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« Advances in multimodality medical imaging

« Why artificial intelligence in multimodality imaging?

 Promise of Al in multimodality medical imaging

- PET Instrumentation (event positioning & TOF)
- Low-dose CT/PET/SPECT imaging (chest/brain/WB/cardiac)

- Medical image segmentation (CT and PE"
-+ Cross-modality image conversion (PETA
= PET quantification (attenuation, scatter &

)
PET & MRIA CT)
PVE correction)

~» Computational modeling and radiation dosimetry
- Prognostic modeling and outcome prediction

 Summary and future perspectives
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From 2-D to 5-D multimodality imaging I-I-n Genéve

2-D projections Navigating beyond the5""d i me n s |
3-DCT Beyond prettyi ma g e
4-D CT

WL
Qan

3-D PET

Zaidi H. Navigating beyond the 6" dimension: A challenge in the era of multi-parametric molecular imaging (2009) EJNMMI 36: 1025-28
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Principles of x -ray CT scanning Genéve
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Image reconstruction from projections Genéve

. P +0 in.s
Analytic  HCSIEECIRTARICELAGN
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Advances in CT image reconstruction Seatve

(Same sinogram, so all at same radiation dose)

Thin-slice FBP ASIR Statistical
Linear (mostly) Image domain (full MBIR)
Seconds A bit longer Much longer

The nonlinear reconstructions appear to have i b e timage goality ...
Focus on MBIR methods because image-domain methods are a black-box ...
Deep learning-based solutions are becoming a reality é



Magnetic Resonance Imaging

Major ingredients:

\Y,

\Y,
\Y,
\Y,

Hoépitaux
. . . . . . Univprsitaires
Multiparametric brain imaging using MRI I-m Genéve

Nuclear spin
Strong external magnetic field
Resonance (typically radio-frequency range)

Switchable field gradients to encode position

T2 FLAIR PSIR
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The Big , ...
Bang /

1929
Lawrence 4
Cyclotron 1935
de Hevesy
tracer principle

1903
Bequerel & Curie
radioactivity

1951
1932 Cassen
Anderson Rect. scanner

Positron
1937
Segre & Perrier
Tc-99m 1953

Brownell/Aronow
Positron imaging
g = 1958

oL Tucker & Richards
Tc-99m generator

1990
Hammer
PET-MRI

g &
1998

A Ear_ly 70s Townsend & Nutt
'd Ter-Pogossian & Hoffman PET-CT
PET 1991

Hasegawa | »=w==
SPECT-CT &3 FE

[



PET principles

Isotope Ty
e 20 min
i\ 10 min
0 | 122 sec
®F 1110 min

*Cu 12.8 h
®%Ga | 68 min
Rb | 76 sec

b+
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Historical development of PET Ceneve

[ e
1953 1969 1974 1979 1990

Dr. Brownell and Dr. Aronow First PET scanner with two planar Dr Ter-Pogossian  built  the J§First

commercial emission A schematic of the PRT-1, a rotating PET
create the first clinical arays . The patient s first positron emis:

on lransaxial jcompulenzed axial tomograph scanner developed and fabricated at the
positron imaging device positioned between the two detector: tomography(PETT) WOX i (ECAT), with hexagonal array of University of Geneva, Switzerland, A

Developed by Dr. Brownell array of Nal scintillabon det ;| detectors design with reducing 40% of the

3 "B S s used in a full ring scanner, With

single transaxal plane WO pposing 8BGO block detactors that

L g S "rl f '~ - rolated around the patient 1o acquire a full

-5

Wi structed  surrounding

1D image

¥

e :
Helmet-chin  PET geometry Is PET-HAT s a low-cost wearable |PEMI is a dedicated breast PET HOTPET can change its AFOV and Dedicated prostate PET with a pair of
consisting of a hemispheric-shaped beain  PET. By mechanical [Scanner constructed in a TFOV and transform from whole external curved detector modules
date and a chin detector 1o supports of the detector ring, it jPolygon  structure with LYSO body mode to brain'oreast mode dista
—

we between detector modules
Increase the sansitivity. allows scanning of subject with cr arrays mounted on

adjusts o position the leclors as
freedom of motion 4] on sensitive photomultiplier closely as possible for maxmum

