIM and NCC, it is found that the ViT module contributes most significantly to the performance 
improvement, which is better than the IB-MLP and DMF modules.

Visual presentation and subjective evaluation
In addition to the quantitative evaluation metrics mentioned above, we further validated the performance of 
our method through multi-angle visualizations and by comparing the generated results from different models. 
Figure 3 compares the synthetic results of six algorithms CycleGAN, ADCycleGAN, IViT-CycleGAN, DDPM, 
EGDiff, and Ours on a Brain dataset, arranged from left to right. The anatomical structures chosen, from top 
to bottom, include the skull, neural tissue (green arrow), pituitary region (yellow arrow), and frontal sinus and 
orbit (orange arrow). From the magnified image portions, it is clear that the other comparative algorithms 
introduce significant noise and artifacts, and fail to accurately capture fine anatomical details, with blurred 
boundary contours. Specifically, in the first row of the Brain dataset, the skull region generated by CycleGAN 
and its variants, ADCycleGAN and IViT-CycleGAN, shows significant morphological differences and severe 
detail loss compared to real CT images, with prominent noise in the overall images. Although DDPM and 
its improved version EGDiff exhibit less detail loss compared to real CTs, they still contain some noise and 
artifacts that could affect clinical diagnosis. In the second row, for the neural tissue (green arrow), CycleGAN 
shows large morphological differences compared to real CTs, failing to generate neural tissue altogether. 

Fig. 3.  Qualitative analysis of sCT reconstruction outcomes from the Brain dataset validation cohort.

 

