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Outline
Advances in multimodality medical imaging

Why artificial intelligence in multimodality imaging?

Promise of AI in multimodality medical imaging

Summary and future perspectives

PET instrumentation (event positioning & TOF)

Low-dose CT/PET/SPECT imaging (chest/brain/WB/cardiac)

Medical image segmentation (CT and PET)

Cross-modality image conversion (MRICT) 

Quantification (attenuation & scatter correction in PET)

Computational modeling and radiation dosimetry

Prognostic modeling and outcome prediction



From 2-D to 5-D multimodality imaging

5-D PET/CT

2-D projections

3-D CT

4-D CT

4-D PET

3-D PET

Zaidi H. Navigating beyond the 6th dimension: A challenge in the era of multi-parametric molecular imaging (2009) EJNMMI 36: 1025-28

Navigating beyond the 5th dimension …

Beyond pretty images …



Molecular Imaging: sensitivity vs resolution
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Principles of x-ray CT scanning

sinogram



Image reconstruction from projections
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Magnetic Resonance Imaging

Major ingredients:

 Nuclear spin

 Strong external magnetic field

 Resonance (typically radio-frequency range)

 Switchable field gradients to encode position

MRI is muliparametric by nature – many different contrasts (sequences) possible

Multiparametric brain imaging using MRI



+

PET principles

[18F]-fluoro-2-deoxy-D-glucose

Isotope T1/2 E+        Resolution 
 

 (MeV) (mm FWHM) 
11

C 20 min 0.96 0.188 
13

N 10 min 1.2 0.282 
15

O 122 sec 1.7 0.501 
18

F 110 min 0.64 0.102 
64

Cu 12.8 h 0.65 0.104 
68

Ga 68 min 1.9 0.58 
82

Rb 76 sec 3.4 1.27 
 bins

angle

sinogram



1903
Bequerel & Curie

radioactivity

1957
Anger

-camera

1998
Townsend & Nutt
PET-CT

1935
de Hevesy

tracer principle

1953
Brownell/Aronow
Positron imaging

1932
Anderson
Positron

1937
Segre & Perrier

Tc-99m

Molecular imaging timeline
The Big
Bang

Early 70s
Ter-Pogossian& Hoffman

PET

1929
Lawrence
Cyclotron

1959
Kuhl
SPET

1990
Hammer
PET-MRI

1951
Cassen

Rect. scanner

1958
Tucker & Richards
Tc-99m generator

1991
Hasegawa
SPECT-CT



Scout Spiral CT PET PET/CT

Principles of PET/CT



Commercial whole-body PET/MRI systems
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Clinical applications of PET/MRI

MRI PET-MRIPET



Artificial intelligence in medical physics

A. Turing
Learning machines

Datmouth
Conference

Perceptron

Stanford Cart

IBM deep blue

Deep learning

Deep face

AlphaGo

Linac -camera Dual-source CT PET-LinacTomotherapy PET/MRI+ imaging Explorer



Radiologists not only provide reports but

are involved in clinical decision-making or

provide clinical decisions

Why do we need AI in medical imaging?

We are likely to see that many operator-dependent tasks

will become increasingly automated to address staff

shortages and the increasing demand for medical

imaging examinations in an ageing population.

UK consultant radiologist supply and demand

Clinical Radioiogy, UK workforce census 2019 report 

Radiologists focus on difficult cases

Increasingly automated diagnosis of routine

cases supported by clinical support systems

Closing the gap



AI/ML/CAD devices by FDA’s product areas

https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-and-machine-learning-aiml-enabled-medical-devices

https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-and-machine-learning-aiml-enabled-medical-devices


Artificial intelligence impacting radiology



Arabi et al. Med Phys (2018)



Deep learning-guided estimation of DOI

Sanaat and Zaidi (2020) Appl Sci



Deep learning-guided estimation of DOI

Sanaat and Zaidi (2020) Appl Sci

Pixelated crystals Monolithic crystal

DB
A
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XTRIM-PET



Deep learning-guided estimation of DOI

Sanaat and Zaidi (2020) Appl Sci

Anger MLP

=1.25, d=2.5 mm =1.0, d=2.0 mm        =0.75, d=1.5 mm =1.25, d=2.5 mm =1.0, d=2.0 mm        =0.75, d=1.5 mm



Generation of TOF-PET from non TOF-PET

Sanaat et al. (2022) Hum Brain Mapping



Generation of TOF-PET from non-TOF-PET

Sanaat et al. (2022) Hum Brain Mapping



Generation of TOF-PET from non TOF-PET

Sanaat et al. (2022) Hum Brain Mapping
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Deep learning-guided low-dose CT imaging

