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Tomographic Image reconstruction

We are interested in a solution of
Ae-lg=l, AcRBYN BeRY. psecRY

coming from suitable discretization of

/Q k(s, t)F(t)dt + e(s) = g(s).

Modeling inverse problems:
® the process k (resp. A), the output g (resp. b) are known;

® the input f (resp. x) is unknown.




Variational regularization formulation of the problem

®Minimize: & = argmin ]|
X

®|n 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



github.com
/CERN
/TIGRE

Biomedical Physics & Engineering Express

PAPER
TIGRE: a MATLAB-GPU toolbox for CBCT image reconstruction

@ Tomographic Iterative GPU-based reconstruction

Engineering Research Express

PAPER - OPEN ACCESS

. MATLAB/python _ CU DA TOOI bOX TIGRE v3: Efficient and easy to use iterative computed
tomographic reconstruction toolbox for real datasets
Ander Biguri, Tomoyuki Sadakane, Reuben Lindroos, Yi Liu, Malena Sabate Landman, Yi Du,
Manasavee Lohvithee, Stefanie Kaser, Sepideh Hatamikia, Robert Bryll « Show full author list

Citati

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

® +500 citations

o GO;'S: @ Standard tool in academia/industry/healthcare
Modular
@ Easy to use @ +25 reconstruction algorithms from 7 algorithm families
® Fast

@ +7/ data loaders from industry/healthcare scans

@ Collaborative @ +5 businesses use it as backbone of their products

@ Open Source
@ Totally Free/ BSD license
5 @ Encourage contributions




Algorithms (so
far)

7

Analytical methods
FDK
FBP

Kaczmarz methods
SART

OS-SART
SIRT

Krylov Subspace
v pCGLS

LSQR
hLSQR

LSMR
AB/BA-GMRES
CGLS-TV
h-fLSQR-TV

Statistical methods
MLEM
OSEM

POCS methods (with TV gradient reg)
ASD-POCS

05-ASD-POCS
B-ASD-POCS B
SART-TV

Prior image regularized methods
PICCS
Proximal Methods

FISTA
Accelerated FISTA

"Real" image FDK

OS-SART AwPCSD

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



Arbitrarily large tomography with iterative
algorithms on multiple GPUs using the
TIGRE toolbox

iter)
21h reconstruction
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Other related work

Tomography on tetrahedra meshes on GPUs

@O
o

Scanning traJectory optlmlzatlon in C-arm
CBG| 2w 3

Motion Compensated CBCT for radiation therapy

o

and others....



Data-driven inverse problems

From maths to applications




Data-Driven inverse problems

® One can learn parts (or all) of the variational formulation
X = argmin L
X

® 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



Post-Processing

Learning a regulariser

‘Good guys’ ‘Bad guys’

Y ~ Py

Xeg = arg min | Ax — b||3 + AR(x)
X

Self/Unsupervised

Target

Data Driven
Tomographic
Reconstructio

n

Other ML methods

Unrolled Iterative Methods

Plug and Play

x**1 = argmin D(Ax,b) + A||x — v¥ + d*||
X

1rr1|e!Lr Vk+1 = argmin R(V) -+ A”V— Xk'l"l 4 dk”
A7

dk+1 - dk L (xk-l-l s Vk-!-l)




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

oo eee

& What am I* doing about his?

*Researchers working with



Lack of comparability

Compare 12 ML-methods in 9 different CT cases.

