Variational Diffusion Reconstruction for Multiple Artifact

Correction in CT Imaging

Daniel Sanderson, Alex Denker, Zeljko Kereta, Kris Thielemans, Simon
Arridge, Monica Abella

Universidad Carlos 11l de Madrid
University College London

March 3, 2026

1/18



Introduction

Motivation

Usage of clinical CT systems is restricted in vet-
erinary clinics:
m Space and budget limitations

m Systems with closed gantries that limit
access to the animal.

Solutions currently available in the market:

m They do not allow the acquisition of
radiography, fluoroscopy and CT with
diagnostic quality

m They use a bulky closed gantry.

I
It is of interest to have a compact multimodal
system based on an open gantry that allows easy
access to the animal
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Introduction

Context

m Academia (UC3M)/ Industry (SEDECAL) collaboration.

= Multimodal system for veterinary imaging: Radiography + Dynamic
radiography + CBCT

m Limited gantry rotation for CBCT
= Reconstruction with conventional methods results in limited-data artifacts
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Introduction

State of art

Model Based Inverse Reconstruction (MBIR) methods: best results
obtained with an image prior (gating, radiotherapy).
m Few applications have an image prior available.
DL supervised methods!: postprocesing methods.
m High risk of hallucinations
Hybrid methods (DL + MBIR): prior is obtained with a DL model.
m Supervised modelg 3: low robustness to domain shifts.
m Diusion models: high resolution priors, unpaired data, inherently

iterative.

m Types
m Gradient based /projection based ! Faster
m Sampling / non sampling ! Better data consistency

m Current limitations

m Only address 2D reconstruction
m Do not focus on fast inference times
m Solve a single type of artifact

1[Madesta et al., 2024]
2[zhang et al., 2021]
3[Piol et al., 2024]

4[Webber and Reader, 2024]
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Introduction

Goal

|
To implement a CT reconstruction algorithm to obtain artifact-free images in
the clinical practice.

Requisites:
X Fast reconstruction times
X Robust against multiple artifacts

X Reconstructions are consistent with acquired data (minimal appearance of
hallucinations)

X Compatible with 3D reconstruction
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Methods

Proposed method: ADMM-RED-Di

= Optimization problem given by RED-Di °.
m Projection based hybrid method for faster reconstructions
= Non sampling method that uses di usion model as regularizer
m Solved with ADMM: simpler to decouple the data consistency and
regularization terms and solve them independently

Algorithm ADMM-RED-Di

Input: y; A K M T3S f o o ol
Initialize: x °

N(O;1 n)
X CG(A TA+ D), (A Ty+z @D KD M)
2
z=SGD R( Z*' + )+ > Z xt + L D i1
2
K= kD 4 (x 0 7 ()
end for
Return: x

5[Mardani et al., 2023]
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Methods

ADMM-RED-Di : Optimization problem

Posterior distribution p(xojy) is aproximated by a variational distribution
qxay) N(;  21).
Optimized by minimizing the KL divergence:

A

. . jx X . o
min q(xojy) log PUyX0)p(x0) = E, quoiy) logp(yJXo;+F|<L(q(X o%;)up(Xo)% +C

p(y)a(xojy) | {Z

Data consistency Regularization

Reconstruction is simpli ed to a traditional MBIR optimization problem with a
di usion model  as prior:

minjiy AX ojj3 + R(Xo) 1)

where R() is a stochastic regularizer whose exact gradient can be recovered
without having to compute the Jacobian of the di usion modef ! Fast:

FoR(X)=Ew [ t( (Xoit) )] )

2, 2 - .
where = =4 . L, and which is aproximated as = L.

8[Song et al., 2021]
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Methods

ADMM-RED-Di : Solving with ADMM

ADMM proposes the following constrained optimization problem:

mn A subject to =0
i Py x” f F%z ubj X z
f(X) g(z)

where has been added to control the weight of R(z). The constraint is
incorporated via the Augmented Lagrangian:

minjiy Ax oz + R@@)+ iixo zjj 2+ "(xo 2)
This formulation allows to split the original problem:

x§ = min %kAxo yk e 0 o 2 Ky s Sho 2K @3)

ky T

Z“ =min R(z) + (x§ z)+ %kz X ok3 (4)
z

= kg 2 ®)
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Methods

ADMM-RED-Di : Solving with ADMM

z-subproblem
Solve with a single stochastic gradient descent (SGD) step given that each
iteration would require re-evaluating the regularization term.

X-subproblem
Solve with conjugate Gradient (CG): the fastest for linear systems

X Fastest method for convex problems
Only valid for Gaussian forward model

The feasibility of the solution does not depend on hyperparameter scheduling

N ©)
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Methods

Evaluation

Datasets
m Clinical thorax images:

m Publically available dataset CT-RATE:
48 patients

m Veterinary:
= Canon Aquilon Exceed LB: 1 dog

Data simulation

m ASTRA-toolbox with polychromatic
spectrum at 110 kVp

m LSA 2[120;360], LNP 2 [1;12]
Ablation study:

m Convergence

m Stability of hyperparameters
Comparison methods

m Baseline: RED-Di + Adam, T=1000

m Sampling di usion: DDS 2, T=100

m Supervised: DeepParker

aj
[Chung et al., 2023] 10/18
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