ViT IB-MLP DMF

Brain H&N

MAE PSNR SSIM NCC MAE PSNR SSIM NCC

✓ 25.3315 29.8541 0.9745 0.9715 28.0259 29.5849 0.9680 0.9701

✓ 25.2213 30.1225 0.9759 0.9733 27.8845 29.7462 0.9715 0.9715

✓ 25.0131 30.3361 0.9772 0.9745 27.6124 29.8863 0.9729 0.9733

✓ ✓ 24.5754 30.4551 0.9802 0.9787 27.3322 29.9910 0.9744 0.9751

✓ ✓ 24.0513 30.7715 0.9827 0.9801 27.0984 30.3615 0.9778 0.9769

✓ ✓ 23.8457 31.1251 0.9838 0.9811 26.8847 30.5847 0.9793 0.9781

✓ ✓ ✓ 23.3114 31.3410 0.9862 0.9831 26.1114 30.8847 0.9802 0.9798

Table 3.  Performance metrics of DDPM component ablation studies on Brain and H&N cohorts.
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ADCycleGAN and IViT-CycleGAN are able to generate partial tissue but suffer from detail loss, feature errors, 
and morphological distortions. DDPM and EGDiff show smaller morphological differences compared to real 
CTs, but the orbit region still exhibits slight detail loss and noise. In the third row, for the pituitary region (yellow 
arrow), CycleGAN and its variants produce a noticeably blurred pituitary gland and unclear orbital boundaries 
with significant detail loss. DDPM and EGDiff show minimal detail loss compared to real CTs, but the orbital 
region remains blurry, making clinical diagnosis challenging. In the fourth row, for the frontal sinus and orbit 
(orange arrow), CycleGAN and its variants exhibit blurred boundaries and incorrect structures compared to 
real CTs. DDPM and EGDiff show smaller morphological differences, but there are still minor distortions and 
noise that could interfere with targeted radiotherapy. Most of these structures are bony and stable, which are 
often used for registration during radiotherapy. Accurate generation of these structural details is crucial for 
registration outcomes and clinical treatment implementation. In contrast, our method produces images with 
fewer noise and artifacts, more accurate and realistic details, and clearer boundaries, closely resembling real 
CT results. We also compared the synthetic results of the six algorithms on the H&N dataset, as shown in Fig. 
4. The anatomical structures, from top to bottom, include the nasopharynx (green arrow), mandible (yellow 
arrow), orbit (orange arrow), and cervical spine. From the magnified portions of the images, it is evident that 
the comparative algorithms again introduce significant noise and artifacts, with substantial loss of anatomical 
detail surrounding the lesions and blurred boundary contours. Specifically, in the first row of the H&N dataset, 
CycleGAN and its variants, ADCycleGAN and IViT-CycleGAN, show significant detail loss and boundary 
deformations in the nasopharynx, with considerable image distortion. DDPM produces less detail loss, but the 
contours are significantly distorted. EGDiff compensates for contour distortions but still suffers from detail 
loss, which may lead to clinical errors and treatment deviations. In the second row, in the mandible region, 
CycleGAN and its variants generate incorrect structures with large differences from real CTs, losing significant 
contour information and rendering the images too blurred to assist clinical diagnosis. DDPM and EGDiff show 
more similarity to real CTs in the mandible region, but still exhibit some detail loss and noise artifacts in other 
areas. In the third row, CycleGAN fails to generate the orbit region entirely, resulting in severe distortions. 
Although ADCycleGAN and IViT-CycleGAN generate the orbit region, the boundaries are blurred and severe 
detail loss and artifacts are present elsewhere. DDPM and EGDiff perform better in generating the orbit region 
compared to previous algorithms but still show minor boundary blurriness and artifacts. In the fourth row, 
CycleGAN shows substantial detail loss and blurriness in the cervical spine region. Although ADCycleGAN, 
IViT-CycleGAN, and DDPM perform better in this region, the overall images are still somewhat blurred, 
with regional detail loss and noise. EGDiff produces images closer to real CTs overall, but there are still minor 
differences in the cervical spine details. While this region may have a lesser impact on lesion detail generation, 
it is crucial for clinical registration, which directly affects radiotherapy positioning accuracy and treatment 
outcomes. In contrast, our method generates images with fewer regional artifacts, more accurate and realistic 
details, and clearer boundaries, offering imaging references that support adaptive radiotherapy to some extent.

Figure 5a and b present the results of the comparative difference analysis of the two datasets. The rainbow 
chromatograms are shown, and the degree of difference is indicated by the gradation from blue (minimum) to 

Fig. 4.  Qualitative analysis of sCT reconstruction outcomes from the H&N dataset validation cohort.
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red (maximum). The quantitative assessment demonstrates that our proposed approach achieves substantially 
reduced discrepancy from reference CT compared to conventional CBCT scans, indicating superior image 
quality approximating diagnostic CT standards.

In addition to the qualitative assessment of the details of tissue generation, this study also quantitatively 
analyzes the performance of each model through the distribution of CT values, which reflect the degree of 
absorption of X-rays by tissues and their relative density characteristics. We averaged the pixel values on the 
vertical and horizontal axes for each sample in the test set, and the resulting distributions are shown Fig. 6a and 
b The horizontal axis indicates the pixel position and the vertical axis indicates the average value, in which the 
purple curve represents the true CT distribution, the red curve is the result of the present method, and the other 
colors correspond to the rest of the comparison methods. The analysis shows that, although the distribution 
trends of all the methods are basically consistent with the real CT, the distribution curves of the present method 
are closer to the real CT than the other generally high results, reflecting the better realism.

In addition to the evaluation of objective indicators, we also conducted a subjective evaluation. The subjective 
evaluation was performed by two senior radiotherapists. The two observers analyzed and scored the mixed 

Fig. 6.  CT value distribution visualizations for the Brain and H&N dataset test sets.

 

Fig. 5.  Error plots comparison for Brain and H&N datasets.
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images of CBCT, CT, and sCT at three time points (each three weeks apart) in randomized order, using the 
Likert scale, in terms of clarity of bony structures, detail of local organ segmentation, distortion of images, and 
overall image quality, without knowledge of the corresponding patients (with a score of 1 as the worst image 
quality and 5 as the best image quality). (1 being the worst image quality and 5 being the best image quality). The 
subjective quality scores of the three groups of images by the two reviewers are shown in Table 4. CT and sCT 
had higher scores than CBCT in terms of clarity of bone structure clarity, detail of local organ segmentation, 
image deformation distortion, and overall image quality, and the difference was statistically significant (P < 
0.001). While the difference between CT and sCT in terms of scores was not statistically significant (P>0.05). 
This indicates that sCT is close to the reference image CT in terms of subjective clinical scoring and has a very 
high degree of authenticity.

