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Abstract

Background and Purpose: Magnetic resonance imaging (MRI)-based synthetic computed 

tomography (sCT) simplifies radiation therapy treatment planning by eliminating the need for 

CT simulation and error-prone image registration, ultimately reducing patient radiation dose and 

setup uncertainty. In this work, we propose a MRI-to-CT transformer-based improved denoising 

diffusion probabilistic model (MC-IDDPM) to translate MRI into high-quality sCT to facilitate 

radiation treatment planning.

Methods: MC-IDDPM implements diffusion processes with a shifted-window transformer 

network to generate sCT from MRI. The proposed model consists of two processes: a forward 

process, which involves adding Gaussian noise to real CT scans to create noisy images, and a 

reverse process, in which a shifted-window transformer V-net (Swin-Vnet) denoises the noisy CT 

scans conditioned on the MRI from the same patient to produce noise-free CT scans. With an 

optimally trained Swin-Vnet, the reverse diffusion process was used to generate noise-free sCT 

scans matching MRI anatomy. We evaluated the proposed method by generating sCT from MRI 

on an institutional brain dataset and an institutional prostate dataset. Quantitative evaluations were 

conducted using several metrics, including Mean Absolute Error (MAE), Peak Signal-to-Noise 

Ratio (PSNR), Multi-scale Structure Similarity Index (SSIM), and Normalized Cross Correlation 

(NCC). Dosimetry analyses were also performed, including comparisons of mean dose and target 

dose coverages for 95% and 99%.

Results: MC-IDDPM generated brain sCTs with state-of-the-art quantitative results with MAE 

48.825±21.491 HU, PSNR 26.491±2.814 dB, SSIM 0.947±0.032, and NCC 0.976±0.019. For the 
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prostate dataset: MAE 55.124±9.414 HU, PSNR 28.708±2.112 dB, SSIM 0.878±0.040, and NCC 

0.940±0.039. MC-IDDPM demonstrates a statistically significant improvement (with p-values < 

0.05) in most metrics when compared to competing networks, for both brain and prostate synthetic 

CT. Dosimetry analyses indicated that the target dose coverage differences by using CT and sCT 

were within ±0.34%.

Conclusions: We have developed and validated a novel approach for generating CT images 

from routine MRIs using a transformer-based improved DDPM. This model effectively captures 

the complex relationship between CT and MRI images, allowing for robust and high-quality 

synthetic CT images to be generated in a matter of minutes. This approach has the potential 

to greatly simplify the treatment planning process for radiation therapy by eliminating the need 

for additional CT scans, reducing the amount of time patients spend in treatment planning, and 

enhancing the accuracy of treatment delivery.

1. Introduction

Magnetic resonance imaging (MRI) and computed tomography (CT) are vital tools in 

medical diagnostics and radiation therapy, each offering unique advantages for treatment 

planning. While MRI delivers exceptional soft tissue contrast, enhancing the delineation of 

organ risks and offering superior contrast near many tumor targets, particularly in the pelvis 

and brain areas1–3, CT offers precise geometrical accuracy vital for dose calculations in 

treatment planning4–6. The potential to generate sCT images from MRI has thus emerged 

as a promising avenue to combine the strengths of both modalities, improving radiotherapy 

treatment planning by not only bypassing the uncertainties of MRI and CT co-registration 

but also reducing radiation exposure, lowering costs, and enhancing patient comfort. This 

initiative to utilize MRI-based sCT as a stand-in for CT is currently a significant focus of 

attention in the radiotherapy community.

Artificial intelligence and machine learning techniques have advanced rapidly in recent 

years. Deep learning-based image synthesis methods rely on complex, nonlinear, and 

trainable mapping methods, such as convolutional neural networks (CNNs)7 and generative 

adversarial networks (GANs)8 GAN-based approaches have been particularly successful in 

generating realistic CT images from MRI. Lei et al.9 developed sCTs from MRIs based on 

dense cycle GAN model to effectively capture the relationship between the CT and MRIs. 

