
Overview and current 
challenges of practical CT 
reconstruction 
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Tomographic Image reconstruction

•On Krylov Methods for Large Scale CBCT 
Reconstruction
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Variational regularization formulation of the problem

• Minimize:

• In 2014: Why do many solvers exist but (almost) none are used in 
imaging applications?
• Operator is too computationally expensive
• Too many scattered algorithm proposals
• Math is hard! (for imaging scientists)  

• No easy way to try them without investing in maths + software
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• Tomographic Iterative GPU-based reconstruction

• MATLAB/python – CUDA Toolbox

• 3D absorption X ray tomography 
(Cone & Parallel beam)

• Goals: 
• Modular
• Easy to use
• Fast

• Collaborative
• Open Source
• Totally Free/ BSD license
• Encourage contributions

 github.com
/CERN
/TIGRE

• +500 citations
• Standard tool in academia/industry/healthcare
• +25 reconstruction algorithms from 7 algorithm families
• +7 data loaders from industry/healthcare scans
• +5 businesses use it as backbone of their products
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Analytical methods
FDK
FBP

Kaczmarz methods
SART
OS-SART
SIRT

Krylov Subspace 
CGLS
LSQR
hLSQR
LSMR
AB/BA-GMRES
CGLS-TV
h-fLSQR-TV

Statistical methods
MLEM
OSEM

 POCS methods (with TV gradient reg)
ASD-POCS
OS-ASD-POCS
B-ASD-POCS- β
SART-TV

Prior image regularized methods
                      PICCS

Proximal Methods
FISTA
Accelerated FISTA

Algorithms (so 
far)

 

FD
K

CGL
S

SIR
T

Wilbers, A., Biguri, A., Schillings, J., & Loos, J. (2019). 
Application of iterative reconstruction algorithms to mitigate CT-artefacts when measuring fiber reinforced polymer materials.  
Polymer, 177, 120-130
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             MicroCT:  Roasted Coffee Beam

3340x3340x900 coffee bean, 3.6 micrometres 
per pixel
4000x2000x2100 X-ray projections

45:00h scan time
04:21h reconstruction 
time

FDK CGLS (30 iter)
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Other related work
Tomography on tetrahedra meshes on GPUs

Scanning trajectory optimization in C-arm 
CBCT

Prior Image Constrained regularization in Krylov 
solvers

Motion Compensated CBCT for radiation therapy

Dynamic-whole Body Positron Emission Tomography

Laminographic scanning procedures in the lab

and others….
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Data-driven inverse problems
From maths to applications 
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Data-Driven inverse problems

• One can learn parts (or all) of the variational formulation

• The field has exploded in applied maths and computational imaging in 
the last 8 years

• Theoretical performance of these methods is much superior to 
“classical” approaches

 



11

Post-Processing
Unrolled Iterative Methods

Learning a regulariser Plug and Play

Data Driven
Tomographic 
Reconstructio

n

Other ML methods

Self/Unsupervised



12

Current challenges for translation 

• Data-driven recon research is very slowly moving to real data use. 
Many challenges still

•  Current challenges:
• Lack of comparability/reproducibility
• Lack of understanding/uncertainty quantification
• Vague evaluation criteria → What is a “good” result?
• (Almost) never been tested with real data
• (Almost) never used in 3D data 
• Field is new → best methods still to come

• What am I* doing about his? 

*Researchers working with 
me
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Lack of comparability

Compare 12 ML-methods in 9 different CT cases. 
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FD
K

FDK+DnC
NN

LP
D



(Almost) Never used with real data

• Most math literature simplifies noise models in CT
• OK for math paper
• Not OK for applications

• We can interpret many of the ML models as learning the 
distribution of the noise -> If we simulate this distribution, it better 
be good!



Is training with simulated noise enough?

Simulate complex (yet computable) CT noise on “clean” data to the same SNR as measured 
noisy data. 

• Electronic noise
• Photon noise
• Flat fields
• Detector Cross talk
• Digital quantitation errors

Train denoiser Unet on noisy data. Both simulated and real. 

Test both Unets in both datasets.



Do we need to train in real noise?

Simulated 
noise

Real 
noise

Sinogra
ms

Trained in real 
noise

Trained in simulated 
noise



19

Vague evaluation criteria → What is a “good” result?
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But… which one is better?
Breger, Anna, et al. "A study on the 
adequacy of common IQA measures 
for medical images." arXiv preprint 
arXiv:2405.19224 (2024).

Breger, Anna, et al. "A study of why 
we need to reassess full reference 
image quality assessment with 
medical images." arXiv preprint 
arXiv:2405.19097 (2024).

Andrea Sainz

Can we train learned 
methos to produce 
images that are better 
for our desired task?
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But… which one is better?