Tumor target area outlining and dose distribution
CT imaging, based on the principle of X-ray, captures two-dimensional slice data. However, in clinical practice, 
three-dimensional reconstruction techniques are often required to observe tumor information from multiple 
dimensions in order to enhance diagnostic and therapeutic accuracy. To validate the image quality of the 
generated sCT, this study performed three-dimensional reconstruction and evaluated its spatial continuity. 
Figure 7 demonstrates the tumor target region contouring results for the Brain and H&N datasets across 
three planes: axial, sagittal, and coronal. The axial slices are directly output from the model, while the other 
two planes are reconstructed in three dimensions. Figure 7 shows tumor region contours manually drawn by 
experienced radiation oncologists on both synthetic CT and real CT images, followed by fusion of the two. 
Figure 7a illustrates the similarity of the target region contours for the Brain dataset, where the red solid line 
represents the real CT, and the yellow solid line represents the synthetic CT. It is evident that the similarity of 
the target regions is high, indicating that the synthetic CT image quality is highly similar to the real CT. Figure 
7b demonstrates the target region contouring similarity for the H&N dataset, where the red solid line represents 
the real CT and the green solid line represents the synthetic CT. While the target region similarity remains high, 
it is slightly lower than that observed in the Brain dataset. This discrepancy is due to the presence of artifacts 
in the real CT images, commonly caused by metal or dental structures in the H&N region, which leads to 
increased noise. Furthermore, H&N scans often use artifact-reducing sequences and cover a larger scan range, 
resulting in less reconstruction information in the real CT images. The reconstruction results presented in Figs. 
8 and 9 show that the synthetic CT not only preserves the original anatomical features but also maintains good 
continuity of tissue across all dimensions. Additionally, the dose-volume histogram (DVH) comparison results 
on the right side of Figs. 8 and 9, with solid and dashed lines representing the real CT and the proposed method’s 
distributions, respectively, demonstrate a high degree of agreement between the two. This further validates the 
potential application of this method in clinical radiotherapy planning.

Dose calculation
Dose calculation, as the core application scenario of sCT, is the most direct index to evaluate its clinical 
applicability. Figures 10 and 11 show the comparative analysis results of sCT and real CT generated by this 
method under different dose conditions. Taking the case of brain tumor as an example Fig. 10, the difference 
in dose distribution between the two scenarios is presented on the left side, and the corresponding DVH 
comparisons are given on the right side (the solid line represents the real CT, and the dotted line represents the 
method of this paper). The results show that the dose distributions of the generated sCT are highly consistent 
with the clinical protocols, especially in terms of the prescribed dose in the CTV region and the conformality 
of the 75% and 50% isodose lines, which show excellent matching results. For the H&N tumor cases Fig. 11, the 
analysis also focused on the dose distribution characteristics of the neck metastases. The three-dimensional dose 
distribution maps and DVH curves showed that the differences at all dose levels were within acceptable limits, 
which strongly confirmed the clinical applicability and robustness of the method at different anatomical sites.

Model interpretability
The interpretability of the model aids in understanding the process of generating sCT images and supports 
the improvement of model performance, enhancing its trustworthiness, transparency, and compliance, thereby 
increasing its reliability and acceptability in clinical applications. In high-risk fields such as medicine, good 