Full Data Limited Angle Sparse Angle Low Dose Beam Hardening
® source ' 9@ : ""-,
== Filter E
=) Beam
QO object
=3 Detector
Acquisition 90 kV, 90 W 90 kV, 90 W 80 kV, 90 W S0 kV, 3 W 60 kV, 60 W
Rotation: 360° Rotation: 90° Rotation: 360° Rotation: 360° Rotation: 360°
Spacing: 0.1° Spacing: 0.1° Spacing: 6.0° Spacing: 0.1° Spacing: 0.1°
Projections: 3600 Projections: 900 Projections: 60 Projections: 3600 Projections: 3600
Reconstruction
with Filtered
Backprojection
(FBP):

Benchmarking learned algorithms for computed tomography image
reconstruction tasks

Maximilian B. Kiss' © * ™ Ander Biguri© © ™, Zakhar Shumaylov- ™, Ferdia Sherry“ ™, K. Joost Batenburg~ ™

Carola-Bibiane Schonlieb? ™ and Felix Lucka' ™
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Table 3: Quantitative analysis of all evaluated methods with respect to PSNR and S5IM on their performance in the CT image reconstruction tasks.
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FDK+DnC
NN

. UNIVERSITY OF
CAMBRIDGE



(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.

UNIVERSITY OF

CAMBRIDGE



Do we need to train in real noise?

. . SSIM 0.8161 + 0.0592 0.7466 + 0.0681
FBP+U-Net(2) ~ Experimental Noisy Data  poyp 29.8398 + 2.1834 28.0435 + 2.0848
< o SSIM 0.5957 + 0.0844 0.6693 + 0.0820

FBP+U-Net (1) sucmiated Moy st PSNR 26.8841 + 3.4800 28.8134 + 3.9418

UNIVERSITY OF
CAMBRIDGE

Trained in real
noise

Trained in simulated
noise

Sinogra
ms
Real Simulated




Vague evaluation criteria = What is a “good” result?

Ground_truth

LPD: 0.930

TVmin: 0.660

Noise2lnverse: 0.856

FBPConvnet
:0.867

1.0

0.8

0.6 1

0.4 1

0.2 1

SSIM, ngest = 390




But... which one is better?

FBPConvnet
Ground_truth TVmin: 0.741 - 0.857 A Study of Why We Need to Reassess Full

Reference Image Quality Assessment with
Medical Images

Original Paper | Open access | Published: 24 March 2025

Download PDF % @ You have full access to this open access article

Anna Breger (4, Ander Biguri, Malena Sabaté Landman, |an Selby, Nicole Amberg, Elisabeth Brunner,

Noise2lnverse: 0.848 ItNet: 0.932

Janek Gréhl, Sepideh Hatamikia, Clemens Karner, Lipeng Ning, S6ren Dittmer, Michael Roberts, AlX-

COVNET Collaboration & Carola-Bibiane Schénlieb

Can we train learned
methos to produce
images that are better
e for our desired task?

Andrea Sainz




But... which one is better?

Geometry-Aware Diffusion Posterior Sampling for
Sparse-View and Limited-Angle CT

Honglei Brinkmann, Carola-Bibiane Schonlieb, Ander Biguri

Department of Applied Mathematics and Theoretical Physics, University of Cambridge, Cambridge, UK.

* In Arxiv this week (hopefully)

* Also tackles uncertainty!

Honglei Brinkmann

PSNR: 29.63 SSIM: 0.795|

o L T
&

; 4 oF _

e d
>

PSNR: 28.12 SSIM: 0.744

PSNR: 29.93 SSIM: 0.814




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)



(i) 40 projections (ii) 40 projections (iii) 40 projections (iv) 40 projections (v) 10 projections
Ground truth (no noise) (mild noise) (limited angle [0, 3n/4]) (limited angle [0, r/2]) . (mild noise)

=
m
a
E
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posterior std
poste rior std

absolute error
absolute error




We can change interpretability by only learning interpretable things ?,

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

Ground-truth

Iterative SENSE

MoDL

TV-A

TGV-A

TV A'-map TV A™Y-map

TGV ATY-map

DREAM: Deep-Reparametrization of Adaptive Regularization Maps

for Fast Zero-Shot Self-Supervised Learning

Thanh Trung Vu, Ander Biguri, Christoph Kolbitsch, Luca Calatroni, Kostas Papafitsoros, Andreas Kofler

Supervised Supervised + TTT ZS-TTI

II- IS,
e
0 R

0.4 0.00 0.05 0.10

0.

