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Abstract. Cone Beam Computed Tomography (CBCT) finds diverse
applications in medicine. Ensuring high image quality in CBCT scans
is essential for accurate diagnosis and treatment delivery. Yet, the sus-
ceptibility of CBCT images to noise and artifacts undermines both their
usefulness and reliability. Existing methods typically address CBCT ar-
tifacts through image-to-image translation approaches. These methods,
however, are limited by the artifact types present in the training data,
which may not cover the complete spectrum of CBCT degradations stem-
ming from variations in imaging protocols. Gathering additional data
to encompass all possible scenarios can often pose a challenge. To ad-
dress this, we present SinoSynth, a physics-based degradation model
that simulates various CBCT-specific artifacts to generate a diverse set
of synthetic CBCT images from high-quality CT images, without requir-
ing pre-aligned data. Through extensive experiments, we demonstrate
that several different generative networks trained on our synthesized data
achieve remarkable results on heterogeneous multi-institutional datasets,
outperforming even the same networks trained on actual data. We fur-
ther show that our degradation model conveniently provides an avenue to
enforce anatomical constraints in conditional generative models, yielding
high-quality and structure-preserving synthetic CT images3.

Keywords: CBCT · CT · Domain randomization · Unpaired image
translation.

1 Introduction

CBCT provides intricate 3D imaging capabilities crucial for precise diagnosis,
treatment planning, and surgical guidance across diverse medical fields. [11,2,20].
CBCT typically utilizes lower radiation doses compared to fan-beam CT and

⋆ These authors contribute equally.
3 https://github.com/Pangyk/SinoSynth
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Fig. 1: (a) Comparisons between ours and other CBCT data augmentation meth-
ods. (b) Our method significantly improves the denoising performance of Cycle-
GAN without requiring pre-aligned paired datasets.

boasts greater portability and cost-effectiveness, which are key factors driving
its widespread deployment in treatment rooms. However, CBCT images are sus-
ceptible to noise and artifacts [21], resulting in lower image quality than CT
images [27]. Thus, it has been of great interest to the clinical community to
enhance the image quality of CBCT.

Supervised image-to-image translation methods have achieved promising per-
formance in CBCT enhancement, under the prerequisite of sufficient paired and
well-aligned CBCT-CT datasets [6,22]. Unsupervised methods utilizing gener-
ative adversarial networks (GANs) [7,19,8], which leverage unpaired CBCT-
CT images, partially mitigate the issues. Nevertheless, their implicit learning
of CBCT characteristics (e.g., artifacts) may make it challenging to distinguish
between anatomical details and noise when the dataset size is small, as demon-
strated in our experiments. Although there have been a few publicly available
datasets [1,15,25] with CBCT-CT images for several organs, differences in imag-
ing equipment and scanning protocols could still result in severe performance
degradation of the model pre-trained on these datasets (Fig. 3). This is be-
cause the quality of CBCT images is highly dependent on the specific imaging
device used, leading to significant variability in appearance and data distribu-
tions across various scanning settings [18]. The considerable variability presents
practical challenges to data collection and model generalizability in real-world
clinical scenarios.

To mitigate the issues, many efforts have been devoted to enriching the train-
ing data (Fig. 1). Brion et al. [4] performed intensity-based data augmentation
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by incorporating adjustments to brightness, contrast, and sharpness. However,
such methods do not consider the physical causes of CBCT artifacts, rendering
augmentation less effective. Dahiya et al. [9] simulate CBCT images by directly
extracting artifacts from existing CBCT images and mapping them to the cor-
responding CT images. As a result, their method requires accurately pre-aligned
CT and CBCT images. Additionally, the types of artifacts that can be simulated
remain limited to those present within the available datasets. Synthetic data gen-
eration methods have also been explored for general planar X-ray images [10],
but they are not tailored to 3D CBCT images.

In this work, we present SinoSynth, a physics-based CT-to-CBCT degrada-
tion model with adjustable parameters for extensive domain simulation. Given
a CT image, our approach synthesizes a variety of CBCT artifacts controlled by
random sampling parameters, such as noise level and geometry configurations.
As such, an unlimited number of aligned CBCT-CT image pairs can be generated
for training. Notably, our method requires only a set of CT images, and the syn-
thesized training data are inherently aligned. To better reflect domain-specific
variations, we incorporate the domain knowledge of CBCT into the degradation
model in two ways: 1) we parameterize the cone-beam geometry to simulate di-
verse CBCT scanning configurations, and 2) translate the formation of CBCT
artifacts into algorithms controlled by adjustable parameters, adhering to X-ray
properties [3]. As some of the artifacts typically co-occur, our focus is on simu-
lating five representative CBCT artifacts [21,23]. We empirically verify the effec-
tiveness of their combinations in covering the degradation space of actual CBCT
images compared to previous augmentation methods through experiments.