Readers Evaluation metrics

Image quality score P value

CBCT CT Ours CBCTvs. CT CBCTvs. ours CT vs. ours

Reader1
Bone structure clarity

2.04 ± 0.715 4.16 ± 0.711 4.15 ± 0.802 <0.001 <0.001 0.771

Reader2 2.01 ± 0.735 3.96 ± 0.752 3.85 ± 0.792 <0.001 <0.001 0.183

Reader1
Detail of local organ segmentation

1.97 ± 0.788 3.84 ± 0.863 3.83 ± 0.742 <0.001 <0.001 0.443

Reader2 1.94 ± 0.742 3.93 ± 0.751 3.93 ± 0.859 <0.001 <0.001 0.701

Reader1
Image deformation distortion

2.02 ± 0.817 3.91 ± 0.788 3.90 ± 0.820 <0.001 <0.001 0.517

Reader2 2.08 ± 0.744 4.00 ± 0.773 3.98 ± 0.712 <0.001 <0.001 0.396

Reader1
Overall image quality

2.27 ± 0.751 4.22 ± 0.738 4.20 ± 0.733 <0.001 <0.001 0.384

Reader2 2.09 ± 0.843 4.13 ± 0.767 4.11 ± 0.833 <0.001 <0.001 0.443

Table 4.  Subjective quality ratings of the three sets of images by two reviewers.
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interpretability helps reduce misdiagnoses and treatment deviations, promoting the healthy development 
of artificial intelligence in the medical domain. This study selected the IB-MLP module at the bottom of the 
U-Net, the ViT module in the decoder, and the convolutional module adjacent to the ViT in the decoder. The 
noise reduction effects of these three modules were visualized and presented. In Fig. 12, the original image 
is an unprocessed CBCT scan, heavily contaminated with noise and artifacts, which leads to blurred details 
and hinders effective clinical diagnosis. After IB-MLP processing, noise is significantly reduced in the image, 
especially in the brain region (indicated by green arrows). However, some detail loss is still visible in the 
central part of the image (indicated by the yellow circle), and some residual noise is present in the edge regions, 
indicating IB-MLP’s limitations in detail restoration. IB-MLP focuses primarily on compressing input data and 
removing irrelevant information, thereby improving information processing efficiency, but it lacks effectiveness 
in recovering high-frequency details. After ViT processing, the global features of the image are significantly 
improved. ViT leverages its self-attention mechanism to focus on features from different regions of the image, 
enhancing the overall understanding of the image, particularly in detail restoration and noise suppression. 
The regions marked by orange arrows demonstrate that ViT significantly improves structural details, such as 
the brain contour. Compared to IB-MLP, ViT more effectively restores global features and details, particularly 
improving the boundary clarity in the brain region, resulting in significantly better image quality than the IB-
MLP processed image. In contrast to ViT and IB-MLP, CNN relies more on local feature extraction during 
image processing. The image processed by CNN shows clearer details in certain areas (such as those indicated 
by yellow arrows and red ellipses), suggesting that CNN is better suited for processing local features. Through 
the visualization analysis of the processing results from different modules, we have validated the effectiveness of 
the HUDiff model in the task of CBCT-to-CT image synthesis. HUDiff combines the advantages of information 
bottleneck theory, ViT’s self-attention mechanism, and convolution, effectively removing noise while restoring 
both global and local details, providing more accurate and clearer images for medical image synthesis. This 
is particularly valuable for complex tumor treatment planning and organ localization tasks, with significant 
clinical implications.

Model complexity
In image synthesis tasks, the computational complexity of models plays a crucial role in determining their 
application efficiency and feasibility. Table 5 presents a comparison of the computational complexity of various 
models in terms of average training time per image, inference time per image, parameter count, and memory 
consumption. The CycleGAN series (including CycleGAN, ADCycleGAN, and IViTCycleGAN), which adopts 
a GAN architecture, is characterized by relatively fast inference, with inference times shorter than those of 
models based on diffusion processes. However, these models tend to have higher parameter counts and memory 

Fig. 7.  Visualization of tumor target area outlining in Brain and H&N.
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consumption, especially IViTCycleGAN, which integrates the ViT module, leading to a significant increase in 
both parameters and memory requirements. In contrast, diffusion-based models such as DDPM and its variants, 
EGDiff and HUDiff, demonstrate greater efficiency in terms of parameter count and memory consumption. 
Specifically, EGDiff optimizes the training process by randomly selecting time steps in each iteration, effectively 
reducing training time and enhancing training efficiency. Although the inference time for DDPM and EGDiff 
is longer compared to the CycleGAN series, their parameter count and memory consumption are significantly 
lower. EGDiff not only maintains the inference time advantage of DDPM but also improves the quality of 
generated images, further boosting its generation efficiency under comparable computational complexity. 
HUDiff, building upon DDPM, introduces the ViT module, the IB-MLP module, and dynamic modulation 
factors, which notably enhance the quality of generated images in terms of both fine details and global 
consistency. While the inclusion of these modules results in a modest increase in training time, inference time, 
parameter count, and memory consumption, the improvements in generation quality are substantial. Through 
a multi-faceted experimental analysis, including visual demonstrations, subjective assessments by experienced 
clinicians, and a comprehensive evaluation using various quantitative metrics, HUDiff has demonstrated the 
best performance in terms of generation quality. In conclusion, HUDiff exhibits a significant advantage in 
balancing computational complexity with generation quality, making it particularly well-suited for applications 
that require high-quality image synthesis. This model offers an effective solution that achieves an optimal trade-
off between generation efficiency and quality in image synthesis tasks.

