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What is Core Imaging Library (CIL)?

CIL is an open-source Python library for solving Imaging Inverse Problems

Special emphasis on tomography applications with challenging data sets: low-
count, non-standard geometries, incomplete, multi-channel

Highly flexible and modular set of tools for different imaging problems

"Near-math" specification and solution of optimization problems

» Simple to get started — powerful enough for large, real applications

Funded by the Collaborative Computational Project in Tomographic Imaging (CCPi)
* Apache v2 license.

 Actively developed on GitHub: https://github.com/Tomographiclmaging/CIL



https://github.com/TomographicImaging/CIL

What is CCPi?

The Collaborative Computational Projects (CCPs) bring together leading

UK expertise in key fields of computational research to tackle large-scale
scientific software development, maintenance and distribution.

! !

The Collaborative Computational * PI: Prof Philip Withers, Manchester
Project in Tomographic Imaging * Phase Ill: 2020 — 2025, new Co-ls:

(https://www.ccpi.ac.uk/) aims to Martin Turner, Manchester
provide the UK tomography Jakob Jgrgensen, DTU
community with a software toolbox Jay Warnett, Warwick
of algorithms that increases the Llion Evans, Swansea
quality and level of information . Core Software Developers:
extracted by computed Edoardo Pasca, Gemma Fardell, Evangelos

tomography. Papoutsellis and Laura Murgatroyd @ RAL


https://www.ccpi.ac.uk/

Who is CIL for?

e CT experimentalists
* To quickly write CT processing pipelines
* Optimised standard algorithms for large data
* To utilise reconstruction algorithms for poor data quality or to handle novel
imaging modalities
* Image processing specialists
* to easily implement new reconstruction algorithms
* assess them against existing ones.

 CIL:
* is easy to use
* Batch processing
e Reproducibility




Design of CIL

Data readers \ - Data writers

2 lab/synchrotron.  NeXus/TIFF/ZEISS
framework Core functionality Data structures———— Geometric meta-data
processors Data corrections Data conversion Data slicing, masking
Core Imaging Library utilities Visualisation Demonstration data sets — Noise/data simulation
optimisation Algorithms Functions Operators
plugins CCPI-RGL toolkit | ASTRA TIGRE

CPU/GPU

recon FBP/FDK




Design of CIL

Example: Modules

io NikonDataReader, ZEISSDataReader
framework DataContainer, AcquisitionData, AcquisitionGeometry
processors RingRemover, CenterOfRotationCorrector

Core Imaging Library utilities show2D, noise.gaussian, islicer

optimisation FISTA, PDHG, L2NormSquared, KullbackLeibler, Operator

ProjectionOperator, FGP TV, FGP_dTV, Tomophantom

plugins

recon FBP, FDK



CIL for X-Ray Computed Tomography (CT)
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TXRMDataReader (filename) . read()

TransmissionAbsorptionConverter () (data)

data CentreOfRotatioCorrector.image sharpness () (data)

recon = FBP(data) .run()

show2D (recon)



Optimisation in CIL

®(u) = D(Au,d) + ¥(u) = min ®(u)
T (e o N o v
Objective Fidelity Regulariser



Optimisation in CIL

®(u) = D(Au,d) + ¥(u) = min (u)

BlockFunction separable sum of multiple functions

IndicatorBox indicator function for box (lower/upper) constraints
................... KullbackLemlerKullback—Le|b|erdwergencedataﬁdehty
................... L’|NormUnorm||x||]:Zf|x,|
................... LzNorquuaredsquaredlznorm||x||§=zrxf
................... LeastSquaresIeastsquaresdataﬁdehty||Ax—b||§
................... M|xedL2‘|Normm|xed1“norm||(U]U2)||21:||(Uf-|—ug)‘/2||]
B R o thL”norm||( U1 U2)||§1= ||(Uf+U§+ﬁ2)1/2||1

Weighted 2NormSquared weighted squared [2-norm: [|x||2, = 3. (w; - x2)