- 5 v sensitivty with patients OuUs sizes
-t - { ¥ p |

——————
Dedicated brain PET system win | 2018 2019 2020 2022
dodecahedral g try with 11 Dr. Cherry and Dr. Badaw created CareMiBrain
regular pentagon tors. The the first clinical total body PET scanner

dedicaled ProsPET is a prostate T Active-PET is a multifunclic

ylindrical brain PET based inner with monolithic L ) and two with tw

different types of det or modules

overall sensitivity a fact of n monolithic crystals movable parts that open and close schanical jack to repositioning
491 increasad in con
cylindrical brain PET systery v o

M 4

Sanaat et al. Ann Nucl Med (2023)



Hopitaux
- - . Universitaires
Total -body PET: Towards systemic medicine I-m S

Badawi et al (2019) J Nucl Med 290 MBq Injected, 82 min uptake
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Principles of PET/CT
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Commercial whole -body PET/MRI systems Gentve
pHII.IpS Biograph mMR Workflow

Philips GEMINITF PET/MR

GEMINI TF PET/MR
Biograph mMR

SIGNA PET/MR
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Clinical applications of PET/MRI I-m Genéve

PET PET - MRI
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Aim for improved PET quantification

ake SUV &

max

SUVa pw= 9.87

Primary tumor in a patient with NSCLC
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Higher-order PET metrics - Radiomics Genéve

Radiomics: Images Are More than
Pictures, They Are Data’

Robert J. Gillies, PhD
Paul E. Kinahan, PhD
Hedvig Hricak, MD, PhD, Dr{hc)
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In the past decade. the field of medical image analysis has
grown exponentially, with an inereased number of pattern

recoenition tools and an increase in data set sizes. These

advances have facilitated the development of processes for
high-throughput extraction of quantitative features that
result in the conversion of images into mineable data and
the subsequent analysis of these data for decision support;
this practice is termed radiomies. This is in contrast to the
traditional practice of treating medical images as pictures
intended solely for visual interpretation. Radiomic data

contain first-, second-, and higher-order statistics. These

Radiology: Volume 278: Number 2—February 2016 « radiology.rsna.org
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Higher-order PET metrics - Radiomics Genéve
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Artificial intelligence in medical physics I-LU Geneve

IN THIS BUILDING DURING-THE-SUMMER OF 1956

JOHN McCARTHY (DARTMOUTH COLLEGE). MARVIN L. MINSKY. (MIT)

Computer

Evaluator
\J O JULD ANNNNIYEROAN

JULY 13, 2006

acC
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Why do we need Al in medical imaging? I m Genéve
The picture across the 4 nations

CR consultant sho?!ls

1any operator-dependent tasks
automated to address staff

‘v

¥ easing demand for medical
L. z 36% . .
,' N ageing population.

gf%m 4+ Closing the gap

¢ -
A58
#

Northern Ireland

21%

2023

® Increasingly automated diagnosis of routine
cases supported by clinical support systems

e Radiologists focus on difficult cases

dmﬂ
e Radiologists not only provide reports but
197 28 are involved in clinical decision-making or
0 % provide clinical decisions
shoﬂfi

Clinical Radioiogy, UK workforce census 2023 report
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Why do we need Al in medical imaging? I-m Geneve

e A 43-y-old man with equivocal findings on anatomic MRI underwent additional
BE-FET PET for further diagnosis of a suspected glioma.

® A The baseline 8F-FET PET was subsequently analyzed using the Ali based segmentation
tool JuST_Brain-PET. Surprisingly, a 2" |esion in the frontoparietal region, not segmented by
the expert, was identified by the Al algorithm (B).