We integrate SinoSynth into several existing synthetic CT generation frame-
works, including Denoising Diffusion GAN (DDGAN) [29], CycleGAN [7], DRIT
[16], ROI-aware DCLGAN [8], and FGDM [17]. Moreover, our degradation model
enables structural guidance by enforcing consistency between the synthesized CT
output and the conditioned simulated CBCT image. Particularly, to cope with
the stochasticity in generative networks, we showcase that this strategy ensures
better structural preservation than using the original conditioning scheme alone.

To summarize, our contributions are three-fold:

1. We proposed a physics-based CBCT degradation model (SinoSynth) that
incorporates domain knowledge to simulate domain-randomized CBCT ar-
tifacts across various imaging protocols, thereby mitigating the need for ex-
tensive data collection.

2. Compared to networks trained with previous augmentation methods or ac-
tual data, SinoSynth-trained networks demonstrate significantly better zero-
shot generalization ability and structure-preserving ability on challenging
datasets collected from multiple hospitals.

3. Our work underscores the significance of accurate CBCT simulation model-
ing for generalizable CT synthesis.
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Fig. 2: Overview of the proposed framework. (a) A planning CT volume is first
transformed into the 3D sinogram. (b) Simulated CBCT-specific artifacts are
randomly applied to the sinogram, which are then transformed back to a CBCT-
quality volume using the FDK algorithm. (c) The simulated CBCT is fed into
the generative network trained with the proposed sinogram and structure con-
sistency constraints. (d) During testing, the network takes the actual CBCT as
input and outputs a denoised synthetic CT image.

2 Method

Fig. 2 illustrates the proposed pipeline. SinoSynth generates sCBCT images
by simulating CBCT artifacts on CT images in each batch on the fly during
training (Sec. 2.2). The artifacts are simulated with random occurrences and a
shuffled order. Meanwhile, the degradation model is used for structural guidance
(Sec. 2.3). After training, the network is directly applied to actual CBCT images.

2.1 Preliminaries

Our CBCT simulation is performed in the sinogram domain. The CT slice x
represented in Hounsfield Units is first converted into the linear attenuation
coefficient map xµ via a linear transformation [5]. Radon transform R integrated
along the cone beam geometry G is then applied to project xµ onto the sinogram:

xs = −ln(

∫
E

I0(Ei) · exp(−
∫
G

(xµ(t) ·
mEi

mE0

)dt)dE) (1)

where the constant I0(Ei) is the intensity of the entry X-ray beam within com-
posite energy levels {Ei|i ∈ [1, N ]} ⊆ [20, 120] keV. We then simulate different
types of CBCT artifacts and noise based on the derived sinogram xs. Recon-
structing from the sinogram using filtered back projection gives the correspond-
ing CBCT image that is used for training. We implemented Eq 1 with the AS-
TRA Toolbox [26] and Operator Discretization Library 4.
4 https://github.com/odlgroup/odl

https://github.com/odlgroup/odl
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2.2 Domain-Randomized CBCT Simulation

Scanner Effects Simulation. The diversity among different CBCT scanners
significantly impacts the varied appearance of CBCT artifacts, resulting in de-
creased performance of the network [18]. To simulate the scanner variability, we
parameterize CBCT scanners with different cone beam geometries G(d1, d2, n, s).
As illustrated in Fig. 2 (b), d1 ∈ [10, 100] denotes the distance from the X-ray
beam source to the patient; d2 ∈ [10, 100] is the distance from the patient to the
detector; n ∈ [64, 512] denotes the number of X-ray projections, and a smaller
n indicates a sparser view; s ∈ [128 × 128, 512 × 512] denotes the detector size.
Hence, we simulate the effects of CBCT scanners from different vendors by com-
puting Eq. 1 with randomly parameterized G.