Optimisation in CIL

®(u) =D(Au,d) + ¥(u) = min ®(u)

BlockOperator form block (array) operator from multiple operators
............. BlumngOperatorapplypomtspreadfuncnontoblurammage
............. : hannelw|se0peratorapplythesameoperatortoallchannels
e, D|agona|0peratorformad|agona|operatorfrom|mage/acqu|s|t|ondata
............. F|n |teD|fference0pe ratorapplyﬁmte d|ﬁerences|nse|ectedd| mensmn
............. ; rad|ent0peratorapplyﬁmte e, tomu|t|p|e/a||d|mens|ons
............. Ident|ty0peratorapp|y|dent|tyoperator,|eretummput
e, MaskOperatorfromb|nary| n put,kee p selectede ntnes, . m askoutrest
............. : ym s tOp eratorapplysymmetr|zedgrad|ent T
............. : erooperatoroperatorofallzeroes
............. ijectlonope ratortomographyforward/ba(kprOJec’[lonfromAS L



Optimisation in CIL

®(u) =D(Au,d) + ¢(u) = min D (u)

description problem type solved
(GLS conjugate gradient least squares least squares
SIRT ..................................... 5|mu|taneou 5 |terat| Vereco nstructmntechmque ........................................ we|ghted|east Squ ares .
GD ....................................... gra d |e n t descent .......................................................................................... smooth ...........................
e L eshrlnkagethresholdlngalgorl L S
LADMM ............................... ||nean zed alternatmg d |rect|on methodof m u|t|p||er5 ............................... nonsmooth ...................
PDHG ................................... pnmal d ual hy b nd grad|ent ......................................................................... nonsmooth ...................



Case Studies in CIL : Laminography

Tomographic imaging with Laminography

* Planar samples, like composite panels and printed circuit boards are difficult to scan due to
different exposure along views.

* Conventional CT scan gives limited-angle artifacts, missing edges. Laminography allows
uniform exposure.

e Dataset : Planar LEGO-brick

ﬁg b) C L /Axis of rotation

for CT
Axis of rotation-"" é\
/ forCT Axis of rotation—t’“\
for CL \

mt)etector

Detector

Jgrgensen. et al. 2021



Case Studies in CIL : Laminography

Least Squares, unconstrained Least squares, nonnegativity
3 1 2 1 2
@ arg min — || Au — d|| arg min — || Au — d||* + Ly>0y (u)
S w2 w2

1 1
arg min 5 |Au — d||* + a TV (u) argmin 5 |Au —d|I* + a« TV (u) + Loy ()

TV regu.



Case Studies in CIL : Laminography

Least Squares, unconstrained Least squares, nonnegativity

AR




Case Studies in CIL : Dynamic CT

Dynamic X-Ray CT reconstruction

e Scan a sample in time that undergoes some change, internal/external.
* Use iterative reconstruction methods to increase temporal resolution and reduce

radiation dose during a CT scan.
* Dataset: Simulate diffusion of liquids inside plant stems. Dynamic agarose-gel phantom

perfused with a liquid contrast agent (iodine).
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ase Studies in CIL : Dynamic CT




Case Studies in CIL : Hyperspectral CT

Hyperspectral Lab X-CT reconstruction Manchester Colour Bay

* In conventional X-ray CT, each detector pixel records the total number of detected

photons, without energy information.
» Spectroscopic/Energy detectors can be used to extract additional, measuring both the

energy and position of each incident photon.