A

CET1MRI

FLAIR MRI

-
18F.FET PET / \"““";‘\

Baseline

Lohmann et al. (2024) J Nucl Med Gutsche et al. (2023) J Nucl Med



Physica Medica 83 (2021) 174-183
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Contents lists available at ScienceDirect

Posaca

European Journal
of Medical Physics

.~, A Physica Medica 4 I
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R journal homepage: www.elsevier.com/locate/ejmp

ELSEVIE
POINT/COUNTERPOINT

Suggestions for topics suitable for these Point/Counterpoint debates should be addressed to Habib Zaidi, Geneva University m
Hospital, Geneva, Switzerland: habib.zaidi@hcuge.ch; Jing Cai, The Hong Kong Polytechnic University, Hong Kong: %’;,eé’," ¢ for

jing.cai @ polyu.edu.hk; and/or Gerald White, Colorado Associates in Medical Physics: gerald white @ mindspring.com.
Persons participating in Point/C ounterpoint discussions are selected for their knowledge and communicative skill. Their
positions for or against a proposition may or may not reflect their personal opinions or the positions of their employers.

Artificial intelligence should be part of medical physics graduate program
curriculum

Lei Xing, Ph.D.?
Department of Radiation Oncology, Stanford University, Stanford, CA 94305, USA,
(Tel: 650-498-7896; E-mail: lei@stanford.edu)

Steven Goetsch, Ph.D.®
San Diego Gamma Knife Center, La Jolla, CA 92037, USA,
(Tel: 858-794-8847; E-mail: steven @sdradiotherapy.com)

Jing Cai, Ph.D., Moderator

(Received 27 October 2020; revised 27 October 2020; accepted for publication 1 November 2020;
published 11 April 2021)

[https://doi.org/10.1002/mp.14587]
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Al impacting multimodality medical imaging Geneve
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Quality Control Data Detection and Quantitative
Processing and Assurance Management Quantification Image Analysis

Data Acquisition

T = N = M 3 0 = -} . o =) s = o
------------~

Fast Acquisition Data Compression

= )
Data Correction Image Quality Check
Image Enhancement Artifact Detection Privacy Preserving

Image Denoising Artifact Disentanglement Decentralized Federated Image Biomarker
Learning Standardization

Dose Reduction

Protocol Optimization

Image Registration Harmonization Report Generation

Image Reconstruction Personalized Dose
Estimation

Al in Radiology for Automation and Improvement of Framework

~-----------------------------------------------------------------------'
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3D positioning in a monolithic crystal using deep learning

PET scanner with Monolithic crystal Multi layer perception
monolithic crystal

144 4 hidden layer with 256 unit
256 256 256 256 3

Heat map

0000

Number of each pixel with its count

QPIla

Estimated 3D positions

of anhillation photons
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Deep learning -guided estimation of DOI

Radial distance
Axial distance (mm)

2 .
. 2
Spatial resolution (mm) ) Spatial resolution (mm)
mAnger mMLP mAnger mMLP
Anger MLP
f=1.25, d=2.5 mm f=1.0, d=2.0 mm f=0.75,d=1.5mm {=1.25, d=2.5 mm f=1.0, d=2.0 mm f=0.75, d=1.5 mm

Sanaat and Zaidi (2020) Appl Sci



Generation of TOF-PET from non-TOF-PET I-m Geneve

Projection space

sinogram

\ Separate DNN
models

TOF
sinograms

,;‘
W |

non-TOF
Predicied

Sanaat et al. (2022) Hum Brain Mapping

Hopitaux
Unlver5|ta|res

Image space

non-TOF
Image

' Single DNN

model
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Generation of TOF-PET from non TOF-PET I-m Genéve

Ref. TOF-PET
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IS TOF-PET

SS TOF-PET

Sanaat et al. (2022) Hum Brain Mapping
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Deep learning -guided low -dose/fast CT/PET/MRI % Genve

Input Reconstruction approach

MRI/CT/PET Deep learning

CNN

DenseUNet -

Feedback-Net

Deep-IR

Challenges

Long time

High dose
Radiation

Iterative reconstruction
side effects

Liao et al. (2023) Cell Rep Med
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3D CT Axial