0.10 0.0

0.05

0.00

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

J7ven\ |EEE International
ICASSP Conference on Acoustics,
2024 korea  Speech and Signal Processing

Signal Processing: The Foundation for True Intgliige

@ | ran Grand Challenge in 2024 ICASSP T e

COEX, Seoul, Korea

Advancing the Frontiers of Deep Learning for Low-Dose 3D Cone-Beam CT
Reconstruction

Publisher: IEEE | Cite This |

Ander Biguri © ; Subhadip Mukherjee @ ; Xuzhi Zhao; XiLiu; Xinyi Wang; Rui Yang All Authors

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

Sepideh
Hatamikia
S M Ragib Islam

® Exploring ML methods that tolerate 3D CBCT

Prachi
Sharma

S M Ragib
I<lam



Field is new — best methods still to come

Gaussian Splatting - unsupervised Neural ODEs + unrolling

O _.|'."|.I-'r -
T

e

(a) Dual iterates, I'ga.

FBP + CNNs

. I{!. .

(a) (b)
Groun d truth FBP Dece pF\ nBP I
19.68 £+ 0.76 35.24 + 2.16

26 Andrea
Sainz

etc




Tomographic Reconstruction
Machine Learning
o Reproducibility

Learned Iterative Optimization Networks

=> Make CT tools accessible to ML researchers

Make ML tools accessible to CT researchers <=

=> Research unification and sharing

=> Long term reproducibility



Tomographic Reconstruction
Machine Learning
- Reproducibility

Learned lterative Optimization Networks

Implemented models

DataSets Models Solvers Reconstructor Fval

Post-processing

github.com/CambridgeCIA/LION

SupervisedSolver () Post_processing PSNR

° FBPConvNet Noise2InverseSolver () SSIM

* DnCNN GaussianDenoiserSolver () PnP HaarPSI
clinicalCTRecon () °* MSD-Net EquivariantSolver () * Forward/

LowDoseCTRecon () * Unet AdversarialRegularizerSolver () backward
ExtremeLowDoseCTRecon () * DnCNN splitting
LimitedAngleCTRecon () * DRUnet
SparseAngleCTRecon () Iterative Unrolled

* LPD

* LGD

* LGD-TV

Learned Regularizer:

* AR

* ACR

* TDV

Plug and Play

°* Any post-processing

* Gradient-Step Denoiser

Algorithm-based

* DeepFBP

°* FusionFBP

Experiments



Summary

X = argmin D(Ax,
X

@ Al 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 Al.

® Good Software tools lead to research innovations - re

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

Computer

® Still quite a lot to do to make advances work in real life applications, E \

pplie Applied
Sc|encg & “ Mathematics



Questions

CAT: Computational Applied

The CAT is a research group on translational methods for tomography lead by Ander Biguri.

The research focus is threefold:

* Developing mathematical optimization algorithms based on both machine learning
based and traditional optimization for inverse problems in tomography (applied maths).

* Developing computational methods, high performance computing solutions, machine
learning models and software packages for the algorithms above (computer science).

* Applying these methods into real datasets and applications of tomography, and
proposing novel uses of tomography enabled by the previous two points (applied science
& medicine).

Find a full list of publications in the Publica s page and the Gallery of research images for
more information.

The CAT currently also maintains two open source packages for reconstruction, particularly for all
modalities of CT:

ox_#: A toolbox for easy to use and fast tomographic reconstruction of real

datasets

= LION toolb

OX (in development): A toolbox for reliable and reproducible Machine
Learning based tomographic reconstruction.