Their method generated robust, high-quality synthetic CT (sCT) in minutes on brain and 

pelvic datasets. Zhao et al.10 proposed an approach using a hybrid CNN and transformer 

architecture as a generator in the GAN framework. Their results show that the proposed 

method can generate more accurate CT images from pelvic MRI and is more robust against 

local mismatch between MR and CT images. Wolterink et al.11 can use GAN to generate 

sCT volumes with unpaired brain MR and CT images. Many other GAN-based studies12–15 

have successfully demonstrated the capacity to create visually appealing sCTs from MRIs. 

However, these methods typically experience unstable training and output homogeneity 

issues, a consequence of the adversarial strategy employed in GAN training, as documented 

in studies across natural and medical imaging spheres16–18. Accordingly, they demand 

substantial time to fine-tune the network and adjust training hyper-parameters, seeking a 

harmonious balance between their discriminators and generators17. This painstaking tuning 
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process recurs with each introduction of new training MRI-CT paired data to an existing 

model, a factor that largely impinges on its practical applicability in real-world clinical 

settings.

As an alternative to GAN, diffusion and score matching models are generative approaches 

inspired by non-equilibrium thermodynamics in physics. They define a Markov chain 

of diffusion steps to gradually add random noise to data and then learn to reverse the 

diffusion process to generate samples from the noise19–23. Diffusion models utilize a 

neural network (typically a U-shape CNN) to learn denoising. As opposed to GANs, 

diffusion models are not reliant upon adversarial training methods24. This improves 

training stability and results in more authentic output images with higher quality and 

greater semantic diversity without the need of overwhelmingly hyper-parameter fine-turning. 

Several diffusion-based generative models25–28 have been proposed for medical image 

synthesis, including generating sCT from MRI, and demonstrate state-of-the-art image 

quality superior to CNN-based and GAN-based methods. However, a common drawback 

plaguing most of these diffusion models is their low efficiency; the substantial amount 

of time they necessitate to synthesize 2D images (e.g., about 1000 times slower than 

GAN-based methods) even significantly escalates when tasked with generating 3D volumes. 

This limitation not only extends the production time but also constrains their practical 

applicability in real-time medical settings.

In contrast to the diffusion-based methods depicted in prior studies including the one 

denoted as27, our research introduces a pioneering approach leveraged on the 3D MRI-to-

CT improved denoising diffusion probabilistic model (MC-IDDPM). The novelty of our 

endeavor hinges on two pivotal advancements: Firstly, while conventional diffusion-based 

models using in MRI-to-CT synthesis27 principally focus on predicting the mean of the 

reverse Gaussian process, the proposed MC-IDDPM, motivated by improved DDPM 22, 

forecasts both the mean and the variance, thereby substantially reducing the necessary 

timesteps by about 20 times for MRI-CT synthesis. Accordingly, the proposed MC-IDDPM 

improves efficiency and makes the diffusion-based 3D volume generation more practical 

in terms of generation time. Secondly, we integrate the Swin-Vnet, a shifted-window 

Vision Transformer-based network, in lieu of the frequently adopted Unets to study the 

reverse process. This innovation manifests a superior efficacy in medical image processing, 

amplifying the accuracy in predicting both the mean and variance in the reverse process and 

thus significantly enhancing the final synthesis accuracy. Our work is the inaugural effort 

to apply conditional IDDPM to the translation of 3D medical volumes, thereby introducing 

a diffusion model solution for 3D image translation. This marks a departure from earlier 

works which either employed 2D diffusion models to generate volumes slice-by-slice losing 

the spatial information among the axial slices or reserved the use of IDDPM exclusively 

for non-conditional image creation26. Consequently, our MC-IDDPM exhibits a remarkable 

competency in generating high-quality sCT images with reduced artifacts from MRI images, 

standing as a testimony to its pioneering architecture and process enhancements. These 

innovations mark a significant stride in MRI-based sCT technology, paving the way for 

more robust, accurate, and efficient radiation therapy planning, thereby unveiling a new 

horizon in the medical imaging landscape. In addition, the advantages and disadvantages are 

summarized in the Appendix.
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2. Method

The proposed MC-IDDPM translates a patient’s MRI into a sCT image. As shown in the 