" Dicom Images -
\ 20000 Patients /

i l & i — / Generating Generating AP
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Overscanning ! £ for Lung Segment the
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Lung Scanning

Scenario 2: Human
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Scenario 3: Deep
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and ED
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Range Selection
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”

Salimi et al. (2021) Insights Imaging



Error (mm) from the desired coverage

SCan range Optimization - hejinfenior di:rection |

Bl Human Inferior

M Deep AP Inferior
-Daop Lateral Inferior
M 8oth inferior

Overscanning occurred in 99% and 95%
of cases in superior and inferior directions

Organ and ED due to Superior Overscanning

Over Scanning lentgh (mm)

Total Body |
Thyroid
Thymus
Skin

Skoloton |
Salivary Glands | |
Red Bone Marrow e - .i H
Orat Mucosa ) C2 C3 C4 C5 C6 C7 C8 C9 cC10 DI
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Lo odal Center
Eye |
Extrathoracic Region |
Esophagus |
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Human Superior
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70

Organ and ED due to Inferior Overscanning

]

Taenl Body
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g

Stomach

Small Intestine

3

Seefeton

Prostate

g

M3

Over Scanning lentgh (mm)

; il
= Bas 122118 a8

5 6
Dose (mSv)

Lower Large Intosfine

idneys
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Center

Salimi et al. (2021) Insights Imaging
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Deep learning -guided low-dose CT imaging I-m Geneve

Low-dose CT

Predicted high-dose CT

[ 13x3x1 Conv, 16 Kernel Batch Normalization LRelLU -Batch Normalization LRelLU 3x3x1 Conv, 16 Kernel
Batch Normalization LRelLU 3x3x1 Conv, 32 Kernel, 2 Dilation Batch Normalization LReLU 3x3x1 Conv, 64 Kernel, 4 Dilation
 —y—
B softvax - - e Residual

Conv: Convolution, LReLU: Leaky RelLU,

Acquisition parameters of full-dose and low-dose chest CT protocols of COVID-19 patients.

CTDI, (MGy) 6.5 (4.16-10.5)  0.72 (0.66-1.03)

Voltage (kVp) 100-120 90
Tube current (mA) 100-150 20-45
Pitch factor 1.3-1.8 0.75

Shiri et al. (2021) Eur Radiol
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Deep learning -guided low-dose CT imaging I-I-s Geneve

Full-dose Low-dose Predicted full-dose Full-dose Low-dose Predicted full-dose

Shiri et al. (2021) Eur Radiol
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Deep learning -guided low-dose CT imaging I-m Genéve

Quality LesionType
Excellent P
Good

Adequate

Poor

B Uninterpretable

-
c
@
o
-
[+

Q.

15.0%

_ =] 7.5%

% 7.5%
Full-Dose Low-Dose Predicted FD Full-Dose Predicted FD

1 A unintepretable 2 A poor 3 A adequate 4 A good

5 A excellent

Shiri et al. (2021) Eur Radiol



DL-guided sparse view CT reconstruction

Full projections

Sparsely
sampled
sinogram

Forward
projection

image domain projection domain (Sino-Net)

DD-Net: DenseNet and deconvolution-based network  Conv(1): convolution, kernel size 1, stride 1, padding 0

RLFB: residual feature distillation block Conv(7): convolution, kernel size 7, stride 3, padding 0
Conv(3): convolution, kernel size 3, stride 1, padding 1
Conv(3,2): convolution, kernel size 3, stride 2, padding 0

Sun et al. (2024) Comput Meth Prog Biomed

™= Hopitaux
!