Discussion
This study presents a novel hybrid U-Net conditional diffusion model framework, HUDiff, designed for 
generating high-quality sCT images from CBCT data. We conducted a comprehensive analysis using quantitative 
metrics such as MAE, PSNR, SSIM, and NCC, alongside visual assessments and HU values. The results indicate 
that the sCT images generated by HUDiff achieve optimal performance compared to the latest algorithms.

Techniques for synthesizing CT images from CBCT data have emerged as a significant research area. This 
approach not only leverages the benefits of conventional CT imaging but also effectively mitigates the inherent 
technical limitations of CBCT. By employing advanced image synthesis techniques, the sCT has notably enhanced 
image quality, tissue contrast, and the integrity of anatomical structures, thereby laying a solid groundwork for 
precise diagnosis in clinical radiotherapy and the customization of treatment strategies. Initially, GANs were 
the prevailing method in this domain. GANs achieve image synthesis through a dynamic interaction between 

Fig. 8.  Spatial distribution analysis of Hounsfield units across the Brain dataset validation series.
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the generator and the discriminator, with the former aiming to produce realistic synthetic images. However, 
this adversarial training approach has inherent drawbacks: an unbalanced capability between the generator 
and discriminator can lead to mode collapse, which not only diminishes the variety of the generated images 
but also diminishes the model’s interpretability. To address the above challenges, researchers have introduced 
unsupervised or self-supervised diffusion-based models into the field of sCT synthesis. Compared to GANs, 
diffusion models provide a more stable training environment and a clearer generation process, indicating 
their potential for generating high-quality sCT images. However, traditional diffusion models still face three 
major challenges during the reverse denoising process: (1) difficulty in effectively capturing the global semantic 
information of the image, (2) potential loss of critical local details during denoising, and (3) the challenge of 
guiding the model to focus on key features of lesion regions in the absence of paired data, ensuring anatomical 
consistency in the synthesized images.

In contrast to traditional diffusion models, we propose a hybrid U-Net diffusion model based on ViT and 
information bottleneck theory. Specifically, we first addressed the limitations of the original U-Net, which could 
only retain and propagate local feature information, by developing a ViT-based U-Net framework that utilizes 
self-attention mechanisms. This allows the model to automatically focus on information from various locations 
in the image, enhancing the understanding of global features. Secondly, we introduced a VIB module at the 
bottom of the U-Net to filter out redundant and irrelevant information and compress key input data, effectively 
summarizing the input and better capturing essential features. Lastly, we implemented dynamic modulation 
factors to balance the contributions of features from the backbone network and skip connections, thereby 
enhancing reverse denoising in conjunction with the diffusion model. To thoroughly evaluate our model, we 
performed multi-faceted validation on two independent datasets. As shown in Table 1, the DDPM and its 
improved algorithm EGDiff outperformed CycleGAN and its variations in all evaluation metrics, demonstrating 
the advantages of DDPM in generating sCT images. Furthermore, our method surpassed both DDPM and its 
improved variants, indicating the effectiveness of our designed denoising network architecture. Table 2 illustrates 
that our approach exhibits significant differences compared to other algorithms across both datasets, further 
emphasizing its advancement and versatility. Additionally, we conducted extensive ablation studies, revealing 
that each module contributes positively to overall performance. Notably, ViT outperformed the IB-MLP and 
DMF in enhancing model performance. Beyond quantitative analysis, we provided visual demonstrations of 
the sCT images generated by our method. Figures 3 and 4 show that CycleGAN and its improved algorithms 
produced generation errors and artifacts in the regions of interest. Although DDPM and EGDiff have some 