Fig. 1, a diffusion-based process converts a three-dimensional isotropic Gaussian noise 

T N 0, 1  into a sCT image conditioning on the corresponding MR. The diffusion process 

relies on a significant assumption: by adding a small amount of noise ϵ to a real CT scan X
over n timesteps, we can transform X into a purely Gaussian noise sample T, with n being 

sufficiently large. Consequently, the noise-free image X can be retrieved by eliminating 

the added noise from the noise sample T, which can also be generalized to any noise 

sample. Consequently, the diffusion process consists of two processes: a forward process 

that adds Gaussian noise to the CT image, and a reverse process learned by the proposed 

neural network, Swin-Vnet, that removes the Gaussian noise from the noisy CT images. The 

architecture of Swin-Vnet is described in Appendix. A, and the visualizations are shown 

in Fig. A1 and A2. Furthermore, the mathematical formulation of the diffusion process is 

introduced here.

2.A Diffusion process

Following 20, we present a three-stage formulation for the proposed diffusion model: first, 

a forward diffusion process is executed, wherein small amounts of Gaussian noise T are 

gradually applied to a given CT image X0 over N timesteps, to gradually transform the CT 

scan into pure Gaussian noise XN. Next, the proposed MC-IDDPM network is trained to 

learn a reverse diffusion process, conditioned on the MRI Z, which effectively removes the 

small amounts of noise overlayed at each timestep, and subsequently denoises XT back to 

the original image X0. With an optimal MC-IDDPM denoiser, we can recursively remove 

Gaussian noise to obtain the noise-free CT image paired to the input MRI.

2.A.1 Forward diffusion—In the forward diffusion process, the noisy image at timestep 

n is defined to depend solely on the noisy image at timestep n-1. Specifically, we define the 

noisy image generation process q as a Markov process where the transition probability from 

image Xn − 1 to n follows a Gaussian distribution N:

q Xn|Xn − 1 = N Xn; 1 − βnXn − 1, βnI

[6]

where βn is a pre-determined variance at timestep n. Practically, we are able to efficiently 

represent noisy images at any arbitrary timestep n using reparameterization 20:

Xn = ∏i = 1
n (1 − βi)X0 + 1 − ∏i = 1

n (1 − βi)ϵn

[7]

where ϵn N 0, I  is noise sampled from a normal distribution. The selection of the maximum 

timestep N is 4000 so the βn is 6e−6t for all experiments.
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2.A.2 Reverse diffusion—In the reverse diffusion process, we calculate the inverse 

Gaussian distribution p Xt − 1 Xt = N Xt − 1; μ, Σ  so we can recursively move in a reverse 

direction from XT to X0. Following Ho et al. and Song et al.’s works 23, the inverse 

probability can be calculated in a closed form only when the clean image X0 is already 

known, which is impractical. Accordingly, we propose a neural network θ to approximate 

the incompatible p Xn − 1 Xn :

pθ Xn − 1|Xn, Z = N Xn − 1; μθ Xn, n Z , Σθ Xn, n z

[8]

where Z is the conditioning MRI, μθ is an estimated mean matrix and Σθ is an estimated 

variance matrix of the inverse Gaussian distribution. Using reparameterization, the less noisy 

image Xn − 1 can be calculated as:

Xn − 1 = μθ Xn, n Z + σθ Xn, n Z ϵ

[9]

where ϵ N 0, I  is a noise sampled from a normal distribution, σθ is the standard deviation of 

the inverse distribution. In conclusion, we apply a transformer-based network (MC-IDDPM 

network) taking inputs of a noisy image Xn, timestep n, and MR scan Z from the same 

patient, to estimate the mean and standard deviation of the inverse distribution. We thus 

generate the less noisy image Xn − 1 without foreknowledge of the clean image X0.