Universitaires
Genéve

output

image domain (Img-Net)

ReLU: Rectified Linear Unit
LReLU: leaky ReLU, negative slope 0.05
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Reduction to (384 projection views, 1/6 sampling rate)
DD -Net LRR-CED(V) CLReconNet Ours Reference

r"\! Yw”i\i

Abdomen window [ -100 HU, 240 HU]

Difference images [-200 HU, 200 HU] DD-NET A Zhang et al. (2018) IEEE Trans Med Imaging 37:1407-1417
LRR-CED (U) A Kandarpa et al. (2022) Phys Med Biol 67:155007
Sun et al. (2024) Comput Meth Prog Biomed CLRecoonNet A Guo et al. (2022) 7th Int Conf Image Form in X-Ray CT. SPIE, pp 130-136
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DL-guided sparse CT reconstruction Geneve

Confidence Conspicuity

Count
Count

Hqunsﬁeld Unit

LRR-CED(U) ours

—— C(CLRecon

—— DD-Net reference | I I I

ClL Ruon
rcfcrulu
Cl Rumn
reference

10 20 30 40 50 60 70 80
Distance (in pixels)

Overall image quality

) Unacceptable
FBP

B I Poor
SART Average
SIRT I I I High
CGLS Excellent
DD-Net 51
LRR-CED(U)
CLRecon
ours s
reference I l._l

04 M-

Noise (HU)

CLRecon
rcfcrulu

LRRCED(U)

Sun et al. (2024) Comput Meth Prog Biomed
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A Generate low-dose (~ 2 mAs) CT images through sampling raw data

Full-dose CTAC

Low-dose (~2 mAs) CT

Adding scanner
specific noise using
Siemens Recon tool

Salimi et al. (2024) SCR
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Salimi et al. (2024) submitted
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Transformer model dSwinUnetR V2
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4
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!
1 Linear Norm
]
1
I

52)
i t

Bottleneck Fealure,’

e s e ol /
Concatenation
/

Linear Norm

I

I

I

|

[}
A

-\
-

Patch Merging Swin Transformer Block

V Number of parameters : 18.3468M

V Input: 96 x 96 x 96 voxels

V Data loader: 2 mm isotropic, -1000 to 2000 HU.

V Sliding window inference on unseen cases

V Internal five-fold cross-validation then ensembling on external cases

V PET images corrected using predicted CT-based attenuation correction

Hatamizadeh et al, MICCAI (2023)
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Low-dose CT for PET attenuation correction I-m Geneve

ULDCT-1% Original CTAC SwinUnetR V2

0.11 mSv 31mSv  0.11 mSv

SUV bias 7.59% 0.44%

Salimi et al. (2024) SCR
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Deep learning -quided low-dose PET imaging I-LU Geneve

o
: _sfﬁ s --';3
\;I . A
LD Reference FD Predicted
. 3x3 Conv, 16 Kernel | Batch Normalization LRelLU . Batch Normalization ‘ LRelU ’ 3x3 Cony, 16 Kernel
Batch Normalization LRelLU ‘ 3x3 Conv, 32 Kernel, 2 Dilation . Batch Normalization | LReLU ’ 3x3 Conv, 64 Kernel, 4 Dilation
ﬂ ‘Jl
1x1 Conv, 160 Kernel ‘ SoftMax )
w w= =@ Residual

Conv: Convolution, LReLU: Leaky RelLU,

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging
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Deep learning -quided low-dose PET imaging I-m Geneve

Low-dose CT Full dose PET  Low dose PET Pred. PET (RNET) Pred. PET (CGAN)

3074 HU =

-1024 HU

0.7 mm/s
(3 min/bed) (25 sec/bed)
Sanaat et al. (2021) Eur J Nucl Med Mol Imaging




Hopitaux
Universitaires

Deep learning -quided low-dose PET imaging Al Cenéve

Zone 1 (Brain) Zone 2 (Neck+Trunk)
2.6 3.08

A

I. [ S——

FD LD RNET CGAN

FD LD RNET CGAN
® uninterpretable poor adequate w»good wexcelient

= uninterpretable = poor adequate mgood wmexcellent

Zone 1 (Brain) Zone 2 (Neck+Trunk)

= l I ]
LD

LD RNET
u Failed = Accept » Failed » Accept

FD RNET CGAN

2 = poor 3 = adequate 4 =good

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging
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Deep learning -quided low-dose PET imaging % Geneve
FD=115 LD=82 RNET=92 CGAN=111