Shiri et al. (2021) Eur Radiol



Deep learning-guided low-dose CT imaging

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

Parameters Full-dose CT Low-dose CT

CTDIvol (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



Deep learning-guided low-dose CT imaging

Shiri et al. (2021) Eur Radiol

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



Deep learning-guided low-dose CT imaging

Shiri et al. (2021) Eur Radiol

1  unintepretable 2  poor        3  adequate        4  good           5  excellent 



Shiri et al. (2022) Int J Imaging Syst Technol

DL-based segmentation of COVID-19 lesions



DL-based segmentation of COVID-19 lesions

Clinical routine

Time-consuming

Labor intensive, inter/intra-observer variability

High variability and complex manifestations

Shiri et al. (2021) ECR’2021
Shiri et al. (2022) Int J Imaging Syst Technol



CT image CNN Segmented lungs/COVID lesions

DL-based segmentation of COVID-19 lesions

Pathogens 

 Mild 

 Moderate

 Severe 

Centers

 USA

 China

 Russia

 Italy

 Iran

AI-based solution



Radiologist Segmentation AI Segmentation

DL-based segmentation of COVID-19 lesions

Shiri et al. (2022) Int J Imaging Syst Technol



Radiologist Segmentation AI Segmentation

DL-based segmentation of COVID-19 lesions

Shiri et al. (2022) Int J Imaging Syst Technol



25w-gestation 30w-gestation Thorax-abdo Non-human primate

Computational pregnant female phantoms

Xie and Zaidi Eur J Nucl Med Mol Imaging (2016) Xie et al. (2020) Med PhysXie et al. (2019) Med Phys



H

Automated generation of anatomical models

Xie and Zaidi (2019) Eur Radiol



Automated generation of anatomical models

Xie and Zaidi (2019) Eur Radiol

Proposed CNN model for automated segmentation

of pregnant patients’ CT images



Automated generation of anatomical models

Xie and Zaidi (2019) Eur Radiol



Deep learning-guided low-dose PET imaging

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging



Deep learning-guided low-dose PET imaging

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging



Deep learning-guided low-dose PET imaging

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

0.7 mm/s 

(3 min/bed)
5 mm/s 

(25 sec/bed)

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging



Deep learning-guided low-dose PET imaging

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging

1 = uninterpretable         2 = poor         3 = adequate         4 = good           5 = excellent



Deep learning-guided low-dose PET imaging

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging



Deep learning-guided low-dose PET imaging
Full dose PET Pred. PET (CGAN)Low dose PET Pred. PET (RNET)

Sanaat et al. (2021) Eur J Nucl Med Mol Imaging



CT-based attenuation correction (Reference)

Uncorrected PET Corrected PET Enhanced 
skin uptake

reduced mediastinal
uptake

Non-uniform 
liver

'hot lungs

Uncorrected PET Corrected PET

CT

CT

Pseudo CT

PET/MRI



MRI-guided AC in PET/MRI using deep learning

Arabi et al (2019) Eur J Nucl Med Mol Imaging



• Two generative adversarial cores for 

CT synthesis (SynGAN) and semantic 

structure extraction (SegGAN)

• L2-norm and cross-entropy loss 

functions

• SynGAN core contains 22 layers 

whereas SegGAN core 16 layers

• In total, DL-AdvSS  involves 

54,408,932 trainable parameters

Proposed deep convolutional neural network

Input MR

Gsyn

sCT

Reference CT

LGsyn

      

      

Dsyn

LDsyn

      

      

sCT

Gseg

Segmented sCT

Segmented Ref. CT

LGseg

      

      

Dseg

LDseg

      

      

SynGAN

SegGAN

Adversarial semantic structure learning (DL-AdvSS)

Arabi et al (2019) Eur J Nucl Med Mol Imaging

Deep learning for MRI-guided AC in PET/MRI



MRI CT      Deep learning  Segmentation  Deep learning  Segmentation

Arabi et al (2019) Eur J Nucl Med Mol Imaging

Deep learning for MRI-guided AC in PET/MRI

10 %

0 %

-10 %



Joint attenuation & scatter correction in PET

Shiri et al. (2020) Eur J Nucl Med Mol Imaging



Deep-JSAC: Implementation issues

Shiri et al. (2020) Eur J Nucl Med Mol Imaging



Deep learning compensates motion artifacts

Difference images: PET-DL – PET-CTAC

CT PET-CTAC PET-nonAC

PET-DL-2DS PET-DL-3DS PET-DL-3DP

PET-DL-2DS PET-DL-3DS PET-DL-3DP

Shiri et al. (2020) Eur J Nucl Med Mol Imaging



AI-based artifact disentanglement 

Halo Artifact• Detectability

• Diagnostic confidence 

• Quantification  SUVmean = 3.7/2.2 in PET-QA-NET/CT-ASC 

a.

b.

c.

