Department of Medical Physics Denoising for High Fidelity External Beam Therapy Video

UNIVERSITY OF WISCONSIN

SCHOOL OF MEDICINE AND PUBLIC HEALTH Cherenkov Images Using a Deep Learning Methodology

DARTMOUTH Jeremy Hallett'4, Shiru Wang?, Yucheng Tang®, Yujia Wu?, Alexander Geiersbach?, Daguang Xu, Lesley A. Jarvis?3, Petr Bruza24,, Brian W. Pogue1.2:4 202
ENG]NEERING ' University of Wisconsin-Madison, Madison, WI 2 Dartmouth College, Hanover NH S3Dartmouth Cancer Center “DoseOptics LLC, Lebanon NH “NVIDIA

Corp, Santa Ciara CA, JOINT AAPM |COMP MEETING

Motivation & Background Methods & Models

Cumulative Single-frame

Cherenkov light is produced : : o = =
Cheren kOV Imag| ng tisseuree?roog rlmgigh Ignperrogyugleectl?ons 1 WaVEIGt DIfoSIOn MOdel ’ - . -
that are released during the dose

JULY 19-22

—» Forward

= <+— Reverse
G :

delivery process of radiation Boex
— therapy. This light can Several machine learning denoisers were tested such as GAN and a classic e
(a) (b) _ _ Cumulative image , , : . , oy T
Single-frame images (Ground Truth) be used to visualize the diffusion denoiser. Additionally, a more complex approach was proposed as e
7 —— radiotherapy beam and shown to the right with the following features: !
& Averaging detect medical « Conditional Diffusion Network: Every noise removal step of a gaussian D |
,. - incidents. The noise image is conditioned with the original noisy Cherenkov image [5] ! el
Cherenkov images are « Temporal Attention Module (TAM): Logs bottleneck features from Temporal Information = e m
) captured through time- previ.ously denoised images to inform future frames for temporal -
Single-frame image Denoised image Sequenced intensifier consistency X B o—— o
B oy SSIM 0.27 SSIM 0.78 gating of the camera to » Denoising Diffusion Implicit Model sampling (DDIM): Allows for larger . . [
Camera || e g the linac pulses [1]. High denoising steps to improve efficiency [6] T _’_’ = — :,f’ [ DWT Encoder
| ' fidelity images are « Wavelet Encoder-Decoder: Frequency components are decomposed - il (402, Wil S‘i‘ S k IDWT Decoder |
generated through the using the Haar wavelet before denoising weights are applied — St L E :"’:I“T":I‘:c':" Bloek |
summation of many I iz, ©Hw |7 —— ~ Skip Connection
-~ Bilateral image .frames' Single . . . Architecture of the proposed conditional temporal-diffusion network. The model is built using a
"\6/‘ fram? Images, hOW.ever: 2 Tra NI ng/Te St| N g Data SEtS standard diffusion method with a wavelet decoder network taking the place of the standard UNET.
Data SRbes SIS exhibit extreme noise The TAM module is designed to maintain temporal consistency.
N\ | Storege 9 levels
Algorithm 1 Cherenkov Noise Model * Training Set: Simulated single frame images  Clinical Dataset: Raw, single frame images
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a Weighted Score _ _ _ _ —
9oIM: 0.851 Weighted composite performance scores across all evaluated models on phantom and MTEF plot of a phantqm imaged denoised using t_he various denoising
Qualitative comparison of denoising results on the anthropomorphic tissue-mimic phantom dataset. Each column shows the noisy single-frame input, patient datasets. We compute the weighted composite score with weights assigned as m.ethods. The table lists the 59% and 10% crossings of the MTF PIOtS
cumulative ground truth, and outputs from all evaluated methods, with zoom-in ROIs highlighting structural detail preservation. 0.35, 0.50 and 0.15 for SSIM, Temporal SSIM, and PSNR with larger values corresponding to better sharp edge preservation.
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