0.51.5 1.5-2.5 2.5-3.5 3.9-4.5 4.5-5.5 >35.5
SUV subgroups
FD =LD =RNET = CGAN

)
c
=
?
2
b
o
—
®
o
£
S
<

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging
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Deep learning -quided low-dose PET imaging Geneve

Full dose PET Low dose PET Pred. PET (RNET) Pred. PET (CGAN)

_— ° =5

g 4
fa A

+1.96 SD = 0.80

4+1.96 SO = 0.86

Mean = 0.12

+196SD=-048

+1.96 SD = 0.57

+1.968D=-0.71

2 4 ’ 2 P s 2 4 6
Mean of FD and LD Mean of FD and RNET Mean of FD and CGAN

®Lung R Lung L Uver eLung R Lung L Uver Brain eLung R Lung L Liver Brain

= +1.96 8D = 0.86
L J

0L30 SD =0.65 e®

Ll
® AN T et S

&

e +1.96 8D =-0.1
o

5

FD - RNET
FD - CGAN

+1.96 SD =-0.36

8 10 12 6 8 10 ¢ B 10 12

Mean FD and LD Mean FD and RNET Mean FD and CGAN

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging
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Deep learning -guided fast MR imaging I-m Geneve
NeuroMix

A A motion-robust sequence using echo-planar imaging and fast
spin echo readouts.

Tiw, T2w, SWI, DWI, and TZFLAIR scan in 2:30 min

2
5
L
N
—

Clinical NeuroMix Clinical NeuroMix Clinical NeuroMix
T2w PROPELLER ~ T2w SSFSE T1-FLAIR 3D-FSE ~ T1w 3D-EPI T2-FLAIR 3D-FSE  T2-FLAIR SSFSE
3:07 min 0:15 min 4:56 min 0:23 min 4:08 min 0:24 min

Sprenger et al., NeuroMix-A single-scan brain exam, Magn Reson Med (2022)
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Deep learning -guided fast MR imaging I'IL Geneve

A 350 clinical 3T studies including NeuroMix and conventional
MRI Images were included .

A Train /validate/ test set size was 245/35/70 patients

SIGNA™ 3T MRI

Neuromix Protocol

Conventional Protocol
~ 731 sec
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Swin UNETR architecture Genéve

NeuroMix Conventional
Sequence .

4 2
HxWxZx12 HXW x Z

Deconv —p

Hidden feature i
Bottleneck feature @

Swin Transformer Block

- Block -
—x—wx—xgé * MLP Linesr Norm| u N-MSA [Linear Norm
J | r Nor | W-N iLinear Norm s
16 16 16 r V nes ormg | w nearN

| [ |
0? MLP ILinear Norm§ ﬁ SW-MSA  MLinear Normi=
|| | I |

Overview of the Swin UNETR architecture. The input to the model is a 3D NeuroMix MRI image volume, with different
models trained for T1, T2 and FLAIR separately. The SwinUNETRcreates non-overlapping patches of the input data and
uses a patch partition layer to create windows with a desired size for computing the self -attention. The encoded feature
representations in the Swin transformer are fed to a CNN -decoder via skip connections at multiple resolutions. For
training, the output of model was the corresponding conventional sequence with higher resolution

Sanaat et al. (2024) submitted
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Pathogens
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Original CT images Manual segmentation Automatic segmentation

Input (CT images)

Qutput {segmentad atlas)
Ix3x3 conv3D, BN + RelU
2x2%2 pooling

2x2%2 Upsampling
Concatenate

Xie and Zaidi (2019) Eur Radiol



Hopitaux
Universitaires

Automated generation of anatomical models Nl Cente

Manual segmentation Automatic segmentation Manual segmentation

'
R
-

Xie and Zaidi (2019) Eur Radiol



DL-based segmentation of CT images

Salimi et al. (2024) under revision
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Atlas BK Dataset
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Salimi et al. (2024) under revision
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Salimi et al. (2024) under revision