Non-ASC PET-QA-NETCT-ASC PET-QA-NET - CT-ASC

Shiri et al. (2023) Clin Nucl Med



AI-based artifact disentanglement 

Shiri et al. Eur J Nucl Med Mol Imaging (2023)



DPFL for PET/CT image artifact correction  

68Ga-PSMA

Non-ASC CT-ASC FTL-ASC PET-QA-NET - CT-ASC

Repeated scan

Shiri et al. Eur J Nucl Med Mol Imaging (2023)



Deep learning-guided internal dosimetry

Akhavanallaf et al. (2020) Eur J Nucl Med Mol Imaging



Voxel-based internal dosimetry (MIRD)

Bolch et al. J Nucl Med (1999) 

Administered 

activity

Source

Target

  𝑣𝑜𝑥𝑒𝑙𝑘
= 𝑛=1

𝑁  𝐴𝑣𝑜𝑥𝑒𝑙𝑛
. 𝑆(𝑣𝑜𝑥 𝑙𝑘 ← 𝑣𝑜𝑥 𝑙𝑛)

Dose point kernelActivity map 3D dose map
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Deep learning-guided internal dosimetry

Akhavanallaf et al. (2020) Eur J Nucl Med Mol Imaging



Deep learning-guided internal dosimetry

Akhavanallaf et al. (2020) Eur J Nucl Med Mol Imaging



Federated learning in medical imaging

Advantages Disadvantages

CB
Local control, utilization of centre-specific data and 

expertise

Generalizability, limited access to 

large datasets, infrastructure

CZ
Easy collaboration, potential for better model 

performance
Privacy and security concerns

FL Data privacy, collaborative learning Connections 



Federated learning for PET AC/segmentation

Shiri et al. (2023) Eur J Nucl Med Mol Imaging Shiri et al. (2022) Clin Nucl Med



Federated learning for PET AC/segmentation

Shiri et al. (2022) Eur J Nucl Med Mol Imaging Shiri et al. (2022) Clin Nucl Med



Summary

Nuclear medicine physicians/Radiologists/Medical physicists who use

AI and deep learning will replace those who don’t …

AI/deep learning are producing challenges in terms of

validation/adoption in clinical setting, but also plenty of research

opportunities.

Is there a future for AI/deep learning in medical imaging? YES

If artificial intelligence is possible, so is artificial stupidity …

Wide and specific participation by industry and research communities,

planning for long term sustainability.

Imaging biomarkers are a major component of Big Data driven

medical knowledge and decision making



Take home message ...

“Machine learning works very well, and we don’t know

why it works so well. I consider that a challenge for

mathematicians is to understand it better. I believe if

something works, there is a reason. We have to find the

reason”

Prof. Ingrid Daubechies, Duke University



On the horizon …

The Wave…

… of the Future…

“Prediction is very difficult, especially if it is about the future”
Niels Bohr (1885–1962)



Distinguished professor at Óbuda University



High performance computing (Monte Carlo simulations, algorithmic

developments, optimization,…).

Advanced signal & medical image analysis and processing

Biomedical imaging instrumentation

Novel neural network architectures and applications

Applications of artificial intelligence in healthcare (other than medical

imaging, e.g. radiation therapy, modeling,…)

Clinical diagnosis, prognostic modeling, outcome prediction, …

Any research requiring expertise in imaging,AI, modeling, computing…

Potential collaborations (themes)
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Thank you!



European Workshop on Visual Information Processing

EUVIP 2024 Geneva, 8-11 Sep 2023

Geneva University Hospital

Main topics : visual information processing, analysis/interpretation and representation/coding;
Applications: Multimedia, Medical imaging, Augmented and virtual reality, Biometrics, forensics, trust/security



Thank you!

Thanks to all my colleagues, too many to mention, 

who have participated in the formulation process of 

the ideas behind this presentation

"

"Scientists are very happy people 

because their job is also their hobby"

Prof. Abdus Salem

1979 Nobel Laureate - Physics