Accordingly, the proposed network is optimized to estimate the mean and variance. For the 

mean μθ, we firstly optimize the network to predict the noise ϵθ 20:

argminϵθL = argmin
ϵθ

MAE ϵn, ϵθ Xn, n Z

[10]

where MAE is the mean absolute error. Then the mean μθ can be calculated using the 

estimated noise ϵθ:

μθ Xn, n Z = 1
1 − βn

Xn − βn

1 − ∑i = 1
n 1 − βi

ϵθ Xn, n Z

[11]

For estimating the variance, we employ Prafulla et al.’s work 21 to first train the network to 

estimate an interpolation variance coefficient kn which can be used for the variance matrix:

Σθ Xn, n Z = exp kn Xn, n Z logβn + 1 − kn Xn, n Z log 1 − ∏i = 1
t − 1 (1 − βi)

1 − ∏i = 1
t (1 − βi)

βt

[12]
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where kθ Xn, n Z  is the only unknown parameter. To obtain the coefficient kθ, the network is 

optimized by a variational lower bound loss LV LB 22:

argmin
kθ

Lvar = argmin
kθ

LVLB(Σn, Σθ(Xn, n |Z))

[13]

More details of the implementation are shown in the Appendix. B. The overall optimization 

function is presented as:

L = Lmean + γLvar

[14]

where γ is a weighting parameter which is empirically selected as the ratio between the 

inference diffusion step to the training diffusion step, which is 0.0125. More implementation 

details are shown in Append. B.

2.A.3 Generated sCT volume—Once the network is optimized, we can substitute the 

estimated μθ and Σθ into Eq. 9 to denoise Xn − 1 from Xn. In the generation stage, we evenly 

spaced steps between 1 and 4000 by 50 timesteps and denote the new number set as 

the inference timestep set s ∈ S1, S2, …, S50 . With the resampled timestep, we recursively 

denoise Xs until we obtain the final noise-free CT image X0, a synthetic image anatomically 

matching the input MRI. Notice that the noise ϵ introduces randomness into the generation 

process, we generate the final sCT scan in a manner of Monte Carlo-based (MC-based) 

generation: we run the generation process 5 times for each patient and took the averaged 

result as the final sCT scans.

3. Data Acquisition and Preprocessing

We utilized a dataset for our MRI-to-sCT translation, which consists of MR-CT scan pairs 

from 36 patients with brain imaging and a dataset with prostate imaging collected from 28 

patients. The collection details, along with the code-implementation details, and shown in 

the Appendix. C. We centered, removed the air background, and central-cropped the slices 

to highlight the Cerebrospinal fluid region. The final MR-CT scan pairs have a voxel size of 

192x192x96. For training and inference, we used the same patch-based input approach and 

sliding window prediction technique as with the institutional prostate dataset. The patch size 

chosen for the brain dataset was 64x64x4. Data augmentation and normalization techniques 

used for the institutional prostate dataset were also applied to this brain dataset. We trained 

our model using the first 75% patients in the dataset, while the remaining 20% patients were 

used for testing and 5% patients were reserved for validation. Prior to training and inference, 

the voxel intensities of CT scans were cut to [−1024,1650], and jointly normalized to the 

interval [−1,1]. The voxel intensities of MRIs were independently normalized to [−1,1]. All 

networks were trained using an AdamW optimizer with an initial learning rate of 3e-5 and 

weight decay of 1e-5 across 500 epochs. In this experiment, the number of training diffusion 

timesteps is 1000, and the number of generating timesteps is 50.
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4. Implementation detail and performance evaluation

4.A sCT evaluation

To measure the quality of the sCT from the proposed MC-IDDPM, we compare the 

sCT and the real CT. We evaluate the mean absolute error (MAE), peak signal-to-noise 

ratio (PSNR), multi-scale structure similarity index (MS-SSIM) with evaluation scale of 5 

and normalized cross correlation (NCC) indices to quantify the absolute difference, peak 

signal similarity, image overall visual similarity, and image correlation, respectively. Greater 

PSNR, MS-SSIM and NCC indicate better quality of the sCT. Final performance was 

reported after evaluating all sCT scans. We compared MC-IDDPM’s performance to state-

of-the-art methods, including the MRI-to-CT pixel-to-pixel generative adversarial network 

(MR-GAN)9, MRI-to-CT cycle-consistent generative adversarial network (MR-CGAN)9, 

2D improved DDPM (2D-IDDPM)22, 3D-DDIM19, and 3D DDPM (3D-DDPM)21. Except 

for the 2D-IDDPM, which is based on a 2D network, all the other competing methods 

utilize 3D networks. For mitigating the selection bias, the comparisons are implemented 

in a manner of 4-fold cross-validation. Pair-wise comparisons between MC-IDDPM and 

competing networks were made using Mann Whitney U test with α =0.05.