Fig. 9.  Spatial distribution analysis of Hounsfield units across the H&N dataset validation series.
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advantages in detail generation compared to CycleGAN, they still exhibit significant detail loss and boundary 
blurriness. In contrast, our method demonstrated clear superiority over both DDPM and EGDiff, effectively 
retaining key information by automatically focusing on various locations within the image Fig. 5a and b 
further validate the advantages of the sCT images generated by our method from the perspective of error maps. 
Moreover, as shown in Fig. 6a and b, the HU values of our method align closely with the trends of real CT values, 
indicating that our generated sCT images are more accurate, with minimal deviation from actual CT scans. In 
addition to the objective index evaluation, we also performed a subjective evaluation, and the subjective quality 
scores of the three groups of images by the two reviewers are shown in Table 4. CT and sCT had higher scores 
than CBCT in terms of bony structure clarity, local organ segmentation details, image distortion distortion, and 
overall image quality scores, and the difference was statistically significant (P <0.001). While the difference 
between CT and sCT in terms of scores was not statistically significant (P>0.05). This indicates that sCT is close 
to the reference image CT in terms of subjective clinical scoring and has a very high degree of authenticity. These 
multi-dimensional experimental results consistently show that the hybrid architecture proposed in this paper 
can effectively enhance the generation quality of sCT images, and achieve significant improvements in detail 
preservation, noise suppression and physical property fidelity.

In future research, we plan to further expand HUDiff and explore its potential applications in tumor target 
delineation. Traditional delineation methods are often challenged by the complexities of tumor structures 
and surrounding tissues. The high-quality sCT images generated by HUDiff are expected to provide more 
accurate anatomical information, thus optimizing delineation precision and offering a more reliable basis for 
target definition in adaptive radiotherapy. Furthermore, investigating how to optimize model architecture and 
algorithms to reduce computational demands while enhancing the efficiency of diffusion models will also be 
an important area of research. Additionally, due to the superior spatial information preservation offered by 3D 
images compared to 2D, exploring diffusion models based on 3D imaging will contribute to the development 
of more efficient and precise medical image analysis tools, providing reliable technical support for personalized 
treatment planning.

Conclusions
This study presents HUDiff, an innovative hybrid U-Net architecture integrated with conditional diffusion 
mechanisms for translating CBCT data into diagnostic-quality synthetic CT representations. Comprehensive 
evaluations on the Brain and H&N datasets, encompassing both quantitative metrics and perceptual assessments, 

Fig. 10.  Voxel-wise analysis of CT attenuation distributions in the Brain dataset validation cohort.
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CycleGAN ADCycleGAN IViTCycleGAN DDPM EGDiff HUDiff

Training (s) 0.0061 0.0055 0.0067 0.0036 0.0036 0.0038

Inference (s) 0.0074 0.0084 0.0093 0.2166 0.2166 0.2171

Parameters (M) 31.56 32.54 37.97 24.31 24.31 25.14

Memory (GB) 3.87 3.99 4.29 2.86 2.86 2.93

Table 5.  Quantification of computational complexity for different models.

 

Fig. 12.  Visualization of different modules for processing noisy images.

 

Fig. 11.  Voxel-wise analysis of CT attenuation distributions in the H&N dataset validation cohort.
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demonstrate HUDiff ’s superior performance compared to existing approaches. The framework exhibits 
robust generalization capabilities and enhanced accuracy in CT synthesis, validating its potential for clinical 
implementation. Performance analysis confirms the system’s reliability in supporting radiation oncologists 
with treatment planning optimization. Finally, integrating frequency-domain information or energy-guided 
mechanisms may enable unsupervised diffusion models to generate high-quality sCT images without the need 
for paired data. Additionally, exploring semi-supervised learning to further reduce data requirements while 
preserving the anatomical consistency of synthesized images remains an important direction for our future 
research.

Data availability
The datasets used and/or analysed during the current study are available from the corresponding author on 
reasonable request.
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