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Rotating platform

Sample

Radiograph

X-ray detector

[Liu 2023]
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X-ray Radiographs (2D) Slices of the 3D attenuation map

Reconstruction



Romain Vo 528/08/2025POPILSS 2025

Design / Process Online production

CT Inspection 

Deployment

Very slow ≈ hour(s)
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Decrease the number of angular measurements to reduce the acquisition time

2DeteCT - [Kiss 2024]

Application 
→ sparse-view CT
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Application 
→ sparse-view CT

Reducing the number of measurements leads to artifacts in the reconstruction

→ 3D high-resolution inspection

Decrease the number of angular measurements to reduce the acquisition time

We typically deal with high-resoluted 3D object, to be able to observe and control 
fine-grained details of the part we inspect

• Volume 𝑥 ∈ ℝ𝑛 𝑛 = 10243 voxels (= 4 GigaBytes in float32)

• Radiographs 𝑏 ∈ ℝ𝑚 = p × 10242 ( < 1 GB depending on p the number of angular

positions)
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2DeteCT [2D]

Cork-CBCT [3D]

512²

10243

Walnut-CBCT [3D]

5013
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The CT reconstruction problem can be formulated as solving a 
system of linear equations, we want to find x* such that :

Forward model

Forward operator

Signal (Object) Noise Measurements (Radiographs)
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Forward model

Sparse-view CT → The problem is ill-posed :

The CT reconstruction problem can be formulated as solving a 
system of linear equations, we want to find x* such that :

the number of measurements m ≪ size of the volume n 
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Direct/Analytical Inversion Iterative Reconstruction

Data-fidelity Regularization

[Combettes & Pesquet 2010]

(PGD)

→ Fast estimation1 using 
• Filtered Back Projection (FBP)
• Feldkamp,Davis,Kress (FDK) [Feldkamp1984] Proximal Gradient Descent

1Anastasio et al. 2001. ‘Comments on the Filtered Backprojection Algorithm, Range Conditions, 
and the Pseudoinverse Solution’. IEEE Transactions on Medical Imaging
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Direct/Analytical Inversion Iterative Reconstruction

Data-fidelity Regularization

[Combettes & Pesquet 2010]

(PGD)

Proximal Gradient Descent

→ Fast estimation using 
• Filtered Back Projection (FBP)
• Feldkamp,Davis,Kress (FDK) [Feldkamp1984]
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Total Variation:

Direct/Analytical Inversion Iterative Reconstruction

→ Fast estimation using 
• Filtered Back Projection (FBP)
• Feldkamp,Davis,Kress (FDK) [Feldkamp1984]
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Total Variation:

Direct/Analytical Inversion Iterative Reconstruction

[Sidky & Pan 2008]
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Direct/Analytical Inversion Iterative Reconstruction

• Fast but artifacts in sparse setup • Reduced artifacts but slow 

• Explicit formulation

• Hand-crafted regularization
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Find the function such that :

Neural Network



Romain Vo 1928/08/2025POPILSS 2025

Find the function such that :

image-translation mapping
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Given a collection of degraded and reference reconstruction 
pairs    

Training :

Parametrization ?
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Post-processing

: single-pass convolutional network (U-Net)
[Ronneberger 2015]

remove
artifacts

Unrolled optimization

[Han 2016]
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Post-processing Unrolled optimization

: single-pass convolutional network (U-Net)
[Ronneberger 2015]

[Han 2016]

→ What about minimizing ?
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Post-processing Unrolled optimization

: single-pass convolutional network (U-Net)
[Ronneberger 2015]

hand-crafted

[Han 2016]

→ What about minimizing ?
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Post-processing Unrolled optimization

: single-pass convolutional network (U-Net)
[Ronneberger 2015]

K steps

Unrolled network w. parameters 𝜙

with

learned

[Han 2016]

→ What about minimizing ?
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Post-processing Unrolled optimization

Unrolled network w. parameters 𝜙

[Han 2016] [Adler 2017]

« End-to-end iterative training »

: single-pass convolutional network (U-Net)
[Ronneberger 2015]
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Post-processing Unrolled optimization

Unrolled network w. parameters 𝜙
: single-pass convolutional network (U-Net)

[Ronneberger 2015]
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Post-processing Unrolled optimization

Unrolled network w. parameters 𝜙
: single-pass convolutional network (U-Net)

• Fast but does not ensure

• Reduced performances in out-of-distribution 
settings [Vo 2025]

• State-of-the-art since 2017 on every
benchmarks

• « Interpretable »

Limitations

• Limited scalability for high-resolution 2D 
and 3D

▪ 2DeteCT (512×512) – Training = 57GB 
VRAM & 30mn/epoch
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K steps

[Zhang 2017]

Plug & Play (PnP) [Venkatakrishnan 2013]1.

pre-trained denoiser
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K steps

Plug & Play (PnP) [Venkatakrishnan 2013]1.

Deep Equilibrium Networks
constant memory 

training

[Bai 2019]2.

[Fung 2021]

stop-gradient

Jacobian Free Backpropagation

pre-trained denoiser

• From 30mn/epoch, → ~10mn/epoch
• 57 GB → 9 GB

Limitations

• You still need to compute the forward loop at 
train-time

• For non-separable A, patch-training is not 
possible
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K steps

Plug & Play (PnP) [Venkatakrishnan 2013]1.

Deep Equilibrium Networks
constant memory 

training

[Bai 2019]2.

pre-trained denoiser

Neural Fields
compressed representation

3.

Voxel grid Neural Field

→

• Lightweight representation

➢ lighter deep network ?
➢ faster forward operator evaluation ?

• Inherent regularization

➢ easy modulation of the information 
associated with a given frequency
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« Compress » the parametrization of x

Voxel grid

At the root, x is just a scalar field ℝ3 → ℝ

Mesh Octree

xi the attenuation value at positionui

with F an interpolation function

Neural Field

ui

→

and d the number of parameters

with F a neural network

ui a coordinate in space

“stores” the information about the object
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MLP-basedNeural Fields, INR, etc..

Grid-based (+ shallow MLP)

latent grid z

lightweight representation of 𝑥 → here we have 𝒅 ≪ 𝒏 (4 times lighter) 

[Müller 2022]
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Voxel grid

Neural Field

→

→

ui

z

coordinates of the grid:
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→
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Using a gradient descent instead:

→

Neural Fieldui

Proximal Gradient Descent

?

→
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Neural Fieldui

We use Regularization by Denoising (RED)
[Romano 2017] 
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low-dimensional

costly
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low-dimensional

Latent denoising instead of grid denoising

costly
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low-dimensional

Latent denoising instead of grid denoising

❑ build operator acting on the latent
❑ learning this operator

costly
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low-dimensional

costly

costly

Data-fidelity

❑ Variational approach → 𝑨, 𝑨⊤   [Venkatakrishnan 2013, Adler 2017]

❑ One-step conditioning     [Terris 2025]
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low-dimensional

costly

costly

Data-fidelity

❑ Variational approach → 𝑨, 𝑨⊤   [Venkatakrishnan 2013, Adler 2017]

❑ One-step conditioning     [Terris 2025]

❑ Null-space denoising      [Schwab 2019]
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low-dimensional

costly

costly

Data-fidelity

❑ Approximation ? 
[Lindell 2021]
[Raphaeli 2025]
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Develop solutions for large-scale imaging inverse problem in 3D 

❑ 3D CT (ray-based partitioning)

❑ 3D MRI

❑ others ? 

?
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