In order to comprehensively assess the performance of our proposed method, we conducted 

three ablation studies using a dataset of institutional prostate images with the last-fold 

testing data. The first study aimed to investigate the impact of using different state-of-the-art 

deep learning neural networks on the quality of the generated sCT images. Specifically, we 

compared the performance of three different networks - V-net29, Swin VIT (proposed), and 

token-based multi-layer linear Mixer Vnet (MLP-Vnet)30 - in terms of various evaluation 

metrics for the diffusion model. More specifically, we used the convolutional block (shown 

in Fig. A1) to replace all the Swin-attention blocks to build the Vnet; and used the 

token-based MLP-Mixer block30 to replace all the W-SA and SW-SA modules to build 

the MLP-Vnet. The second study focused on the effect of the training diffusion timesteps on 

the quality of the generated sCT images. We tested the performance of MC-IDDPM using 

maximum timestep values of N = 250, 500, 1000 (proposed), and 2000. In the third study, 

we evaluated the relationship between the number of axial slices in the input scan and the 

resulting number of generated diffusions timesteps. We reported the MAE and SSIM for 

different settings, including slices = 4 (proposed), 8, 12, and generating timestep values of 

S = 50 (proposed), 100, 256. Finally, we reported the generating efficiency of our proposed 

method by reporting the generating time for each patient from one run for each setting.

Additionally, we executed an in-depth dosimetric analysis that compares the sCT and 

planning CT volumes, with a particular focus on a patient from the brain dataset, with 

four Planning Target Volumes (PTVs). Specifically, we examined the mean dose and target 

coverage of D95% and D99% in PTV for both the CT and sCT volumes. Comprehensive 

discussions on these findings will be further elaborated in the discussion section.

5. Results

The sCTs generated using the brain and prostate datasets are displayed in Fig. 2 and 3. More 

visualizations are shown in the Appendix. E. To quantitatively evaluate the performance 
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of the MC-IDDPM sCT synthesis from MRI, we present the quantitative and statistical 

comparison between MC-IDDPM and other state-of-the-art methods.

5.A: Quantitative result

In Table. 1, compared to all other methods, MC-IDDPM has the lowest MAE 

(48.825±21.491 HU), indicating that it has the smallest difference between the sCT and CT 

images. Additionally, MC-IDDPM has the highest PSNR (26.491±2.814 dB), highest SSIM 

(0.947±0.032) and NCC (0.976±0.019) among all techniques, indicating that it preserves 

the image structure and details better while providing the highest peak signal similarity, 

image visual similarity and overall image correlation. On the other hand, MC-IDDPM 

achieves statistically significant improvements over all metrics when compared with MC-

GAN, MC-CGAN, 3D-DDIM, and 3D-DDPM. MC-IDDPM also demonstrates significant 

improvements (p<0.05) when compared to 2D-IDDPM in terms of MAE, PSNR and NCC, 

but not SSIM.

In Table. 1, compared to all other methods, MC-IDDPM has the lowest MAE (55.124±9.414 

HU), indicating that it produces prostate sCT images that have the smallest absolute 

difference relative to the CT images. Additionally, it has the highest PSNR (28.708±2.112 

dB), SSIM (0.878±0.040) and NCC (0.940±0.039), indicating that the generated sCT images 

are closer to the peak signal ratio and visual appearance to ground truth, and have a 

higher correlation with the reference images. Similar to the brain sCT image evaluation, 2D-

IDDPM outperforms GAN-based methods in terms of quantitative results, while 3D-DDPM 

shows worse results. MC-IDDPM demonstrates significant improvements over all metrics (p 

<0.05) when compared to GAN-based methods. Compared to 2D-IDDPM and 3D-DDIM, 

MC-IDDPM shows significant improvement (p < 0.05) in MAE. Furthermore, compared to 

the 3D-DDPM, the MC-IDDPM shows a statistically significant improvement (p-value < 

0.05) across all metrics.