 Dataset: lodine-stained lizard head.
DECT Hyperspectral

Brain

Lens

Hyperspectral

Eye

DECT

Main jaw
adductor muscle
* 60 projections
120s exposure time

e 2.5 hrs scan time

* 1051 projections
* 15s exposure time
* 4.4 hrs scan time

Tongue

lodine Map

Tongue muscles

Skull roof

(HA) Map

Quadrate

Hydroxyapatite

Mandible
18

Warr et al. 2021



Case Studies in CIL : Hyperspectral CT

» CIL Optimisation can build complex objectives through a mix & match setting
of different existing or user-defined functions

1
arg min 5 |Au — b]]? + a TV (uspace) + B TGV (Uspectral )

3D + Energy Reconstruction: lodine K-Edge
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0.0010

ation (um™1)

0.0008

0.0006 {~-

Attenu

0.0004

0.0002

0.0000, T T v ,
20 25 30 35 40 45

19



Case Studies in CIL : PET/MR Reconstruction

- Synergy between two libraries: Core Imaging Library (CIL) and Synergestic
Image Reconstruction Framework (SIRF) for Medical Imaging Applications
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Ovtchinnikov et al. 2017



Case Studies in CIL : PET/MR Reconstruction

No motion correction &
regularization

Motion correction with TV

OSEM (SIRF)
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PET reconstruction
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Stochastic Optimisation in CIL

» Extend CIL Optimisation (Deterministic) framework to Stochastic Optimisation

Joint work : Kris Thielemans, Gillman Ashley, Tang Junqi, Zeljko Kereta, Imraj Singh, Gemma
Fardell, Evgueni Ovtchinnikov, Matthias Ehrhardt, Laura Murgatroyd, Robert Twyman,
Edoardo Pasca, Claire Delplancke, EP, Georg Schramm, Jakob Jgrgensen, Sam Porter

4 )
ﬁ e 1%t Hackathon: November 23-26, 2021
: « 2" Hackathon: April 4-7, 2022
P * Organised: CCP SyneRBI, CCPi, PET++
\ J

(o Implement selected randomized algorithms in CIL, e.g., SGD, SAG, SAGA, SVRG and more\
* Implement subset data structures in STIR/SIRF
_* Establish benchmarking framework for CT and PET applications y



https://www.ccppetmr.ac.uk/node/1
https://www.ccpi.ac.uk/
https://petpp.github.io/

Stochastic Optimisation in CIL

m min f(z)+ g(x), f : L-smooth, g : convex

* In CIL, we have the following (Proximal) Gradient algorithms

Trt1 = Prox., . (yx — V. (yr))
1+ /17 4a?
Thy1 = Tk — WV (2r) Tk = Prox,, o(cx — 1V f(2k)) Qo1 = — 2+ =

Ozk—l

Y = Tk + (xk — Th—1)

Ak+1

GD (initial, objective function, step size)

ISTA(initial, £, g, step size)

FISTA (initial, £, g, step size)




Stochastic Optimisation in CIL

]- n
=) min — E fi(x) 4+ g(x), fi; : Li-smooth, g : convex
z n
i=1

Try1 = prox., (yx — vV fi, (Yk))

14+ +/1+ 402
Thi1 = Tk — WV fi (@r)  Thr = Proxy, (2 — VeV i (T)) ok = —
D — 1
Yr = Tk + (xx — Tp—1)
ak+1

e CIL Class Function

* Computes Vf@k




Stochastic Optimisation in CIL

1 n
=) min — E filx) +g(x), f; : L;-smooth, g : convex
r M
i=1

Try1 = prox., (yx — vV fi, (Yk))

14+ +/1+ 402
Thi1 = Tk — WV fi (@r)  Thr = Proxy, (2 — VeV i (T)) ok = —
D — 1
Yr = Tk + (xx — Tp—1)
ak+1

1 n SGDFunction
_ E fz (Qj ) SubsetSumFunction
n -

1=1



Stochastic Optimisation in CIL

1 n
=) min — E filx) +g(x), f; : L;-smooth, g : convex
r M
i=1

Lk+1 = prOX'ykg(yk — ’Ykﬁfik (Yk))

- - 14++/1+03
Th+1 = Tk — VeV fi (Tk) Lh+1 = Prokag(% — %V fi, (k) Qg1 = 5
D — 1
Yk+1 = Tg + (Th — Tp—1)