• In Arxiv this week (hopefully)

• Also tackles uncertainty! 

Honglei Brinkmann
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Lack of understanding/uncertainty 
quantification
• Interpretability (in its broader meaning) is essential for medical 

applications. 
• What does the model do?
• When does it fail?
• Confidence in the algorithm?
• Confidence in the results? (uncertainty quantification)
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But… which one is better?

• In Arxiv this week (hopefully)

• Also tackles uncertainty! 

Honglei Brinkmann
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We can change interpretability by only learning interpretable things

• E.g. if we learn to predict regularization hyperparameters, we 
understand what the results mean

•                                                                                                  

Performs almost as good as 
state of the art big ML 
models, but its 
unsupervised  and 
interpretable
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(Almost) never used in 3D data 

• I ran Grand Challenge in 2024 ICASSP

• Working on acquiring the first 3D CBCT ML-sized dataset

• Exploring ML methods that tolerate 3D CBCT

Sepideh 
Hatamikia
S M Ragib Islam

Prachi 
Sharma
S M Ragib 
Islam
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Field is new → best methods still to come

Gaussian Splatting - unsupervised Neural ODEs + unrolling

FBP + CNNs

etc

Andrea 
Sainz
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=> Make CT tools accessible to ML researchers
   Make ML tools accessible to CT researchers <=

=> Research unification and sharing
=> Long term reproducibility
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github.com/CambridgeCIA/LION

Experiments

DataSets Problems Models Solvers Reconstructor Eval

Implemented models

clinicalCTRecon()
LowDoseCTRecon()
ExtremeLowDoseCTRecon()
LimitedAngleCTRecon()
SparseAngleCTRecon()
…

Post-processing
• FBPConvNet
• DnCNN
• MSD-Net
• Unet
• DnCNN
• DRUnet
Iterative Unrolled
• LPD
• LGD
• LGD-TV
Learned Regularizer:
• AR
• ACR
• TDV
Plug and Play
• Any post-processing
• Gradient-Step Denoiser
Algorithm-based
• DeepFBP
• FusionFBP

SupervisedSolver()
Noise2InverseSolver()
GaussianDenoiserSolver()
EquivariantSolver()
AdversarialRegularizerSolver()

Post_processing
PnP   
• Forward/

backward 
splitting

PSNR
SSIM
HaarPSI
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Summary

• AI methods in inverse problems are super powerful, but they are still too many 
unknowns to make them trivial to use in experimental cases. A lot of real work to 
do outside frontiers of AI. 

• Good Software tools lead to research innovations

• There is much to share between applications of tomography, and they can inform 
much of the mathematical development directions

• Still quite a lot to do to make advances work in real life applications

Applied 
Mathematics

Computer 
Science 

Applied 
Science & 
Medicine
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Questions
CAT: Computational Applied 
Tomography

 ander
 biguri
.github
.io
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Post-Processing
Unrolled Iterative Methods

Learning a regulariser Plug and Play

Data Driven
Tomographic 
Reconstructio

n

Other ML methods

Self/Unsupervised
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Example: Gradient descend
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Learned Gradient descend
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Example: Learned iterative unrolling

Adler, Jonas, and Ozan Öktem. "Learned primal-dual reconstruction." IEEE transactions on 
medical imaging 37.6 (2018): 1322-1332.
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Example: Learned Primal Dual
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Example: Learned Primal Dual
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Post-Processing
Unrolled Iterative Methods

Learning a regulariser Plug and Play

Data Driven
Tomographic 
Reconstructio

n

Other ML methods

Self/Unsupervised
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Learned Regularization: Adversarial regularizer
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Learned Regularization
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Example: Adversarial Convex Regularizer
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Post-Processing
Unrolled Iterative Methods

Learning a regulariser Plug and Play

Data Driven
Tomographic 
Reconstructio

n

Other ML methods

Self/Unsupervised
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Plug and Play

Can be solved with e.g. ADMM as:

 

 

 

 Denoiser
!
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Plug and Play

• STEP 1:  Train a denoiser (like the post-processing networks)

• STEP 2: Use the denoiser when you reconstruct a new image
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Example: 
DEEP RESIDUAL LEARNING FOR MODEL-BASED 

ITERATIVE CT RECONSTRUCTION USING PLUG-AND-
PLAY FRAMEWORK
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Post-Processing
Unrolled Iterative Methods

Learning a regulariser Plug and Play

Data Driven
Tomographic 
Reconstructio

n

Other ML methods

Self/Unsupervised
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Unsupervised learning

• Example: Noise2Inverse
• By splitting the problem in worse reconstruction, you can learn to denoise!

Alvaro 
Esposito
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