5.B: Hyperparameters study of the diffusion process and network settings

The quantitative results for the hyperparameters study in detail are presented in the 

Appendix. D. The Swin-Vnet used in MC-IDDPM quantitatively outperforms Vnet and 

MLP-Vnet models (Table. D1) with MAE (59.953±12.462 HU), PSNR (26.92±2.429 

dB), and NCC (0.948±0.018). Swin-Vnet also demonstrates a statistically significant 

improvement (p< 0.05) over Vnet in terms of MAE, while there was no difference in terms 

of other metrics. Additionally, there was no difference between Swin-Vnet and MLP-Vnet 

(p > 0.05). Furthermore, Swin-Vnet has a lower generation time than Vnet, but a higher 

generation time than the MLP-Vnet. The results may indicate the effectiveness of the 

global information technique (Swin-attention in the Swin-Vnet and the MLP-Mixer in the 

MLP-Vnet) in reducing the MAE in the DDPM-based sCT synthesis.

In addition, we evaluated the impact of training timesteps on MC-DDPM performance 

(Table. D2), with 1000 timesteps producing second-best results for MAE (59.953±12.462 

HU), PSNR (26.92±2.429 dB), and NCC (0.948±0.018), and the best result for SSIM 

(0.844±0.043). MC-DDPM with 1000 training timesteps demonstrated a significant 
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improvement (p < 0.05) over MC-DDPM with 250 and 500 timesteps, but no improvement 

over MC-DDPM with 1000 and 2000 training timesteps.

Finally, we examined the impact of input size on MC-DDPM performance (Table. D3). 

When taking input of the Gaussian noise and MR scan with 4 axial slices (size of 

128x128x4), MC-DDPM performed well using generation timesteps of 50, 100, and 200. 

When taking input with 8 slices (input size of 128x128x8), MC-DDPM required 100 or 

200 generation timesteps to achieve performance close to the proposed setting combination 

(axial slices of 4 and generation timestep of 50). With 16 slices (input size of 128x128x16), 

MC-IDDPM demonstrated increasing performance with increasing generation timestep. 

However, for inputs with 16 axial slices, MC-DDPM requires more generation timesteps for 

optimal performance, which could reduce efficiency due to the approximately proportional 

relationship between generation time and generation timesteps.

5.C: Dosimetric analysis

On the other hand, our dosimetric analysis (quantitative table shown in Appendix. F) reveals 

a remarkable consistency between sCT and planning CT, particularly when evaluating mean 

doses across four PTVs. Table. F1 indicates that the dose differences are within ±0.34%. 

Fig. 4 shows good agreements of does calculation by using CT and pCT for different targets. 

Notably, the Synthetic CT not only excels in quantitative image-based metric performance 

but also demonstrates robust dose-based performance.

6. Discussion

Our method introduces MC-IDDPM, a novel algorithm for converting MRI to synthetic 

CT (sCT) images, crucial in radiation therapy planning. MC-IDDPM combines diffusion 

models and Swin-transformer neural networks, potentially eliminating the need for actual 

CT scans. This advancement could reduce radiation exposure, costs, and improve patient 

comfort. MC-IDDPM comprises two phases: forward and reverse diffusion. In the forward 

diffusion, real CTs are progressively noised through Gaussian noise addition, creating 

increasingly noisy CT sequences. These are inputs for the reverse phase, where a Swin-Vnet 

network denoises them iteratively. This reverse diffusion interprets denoising as predicting a 

Gaussian Markov process’s mean and variance. The Swin-Vnet, trained on noisy CT scans 

conditioned on MR scans, estimates noise and predicts variance interpolation coefficients. 

By effectively transforming Gaussian noise into sCT scans corresponding to MR scans, 

our Swin-Vnet optimized process showcases a pioneering approach in sCT synthesis and 

MRI-only radiotherapy. This is the first use of a 3D Swin-transformer-based network in a 

diffusion model to elevate image synthesis quality.