OL+1

SGDFunction SAGFunction

1 n
- E fz (Qj ) SubsetSumFunction
n ’L: 1 SAGAFunction SVRGFunction



Stochastic Optimisation in CIL

» Plug and Play Framework - Different Stochastic Gradient Estimators

Algorithms
SubsetSumFunction
SGDFunction SGD Prox-SGD Acc-Prox-SGD
SAGFunction SAG Prox-SAG Acc-Prox-SAG
SAGAFunction SAGA Prox-SAGA Acc-Prox-SAGA
SVRGFunction SVRG Prox-SVRG Acc-Prox-SVRG

» Add Composite part
min f(x) 4+ g(x) + h(Ax), (PD30, Condat-Vi)




Stochastic Optimisation in CIL

» Extend to Stochastic Primal-Dual algorithms (Sum of three functions)

min f(x) + g(x) + h(Az), (PD30, Condat-Vi)

f : L-smooth, ¢ : proximable, h :composite

4 N

Tk = Prox,,(px)

Wy = 2T, — pr, — oV f(xk)
Yka1 = Prox_p. (yx — TA(wr — c A yr)
Pk+1 = Tk — an(xk) — GA*ka

o J




Stochastic Optimisation in CIL

» Extend to Stochastic Primal-Dual algorithms (Sum of three functions)

min f(x) + g(x) + h(Az), (PD30, Condat-Vi)

f : L-smooth, ¢ :proximable, h :composite

 Yurtserver et al. 2016: Gradient /

Estimators, A — I T = PI‘OXag(pk) \

wg = 2z — pr, — oV fi, (zk)
e Zhao et al. 2018 : Gradient . "
. Yk+1 = PrOX_p, = (yk — TA(”wk —cdA yk:)
Estimators, A # I

Pri1 = Tk — oV fi (Tk) — 0A YR
* Salim et al. 2022 : Variance- \_ -
Reduced Estimators, A ;é |




Stochastic Optimisation in CIL

» Extend to Stochastic Primal-Dual algorithms (Sum of three functions)

min f(x) + g(x) + h(Az), (PD30O, Condat-Va)

f : L-smooth, ¢ : proximable, h :composite

Algorithms PD30

SubsetSumFunction

SGDFunction PD30-SGD
SAGFunction PD30-SAG
SAGAFunction PD30O-SAGA

SVRGFunction PD30-SVRG




Stochastic Optimisation in CIL

. 1 2 1 - 2
min < —||Axz — d||* = — A;x — d; m = 1000, n = 100
7 (/ 9 Y
rzER™ | 2 2N 4 N
1=1 T~ : CVXpy solution
101% 103'
100 104
10*1E 1074
| = 103
=102 "w
%10 3
| —— GD T TS
10-4 —+— FISTA —— FISTA
f SGD B SGD
_s —— SGD-Decreasing 1077 SGD-Decreasing
107 . saG —=— SAG
—— SAGA 10-11 —— SAGA
107® . SGD-star —— SGD-star
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epochs Epochs

vk = Vi (xr) = Vi (27) + Vf(z7)

(*) SGD — star ( Gorbunov et al. 2020)
Thi1 = Prox.,  (Tr — YxVk)



Stochastic Optimisation in CIL
>

' A d||? \V; I
min § 2| Az — d|> + al| Val|2.1 + Iso (@)
T 2
101? A —— PDHG
102 \
5 \\ —— PD30
— \ A\ Prox-SGD
100 ' 101 -‘ \ —— Prox-SAG
| ox e ——— R \ —=— Prox-SAGA
R =y - % \y\\,\a —— Acc-Prox-SAGA
T —— FsTA e T 10 \\ \\‘ o020
X10-1 —— PDHG 2 \___ > —~— PD30-SAGA
| — PD30 =101 ~ Y
| |[=—— Prox-SGD R SN —
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10_2§ ~
10‘3é \‘N\N
10 20 30 40 50
Epochs

| —— Prox-SAG

102 —=— Prox-SAGA
| —— Acc-Prox-SAGA

| —— PD30-SAGA

20

Epochs

40

50

—3|
10 0 10

0

SPDHG
30
Dataset : 3D Lizard Dataset, n = 30, initial = FBP reconstruction, 2™ : FISTA 1000 epochs



