RESEAU DE SANTE
’Q

Ultra-Sparse View Reconstruction of CBCT Using Eaallallirisit
LY 152 an Adversarial Implicit Neural Representation

AN CORIZRL O  Yoganathan SA, PhD; Stevens Todd, PhD; Congwu Cui, PhD; Zhengfeng Liu, PhD; Jonathan Dysart, PhD
JOINT AAPM COMP MEETING Saint John Regional Hospital, Horizon Health Network

¢
5 @

BACKGROUND METHODS: OVERVIEW METHODS: COMPARISON

Standard pelvic CBCT requires ~600 Ultra-Sparse view INR Representation Physics-Based Al 3 B
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orojections, leading to high imaging 5-45 projections (SIREN) Projection
dose and longer acquisition times.

TAKE-HOME MESSAGE: High-quality CBCT from only ~25 projections using adversarial Implicit Neural Representation (INR)
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Conventional

Reduced projections cause streak
artifacts and degrade image quality

Implicit Neural Representations (INRs)
and adversarial learning enable
accurate reconstructions from very few
projections.

AIM & WHAT WE DID

* AiIm: Develop a patient-specific deep
learning framework to reconstruct high-
quality CBCT from ultra-sparse 2D
projections with minimal loss of anatomical
detalls

* |Implemented a SIREN-based INR +
adversarial (GAN) learning.
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Figure 1: INR model training workflow

QUALITATIVE RESULTS

INR
FDK | S—
; : v High-quality, streak-free
v Severe streaking artifacts, R

even with 45 projections.

v' >135 projections provide
clinically acceptable anatomy
with visible gold fiducials.

v Poor soft-tissue contrast and
reduced anatomical visibility.
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Figure 3: Workflow comparing the adversarial INR with
conventional FDK reconstruction.

DISCUSSION & CONCLUSIONS

FDK

v Proposed adversarial-INR reconstructs high-quality
CBCT images form ultra-sparse projection data.

« Validated the method on prostate cancer

patients. v'Only ~25 projections, reconstruction accuracy

remains high ( SSIM>0.92, PSNR>33 dB).

v'Conventional FDK reconstruction shows substantial
degradation even with 45 projections.

» Compared reconstruction quality with
conventional Feldkamp—-Davis—Kress

(FDK) using full CBCT (~600 projections)
as the reference.

v'This approach substantially reduces the number of
projections required for preserving anatomical
accuracy, enabling lower dose, faster imaging and
improved IGRT workflows.
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v" Enables major reduction in imaging dose. LIMITATIONS
Figure 2: CBCT reconstructions comparing INR and FDK across different projection numbers. _ . o
v" Supports faster CBCT acquisition. Evaluated using simulated projection data.
. Patient-specific training required (5-10 hours)
v Improves efficiency of IGRT workflows. QUANTITATIVE RESULTS
v" Potential for broader clinical applications Table 1: Quantitative comparison of INR and FDK across different projection numbers. FUTURE WORK

Validate using clinical kV projection data.
Accelerate training and reconstruction for
clinical deployment.
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