Dr Ander Biguri

Georg Francis
Alvaro Esposito Martinez Barlaup Lovric




Post-Processing

Learning a regulariser

‘Good guys’ ‘Bad guys’

Y ~ Py

Xeg = arg min | Ax — b||3 + AR(x)
X

Self/Unsupervised

Target

Data Driven
Tomographic
Reconstructio

n

Other ML methods

Unrolled Iterative Methods

Plug and Play

x**1 = argmin D(Ax,b) + A||x — v¥ + d*||
X

1rr1|e!Lr Vk+1 = argmin R(V) -+ A”V— Xk'l"l 4 dk”
A7

dk+1 - dk L (xk-l-l s Vk-!-l)




Example: Gradient descend

uo = 0
Uks1 = Mg + YV ]| Ape—pl|?



Learned Gradient descend

ho = 0
tier1 = To (e, VllARe—plI?) k=0,1,..,N

”\ ”\
B

Adler, Oktem, Inverse Problems '17.




Example: Learned iterative unrolling

Algorithm 1 Non-linear primal dual hybrid gradient

2
3:
4:
-

Given: o,7 > 0s.t. o7||K|2 < 1, ¥ € [0,1] and fp € X,
hu = L".
fori=1,... do

hity + prox, z- (h; + o K(f;))

f¥+| T merg(f- = T[Hk:{fi]]*(hr+l})

fl-+| — ff-H + FF{IHI = fr]

Ad

" ’ I ' :
prox,g(f) = auﬁ‘:f:“m[(}{f ) + E"I = in]



Example: Learned Primal Dual

._}FHI_}-_PFEd_L.

Adler, Oktem, Inverse Problems 17




Example: Learned Primal Dual

(a) 512 x 512 pixel human phantom (b} Filtered back-projection (FBF) (c) Total variation (TV)
PSNR 33.65 dB, SSIM 0.830, 423 ms PSNR 37.48 dB, SSIM 0.946, 64 371 ms

(d) FBP + U-Net denoising (e¢) Primal-Dual, linear (f) Primal-Dual. non-linear
PSNR 41.92 dB, SSIM 0.941, 463 ms PSNR 44.10 dB, SSIM 0.969, 620 ms PSNR 43.91 4B, SSIM 0.969, 670 ms



Post-Processing

Learning a regulariser

‘Good guys’ ‘Bad guys’

Y ~ Py

Xeg = arg min | Ax — b||3 + AR(x)
X

Self/Unsupervised

Target

Data Driven
Tomographic
Reconstructio

n

Other ML methods

Unrolled Iterative Methods

Plug and Play

x**1 = argmin D(Ax,b) + A||x — v¥ + d*||
X

1rr1|e!Lr Vk+1 = argmin R(V) -+ A”V— Xk'l"l 4 dk”
A7

dk+1 - dk L (xk-l-l s Vk-!-l)




Learned Reqularization: Adversarial reqularizer

Il = argmin 1
[

‘Good guys’ Data ‘Bad guys’
: e
U* ~ Py Y ~ Py U~ Py =T, Py

Train regulariser in adversarial manner to be small for samples from
Py and large for samples from P,,.

Lunz, Oktem, CBS, NeurlPS '18; Arridge, Maass, Oktem, CBS, Acta Numerica '19; Lunz, PhD
thesis University of Cambridge 21

38



Learned Reqularization

@ Idea from Wasserstein GANs '6: use 1-Wasserstein distance as
(unsupervised) loss for regulariser

Wass(P,,,Py) = sup Ep~p, R(U) — Eypy, R(U)

Rel—Lip

@ Train the reqgulariser to learn image statistics — good and bad guys DO
NOT need to be paired :)

@ Parametrization for R*: Rg(u) = We(u) + po ||-u|\§, where Ug(u) is a
[convex!”] CNN.

@ Train the Network with the loss '8

2

min Eypy [Vo(U)] — Bunp, Wo(U)] + B[ (IVaWo(U)]. —1)3] .