Stochastic Optimisation in CIL

min < Z Ax — dlog(Ax +n) + of| V|21 + Liz>01 ()

X

» Extend SPDHG with three operators splitting [WIP]

SPDHG: randomness in dual update h;k (Chambolle et al. 2018)

SPDHG - 30: Split data fitting term in composite (proximal) and non-composite
(gradient) terms (Combettes et al. 2019)

m—1 n—1
f(x) =) KL(di, Aiw+m) , h(Az) = > KL(ds, Az + ;)
1=0 1=m

' 1) randomness in dual update
2) randomness in primal update ( stochastic gradient/ variance reduced estimators)



Stochastic Optimisation in CIL

min < Z Az — dlog(Ax +n) + «||Vz||21 + H{x>0}($)}

xr
10°
X
102 %
10t
= = 10°
[
| —_
X -
é g 10—1
101 1072
—— SPDHG —— SPDHG
—— SPDHG-30-SAGA 1073} —— SPDHG30-SAGA
—— PD30-SAGA —<+— PD30-SAGA
—s=— SPDHG-30-SGD 10-4 —— SPDHG30-5GD
0 20 40 60 80 100 0 20 40 60 80 100
Epochs Epochs

Dataset : Simulated 2D Thorax Slice, n =8, initial = OSEM, ™ : FISTA 1000 epochs




* CIL is an open-source Python library for solving Imaging Inverse Problems

* Special emphasis on tomography applications with challenging data sets: low-
count, non-standard geometries, incomplete, multi-channel.

* Highly flexible and modular for different imaging problems: CT, PET, MRI
* Modular design for Plug and Play Stochastic optimisation
e Simple to get started — powerful enough for large, real applications

* Website https://www.ccpi.ac.uk/CIL

* Docs https://tomographicimaging.github.io/CIL

* Discord https://discord.gg/kmBcU2kebB AT Y STRC
 Contact epapoutsellis@gmail.com AR STF@“

Coié Imaging
e ST

Thank you! Questions? CURM


https://www.ccpi.ac.uk/CIL
https://tomographicimaging.github.io/CIL
https://discord.gg/kmBcU2kebB
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Lizard: Absolute difference
from optimal

horizontal y

horizontal y

horizontal y

0

80

0

0

80

PDHG vs Optimal
direction: vertical, slice: 40

o 10 20 30 40 50 60 70 80

horizontal_x

SAGA vs Optimal
direction: vertical, slice: 40

] 10 20 30 40 50 &0 T0 80

horizontal_x

SPDHG vs Optimal
direction: vertical, slice: 40

o 10 20 30 40 50 60 T0 80

horizontal_x

0.004

0.003

0.00z

0,001

0.000

0.0030

0.0025

0.0020

0.0015

0.0010

0.0005

0.0000

0.0016

0.0014

0.0012

0.0010

0.0008

0.0006

0.0004

0.0002

0.0000

horizontal y

horizontal y

horizontal y

0

0

0

SAG ws Optimal
direction: vertical, slice: 40

o 10 20 30 40 50 (] 70 80

horizontal_x

Acc-SAGA vs Optimal
direction: vertical, slice: 40

o 10 20 30 40 50 &0 T 80

horizontal_x
PD30-SAGA vs Optimal
direction: vertical, slice: 40 1le—6
o 10 20 30 40 50 60 Ta 80
horizontal_x

0.0030

0.0025

0.0020

0.0015

0.0010

0.0005

0.0000

0.00030

0.00025

0.00020

0.00015

0.00010

0.00005

0.00000




Thorax: Absolute difference
from optimal

SPDHG vs Optimal
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