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The challange in Medical Imaging

● High radiation dose = High quality image = CT

● Low radiation dose = Noisy image = low-dose CT / CBCT

Fig. 1. (a)Normal-dose vs Low-dose CT (b) CBCT vs CT



● Goal
○ to convert low-quality image (CBCT / Low-dose) into high-quality image (CT)

● Problem
○ Therefore, generative models, e.g., GANs, VAEs, Diffusion Model, often suffer from 

“hallucinations”

○ They might generate fake or misleading details, e.g., creating fake tumors or removing real 

blood vessels, cause they don’t understand the “structure”.

● The solution: Time-Frequency Guidance
○ Adding time-frequency into the pipeline to have a better guidance to the generating process

○ Cause images are composed by high frequency(noise, edges, textures) and low 

frequency(anatomical structure, domain-invariant information)

○ Using Wavelet Transform to separate the Structure(low freq.) from the Noise(high freq.)



CycleGAN denoising of extreme low-dose CT using 
wavelet-assisted noise disentanglement

● Task: Denoising “Extreme low-dose” CT image (only 4% dose)

● Model: CycleGAN (unsupervised)

● Problem: At 4% dose, cycleGAN algorithm often introduces artificial features

● Proposed architecture: cycleGAN with “wavelet-assisted noise 

disentanglement (WAND)”
○ Since low-dose CT noises are usually high frequency components, the proposed method first 

separates the low- and high- frequency components of images using wavelet transform



Wavelet-Assisted Noise Disentanglement(WAND)

● Method

1. Apply Discrete Wavelet Transform

2. Extract High-frequency subbands

3. Train the GAN only on these high-frequency maps to learn “what noise looks 

like” and remove it

4. add the cleaned high-frequency parts back to the original low-frequency parts



Process for wavelet-assisted noise disentanglement



Training framework of the wavelet subband cycleGAN



Inference step of wavelet based cycleGAN



Results



Denoising diffusion wavelet models for zero-shot 
medical image translation 

● Task: Zero-Shot CBCT to CT translation

● Proposed Model: Denoising Diffusion 

Wavelet Models (DDWM)

● Core Concept - “Similarity Bridge”
○ As shown in Fig.4

○ Y represents the shared information(anatomy / 

structure)

○ X and Z represent the Domain 

Differences(Noise / Texture)

○ In medical image: the low-frequency wavelet 

coefficients act as Y(the bridge)



The framework of DDWM

● Instead of starting from pure Gaussian 

noise, DDWM start from the Forward-

diffused CBCT

● Adaptive Wavelet Fusion(step 4)
○ Low-frequency: retain information from source 

CBCT

○ High-frequency: rely on diffusion model 

prediction

○ Apply IDWT to reconstrcut the fused image for 

the next t-1



Experimental Results: Zero-shot & OOD robustness

● DDWM was evaluated on OOD dataset, the results show that DDWM maintains 

high performance with the different data distribution

● By locking the low-frequency(structure) components via Wavelet Fusion, the 

model is forced to respect the anatomical structure, preventing from 

generating fake details



Ablation study: The role of frequency components

● Case A: without low-frequency fusion
○ The overall shape and anatomical geometry are 

distorted

○ The model loses its structural anchor

● Case B: without high-frequency fusion
○ The model lacks the necessary texture guidance

● Conclusion: both components are essential 

for the complete DDWM performance



Ablation study: Wavelet stopping steps Te

● Te is the time step where we stop performing Wavelet Fusion and let the 

standard Diffusion process take over



Conclusion

● Limitations:
● Inference efficiency

● The similarity bridge relies on the assumption that source and target share similar underlying 

information, future work might expand the framework to distinct modalities, where the 

frequency domain relationships are more complicated

● Traditional models try to learn everything at once, therefore, DDWM strategy 

decouples the problem into target domain and generation control, while the 

later is achieved by Adaptive Wavelet Fusion

● By integrating frequency constraints, we bridge the gap between data-driven 

creativity and physical reality, making generative models safe for clinical 

adoption.
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