'8 Arjovsky, Chintala & Bottou, 17

_""Amos, Xu, Kolter ICML '17; S. Mukherjee, S. Dittmer, Z. Shumaylov, S. Lunz, O.
Oktem, CBS, arXiv:2008.02839

8Gulrajani et al., 17



Example: Adversarial Convex Regularizer

(a) ground-truth (b) FBP: 21.6262 dB, 0.2435 (c) TV: 29.2506 dB, 0.7905

(d) LPD: 33.6218 dB, 0.8871 (e) AR: 31.8257 dB. 0.8445 (f) ACR: 30.0016 dB, 0.8246



Post-Processing

Learning a regulariser

‘Good guys’ ‘Bad guys’

Y ~ Py

Xeg = arg min | Ax — b||3 + AR(x)
X

Self/Unsupervised

Target

Data Driven
Tomographic
Reconstructio

n

Other ML methods

Unrolled Iterative Methods

Plug and Play

x**1 = argmin D(Ax,b) + A||x — v¥ + d*||
X

1rr1|e!Lr Vk+1 = argmin R(V) -+ A”V— Xk'l"l 4 dk”
A7

dk+1 - dk L (xk-l-l s Vk-!-l)




Plug and Play

X = argmin L
X

Can be solved with e.g. ADMM as:

x*¥*1 = argmin D(Ax,b) + /IHX — vk + dk”

vitl = armin R(v) + Al[v — x**1 + d¥|

Denoiser dktl = gk — (Xk+1 . Vk+1)

42
Venkatakrishnan, Bouman, Wohlberg, IEEE SIP '13



Plug and Play

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

* STEP 2: Use the denoiser when you reconstruct a new image
x**1 = argmin D(Ax,b) + /IHX — vk + dk”
X

Vk+1 — Fg (V . Xk+1 1+ dk)

dk+1 — dk . (xk+1 . Vk+1)

vk+1 — l"8 (V _ Xk+1 + dkj



Example:

Inverse WHT (Zero-filled) SPGL1 PnP-ADMM (50 iters, n=0.01, cg_iters=20, g=0.05)
PSNR: 26.77 dB, SSIM: 0.7264 PSNR: 28.70 dB, S5IM: 0.7836 PSNR: 34.87 dB, 55IM: 0.9411
MSE: 1.654e-03, Pearson Corr.: 0.9854 MSE: 1.060e-03, Pearson Corr.: 0.9907 MSE: 2.561e-04, Pearson Corr.: 0.9978

Original Image

PCM Reconstructions, |=9 (512x512 image)
Sample}50.00%}j keep 7 coarse levels (6.25% here), the rest: multilevel random

Inverse WHT (Zero-filled) SPGL1 PnP-ADMM (50 iters, n=0.01, cg_iters=20, 0=0.05)
PSNR: 23.80 dB, 55IM: 0.5549 PSNR: 24.82 dB, SSIM: 0.5324 PSNR: 30.52 dB, 55IM: 0.8583
MSE: 3.278e-03, Pearson Corr.: 0.9709 MSE: 2.588e-03, Pearson Corr.: 0.9772 MSE: 6.962e-04, Pearson Corr.: 0.9939

Silicon sample (512 x 512)
(normalized pixels in [0,

1)

PCM Reconstructions, |=9 (512x512 image)
Samplef20.00%j keep 7 coarse levels (6.25% here), the rest: multilevel random




Post-Processing

Learning a regulariser

‘Good guys’ ‘Bad guys’

Y ~ Py

Xeg = arg min | Ax — b||3 + AR(x)
X

Self/Unsupervised

Target

Data Driven
Tomographic
Reconstructio

n

Other ML methods

Unrolled Iterative Methods

Plug and Play

x**1 = argmin D(Ax,b) + A||x — v¥ + d*||
X

1rr1|e!Lr Vk+1 = argmin R(V) -+ A”V— Xk'l"l 4 dk”
A7

dk+1 - dk L (xk-l-l s Vk-!-l)




Unsupervised learning

: Al
* Example: Noise2lnverse Es\,/oa(::ito

* By splitting the problem in worse reconstruction, you can learn to denoise!

Projection-wiss

ik i FEP NM improved

meconstruction reconstruclion
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