Metal Artifacts usually occur in the presence of metal implants. The low X-
ray transmission of metallic implants and the polychromatic nature of the X-ray
source result in severe beam hardening [2], bringing scatter and streak artifacts
[30]. Thus, for simulation, we need to create metal trace regions on the sinogram
xs. This is done by first taking the intersection between a random mask mt

obtained through cubic bézier curve [12] controlled by randomly sampled points,
and a mask of bone areas mb obtained through thresholding, mΩ = mt∩mb, and
converting mΩ to the sinogram ms

Ω . Then, we update the metal trace regions of
xs by filling in the linear attenuation coefficients of the metal implanted area:

ys = xs +

E∑
i

ms
Ω ·metalµ(Ei), (2)

where each metalµ(Ei) corresponding to an energy level Ei is computed as:
metalµ(Ei) = mm ·µm(Ei) · (ρm−1.0). The mass attenuation coefficient µm(Ei)
can be obtained from [14]. Adjusting the density of the metal material ρm > 1
allows for controlling the intensity of the metal artifacts.

Extinction Artifacts occur when the object contains highly absorbent ma-
terial, which significantly attenuates the X-ray signal, reducing it to near-zero
[23]. Since the attenuated regions on CBCT images are often irregular and dis-
continuous, we generate a random image-domain mask ms

et using the cubic bézier
curve controlled by randomly sampled points within a local region. The sinogram
xs is then updated by:

ys = R(λet ·met · x) +R((1−met) · x) (3)

where R denotes Radon transform, λet ∈ [0, 1] controls the attenuation extent.
Quantum Noise is the main source of image deterioration in plain radiogra-

phy, which arises from the natural variability in how photons reach the detector
[28]. As quantum noise predominantly impacts images acquired using low radia-
tion doses, CBCT images are expected to exhibit a higher noise level compared
to CT images. Given that quantum noise usually follows a Poisson distribution
[24], the quantum noise on sinogram xs can be simulated as:

ys =
(α · xs)

k · e−α·xs

α · k!
(4)
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where α controls the noise level, and k is the number of photon occurrences
during a time interval.

Zebra artifacts appear as alternating bright and dark stripes in CBCT
images due to helical interpolation [21]. We simulate them by creating a binary
mask mz with n ∼ U(0, N) stripes. The width of each stripe is randomized
within the range of [1, 10] pixels. We then simulate stripes of different directions
by applying rotation to the mask mz = Rotate(mz, θ), θ ∈ [0, π). The zebra
artifact on the sinogram xs is simulated as:

ys = R(mz · v · x) +R((1−mz) · x), v ∼ U(0, I) (5)

Motion Artifacts are caused by the motion of the patient that appears
as unsharpness in the reconstructed image [21]. The process can be viewed as
an image x disturbed by small deformations and displacements D during the
imaging process, along with a blurring effect simulated by the Gaussian filter:

ys = R(G(p · x+ (1− p) · DM(σd, r, z)(x))), (6)

where G is the Gaussian blur filter. DM(σd, r, z) represents the deformation
and displacement caused by the motion, controlled by the deformation degree
σD ∈ [0.5, 1.5], the rotation angle r ∈ [0, π

60 ] and the resizing factor z ∈ [0.9, 1.1].
p is a factor balancing x and its deformed result D(·)(x).

2.3 Structural Guidance for Generative networks

As our CBCT simulation model D is differentiable, we propose simple anatomical
structure constraints to regularize the generation of sCT in both the sinogram
and image domains. For a simulated CBCT image y and the network output
Gθ(y), the denoised output should be converted back to y via the degradation
model. Meanwhile, the output should be consistent with the reference CT in the
sinogram domain after being applied with a mask M that removes the metal-
affected region. Hence, the generative network Gθ is guided by the following
losses to generate anatomically consistent output:

Lstruc = Ey [∥D(Gθ(y))− y∥1] . (7)

Lsino = Ex,y [∥M ⊙ (R(Gθ(y))−R(x))∥1] . (8)

Since we applied our method to existing frameworks, all models were trained
with their original losses (e.g., GAN losses) alongside the proposed structure-
preserving losses.

3 Experiments

3.1 Datasets and Pre-processing

We curated a Head and Neck CBCT dataset with 250 patients from five hospitals
in Europe and the US with mAs used in scanning (10, 12, 20, and 50). 160
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Table 1: Quantitative results comparing networks trained with actual CBCT-CT
data and our simulated CBCT-CT data. Our method significantly improves the
denoising and CBCT image enhancement performance of the networks.