In the institutional brain and prostate dataset, the MC-IDDPM achieves state-of-the-art 

results: 1) In the brain dataset, by average among all the testing patients, the methods 

can generate sCT achieving MAE 48.825±21.491 HU, PSNR 26.491±2.814 dB, SSIM 

0.947±0.032, and NCC 0.976±0.019. MC-IDDPM demonstrates statistical improvement (p 

< 0.05) over the competing methods. 2) In the prostate dataset, the MC-IDDPM can generate 

sCT achieving MAE 55.124±9.414 HU, PSNR 28.708±2.112 dB, SSIM 0.878±0.040, 

and NCC 0.940±0.039. MC-IDDPM can obtain statistical improvements over all metrics 

Pan et al. Page 9

Med Phys. Author manuscript; available in PMC 2025 April 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



compared to the MC-GAN, MC-CGAN, and 3D-DDPM, and mainly improvement over 

the MAE compared to the 2D-IDDPM and 3D-DDIM. MC-IDDPM therefore demonstrates 

utility in generating sCT images from MRIs, effectively streamlining the treatment planning 

workflow, reducing inefficiency, improving patient experience and reducing costs. The 

dosimetric result also robust dose-based performance. This strength strongly suggests that 

sCT holds the potential to replace Truth CT in radiotherapy planning. Such a transition could 

revolutionize the treatment process by obviating the need for additional CT scans, thereby 

reducing patient exposure to ionizing radiation.

However, one of the limitations is that it took approximately 760 seconds for MC-IDDPM 

using a sampling timestep of 50 and MC-based generation of 5 runs to generate a 

192x256x32 resolution sCT on the workstation described in the Appendix. C.3. MC-GAN 

and MC-CGAN were able to generate the same resolution image in only 22 seconds. There 

are two reasons for this low efficiency. First, a high quality sCT requires a relatively large 

number of generation iterations. Second, the stochasticity of generation requires MC-based 

generation which contains multiple runs for a single image. These limitations make 3D MRI 

to sCT synthesis prohibitively slow, and it can be inferred that the same low efficiency will 

be observed for other 3D images. Nevertheless, this limitation does not detract from the 

value of MC-IDDPM, but instead highlights the need for further hardware and software 

optimization. Song et al.31, Zhang et al.32 Pan et al.33, and Kong et al.34 have proposed 

algorithms for improving efficiency, such as designing an exponential forward process to 

generate noisy images with fewer timesteps or deploying a pre-trained network to accelerate 

the image synthesis process. These methods can enhance the efficiency of MC-IDDPM. 

In addition, 3D diffusion-based methods for ultrasound and cone beam CT28 have not yet 

been explored and evaluating the synthetic medical images on these applications is another 

promising area of future inquiry.

We further intend to explore efficiency improvements for the diffusion framework for 3D 

synthesis, investigating more sophisticated network architectures to elevate the quality of 

image synthesis, and designing a deterministic diffusion process to eliminate the need for 

multiple runs of Monte Carlo-based generation. Moreover, we plan to extend the application 

of MC-IDDPM to a wider range of medical image modalities and undertake a more 

comprehensive study to validate the effectiveness of our approach.

7. Conclusion

This work presents a 3D Magnetic Resonance image to Computed Tomography image 

(MRI-to-CT) denoising diffusion probabilistic model (MC-IDDPM) for generating sCT 

scans from MR scans. The proposed method utilizes a 3D Shifted-window (Swin) 

transformer network to learn a diffusion process to convert a pure Gaussian noise into 

a realistic CT scan from a given MR scan. The method can achieve superior image 

quality compared to several competing state-of-the-art synthesis algorithms (GANs and 

conventional DDPMs). MC-IDDPM generates high quality sCT images using only MRI 

inputs, eliminating the need for CT scans in radiation therapy planning, therefore improving 

quality of patient care.
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Figure 1: 
The proposed diffusion process of the MC-IDDPM’s synthesis: First, the 3D CT image is 

transformed into pure Gaussian noise through forward diffusion, which involves iterative 

addition of a small amount of noise. Second, to obtain the noise-free image, a neural 

network is used to repeatedly denoise the Gaussian noise through a reverse process.
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Figure 2: 
Synthetic CT images generated from the brain dataset including three slices from three 

patient subjects. The first row displays three CT images (left) and paired input MRIs (right). 