Data Actual CBCT-CT data Our Simulated CBCT-CT data
Methods Supervised [6] DCLGAN [8] DRIT [16] FGDM [17] Supervised DCLGAN DRIT FGDM
PSNR ↑ 24.82 23.85 22.54 23.36 25.44 24.34 23.14 25.61
SSIM ↑ 0.821 0.784 0.758 0.819 0.829 0.801 0.773 0.838
MAE ↓ 32.73 35.04 80.97 36.42 26.32 28.34 31.24 22.50

Fig. 3: Qualitative comparisons between networks trained with actual CBCT-CT
data and our simulated CBCT-CT data.

Table 2: Quantitative evaluations of different data augmentation methods ap-
plied to CycleGAN. Our method significantly improves the denoising and CBCT
image enhancement performance of the base model.

Methods w/o. Aug Brion et al. Dahiya et al. Ours
PSNR ↑ 22.51 23.67 23.84 25.08
SSIM ↑ 0.733 0.752 0.769 0.823
MAE ↓ 60.07 51.52 50.18 32.67

Fig. 4: Qualitative evaluations of different data augmentation methods.
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randomly sampled patient data are used for training, 20 for validation, and 70
for evaluation. All the data are resampled to a voxel size of 1× 1× 2mm3, with
an image size of 256×256 for each slice. We utilize Peak-to-Signal Ratio (PSNR
[13]), Structure Similarity (SSIM [13]), and Mean Absolute Error (MAE) of the
HU values for evaluating all compared methods. Our method simulates CBCT
images on the fly during training instead of pre-generating them. Each model is
trained for 200 epochs.

3.2 Comparisons with actual CBCT-CT data

We compare the established image-to-image translation models trained on our
simulated data to the same models trained on the actual CBCT-CT data. The
base models include supervised U-Net [6], ROI-aware DCLGAN [8], DRIT [16],
and FGDM [17] based on diffusion probabilistic model [29]. Table 1 and Fig. 4
demonstrate that our method significantly enhances generalization across various
artifacts, leading to the superior performance of CBCT noise reduction and soft
tissue enhancement. Our method also improves the inpainting performance of
the shoulder region.

3.3 Comparisons with other augmentation methods

We compare SinoSynth with existing augmentation methods [9,4]. CycleGAN
[7] is employed as the base model. As shown in Fig. 3, and Table 2, SinoSynth
outperforms the existing augmentation methods. This is because the existing
methods inadequately amplify the diversity of CBCT-specific artifacts, rendering
the network susceptible to out-of-distribution CBCT artifacts, as depicted in
Fig. 1. Our approach addresses this limitation by explicitly simulating a wide
range of CBCT artifacts, thereby enhancing the performance of the CycleGAN.

Table 3: Ablation study on the influences of the simulated CBCT artifacts.
DDGAN [29] is employed as the base model for evaluation. Si-Cons.: Sinogram
Consistency Constraint. St-Cons.: Structure Consistency Constraint.

Metal Quantum Extinction Zebra Motion Si-Cons. St-Cons. PSNR ↑ SSIM ↑ MAE ↓
✓ 23.01 0.733 32.63

✓ 23.62 0.732 31.24
✓ 22.24 0.722 32.36

✓ 23.16 0.741 32.45
✓ 22.87 0.716 33.57

✓ ✓ ✓ ✓ ✓ ✓ 23.28 0.792 29.82
✓ ✓ ✓ ✓ ✓ ✓ 24.56 0.774 25.51
✓ ✓ ✓ ✓ ✓ ✓ ✓ 25.63 0.841 21.44

3.4 Ablation studies

Quantitative results in Table. 3 reveal two key insights. Firstly, for ablating the
artifact types, PSNR/SSIM scores imply the occurrence frequency of the CBCT
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artifacts present in the test data. Secondly, for ablating the loss function design
choices, both constraints contribute to CBCT image enhancement. As shown
qualitatively in the appendix, the structure consistency constraint plays a crucial
role in synthesizing structurally consistent images. The sinogram consistency
constraint aids both CT noise reduction and accurate structure reconstruction.

4 Conclusion

In this work, we introduce a physics-based domain randomization approach to
address the inherent challenges associated with generating corresponding CT
images from CBCT scans, including susceptibility to artifacts and limited gen-
eralizability. Our innovative approach involves synthesizing CBCT images with
realistic artifacts, enabling us to overcome these obstacles. Through extensive
experiments, we demonstrate that deep generative networks trained on our syn-
thetic CBCT images outperform those trained on actual data. This suggests a
promising avenue for leveraging simulated CBCT data to train deep networks
on larger-scale CT-only datasets, which are more readily accessible online. Our
work not only improves the reliability of CBCT in clinical settings but also lays
the groundwork for future advancements in other medical imaging modalities.
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