In the second to the sixth row, the sCT image outputs of MC-IDDPM (row 2) and competing 

networks (row 3-7) are presented in the first, third and the fifth columns. The difference map 

between the sCTs with their corresponding CT images are presented in the second, fourth, 

and the sixth column.
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Figure 3: 
Synthetic CT images generated from the prostate dataset including three slices from three 

patient subjects. The first row displays three groups of the CT images and matched input 

MR scans. In the second to the sixth row, the sCT scans and the corresponding difference 

map of MC-IDDPM (row 2) and competing networks (row 3-7) are presented in every two 

columns, respectively.
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Figure 4: 
The dosimetric analysis results using one example patient. a) Visualization of the dose 

distribution of a clinical radiotherapy plan calculated on planning CT (a1-a2) and sCT 

(a3-a4). b) Dose-Volume Histograms (DVHs) of the plan calculated on sCT (represented by 

dashed lines) and planning CT (represented by solid lines) for four Planning Target Volumes 

(PTVs). PTV1 is shown in red, PTV2 in gray, PTV3 in deep red, and PTV4 in green.
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Table 1.

Quantitative analysis of sCT images from MC-IDDPM vs. MC-GAN, MC-CGAN, 2D-IDDPM, 3D-DDIM, 

and 3D-DDPM using the institutional brain dataset. The table highlights the best-performing network(s), 

indicated in bold, and the second-best network(s), underlined, based on the mean evaluation results. P-values 

are provided to compare the results of MC-IDDPM with those of the other competing methods. The reported 

values in the table are rounded to three decimal places.

MAE (HU) PSNR (dB) SSIM NCC

MC-IDDPM 48.825±21.491 26.491±2.814 0.947±0.032 0.976±0.019

p-value N/A N/A N/A N/A

MC-GAN 85.394±19.624 21.943±1.724 0.884±0.042 0.944±0.023

p-value <0.010 <0.010 <0.010 <0.010

MC-CGAN 80.758±17.971 22.528±1.768 0.905±0.034 0.951±0.021

p-value <0.010 <0.010 <0.010 <0.010

2D-IDDPM 67.228±63.807 24.964±3.404 0.937±0.093 0.956±0.090

p-value <0.010 0.023 0.090 0.018

3D-DDIM 73.910±19.864 25.424±2.475 0.931±0.032 0.971±0.021

p-value <0.010 0.028 <0.010 0.026

3D-DDPM 106.153±15.572 22.709±1.566 0.880±0.026 0.952±0.018

p-value <0.010 <0.010 <0.010 <0.010
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Table 2.

Quantitative analysis of sCTs from MC-IDDPM vs. MC-GAN, MC-CGAN, 2D-IDDPM, 3D-DDIM, and 3D-

DDPM using the institutional prostate dataset. The table highlights the best-performing network(s), indicated 

in bold, and the second-best network(s), underlined, based on the mean evaluation results. P-values are shown 

below each competing method.

MAE (HU) PSNR (dB) SSIM NCC

MC-IDDPM 55.124±9.414 28.708±2.112 0.878±0.040 0.940±0.039

p-value N/A N/A N/A N/A

MC-GAN 80.366±28.880 24.712±2.970 0.800±0.050 0.846±0.068

p-value <0.010 <0.010 <0.010 <0.010

MC-CGAN 68.278±19.948 26.023±2.781 0.852±0.043 0.884±0.061

p-value <0.010 <0.010 0.024 <0.010

2D-IDDPM 64.197±10.183 27.786±2.069 0.863±0.038 0.930±0.040

p-value <0.010 0.070 0.108 0.182

3D-DDIM 64.426±9.869 28.124±1.953 0.861±0.040 0.932±0.046

p-value <0.010 0.176 0.093 0.381

3D-DDPM 73.696±16.794 26.754±2.047 0.839±0.031 0.912±0.051

p-value <0.010 <0.010 <0.010 0.020
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