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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 (PETĄPET & MRIĄCT) 

PET quantification (attenuation, scatter & PVE correction)

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 é

Beyond pretty images é



Principles of x -ray CT scanning

sinogram



Image reconstruction from projections
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Advances in CT image reconstruction

Thin-slice FBP            ASIR        Statistical           Deep learning

Linear (mostly)   Image domain              (full MBIR)         requires training

Seconds       A bit longer               Much longer     fast

(Same sinogram, so all at same radiation dose)

The nonlinear reconstructions appear to have ñbetteròimage quality ...

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:

V Nuclear spin

V Strong external magnetic field

V Resonance (typically radio-frequency range)

V Switchable field gradients to encode position

MRI is muliparametric by nature ïmany different contrasts (sequences) possible

Multiparametric brain imaging using MRI
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b+

PET principles

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

Isotope T1/2 Eb+        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 
 



Historical  development  of PET

Sanaat et al. Ann Nucl Med (2023)



Badawi et al (2019) J Nucl Med 290 MBq injected, 82 min uptake

Total -body PET: Towards  systemic  medicine



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



Primary tumor in a patient with NSCLC

SUVmax,bw = 9.87

Take SUVmaxas an exampleé

Aim for improved  PET quantification

Primary tumor in a patient with NSCLC

Ainj (Bq) / W (g)
=

Cmax (Bq/cc)
SUVmax

0

0.5

1

1.5

2

2.5

3

3.5

1 2 3 4 5 6 7

Week

S
U

V

Responder

Patient alive 20 
months
after end of 
chemotherapy

0

1

2

3

4

5

6

7

8

1 2 3 4 5 6 7

Week

S
U

V

Non-responder

Patient 
survived 2 
months
after end of 
chemotherapy

W
e

e
k
 1

W
e

e
k
 7

W
e

e
k
 1

W
e

e
k
 7



Higher -order  PET metrics  - Radiomics



Higher -order  PET metrics  - Radiomics



Artificial intelligence in medical physics

A. Turing
Learning machines

1950

Datmouth  
Conference

1956

é

1957

Perceptron

20211985

Stanford Cart

1997

IBM deep  blue

2006

Deep  learning

2014

Deep  face

2016

AlphaGo

Linac g-camera Dual -source CT PET-LinacTomotherapy PET/MRIb+ 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

Clinical Radioiogy, UK workforce census 2023 report 



Why do we need AI in medical imaging?

A 43-y-old man with equivocal findings on anatomic MRI underwent additional 
18F-FET PET for further diagnosis of a suspected glioma.

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

A The baseline 18F-FET PET was subsequently analyzed using the AIïbased segmentation

tool JuST_Brain-PET. Surprisingly, a 2nd lesion in the frontoparietal region, not segmented by

the expert, was identified by the AI algorithm (B).





AI impacting  multimodality  medical  imaging



Deep learning -guided  estimation of DOI

Sanaat and Zaidi (2020) Appl Sci

Pixelated crystals Monolithic crystal

DB
A

511 keV

XTRIM-PET



Deep learning -guided  estimation of DOI

Sanaat and Zaidi (2020) Appl Sci

Anger MLP

f=1.25, d=2.5 mm           f=1.0, d=2.0 mm        f=0.75, d=1.5 mm f=1.25, d=2.5 mm       f=1.0, d=2.0 mm        f=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
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Deep learning -guided  low -dose/fast CT/PET/MRI

Liao et al. (2023) Cell Rep Med



DL-guided  elimination  of overscanning in CT

Salimi et al. (2021) Insights Imaging



Scan range optimization

Salimi et al. (2021) Insights Imaging

Overscanning occurred in 99% and 95% 

of cases in superior and inferior directions

Error (mm) from the desired coverage 

in the inferior direction

Error (mm) from the desired coverage 

in the superior direction



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 Ą unintepretable 2 Ą poor        3 Ą adequate        4 Ą good           5 Ą excellent 



DL-guided sparse view CT reconstruction

Sun et al. (2024) Comput Meth Prog Biomed



DD-Net LRR-CED(U) CLReconNet Ours Reference 
(ADMIRE)

DL-guided sparse CT reconstruction

DD-NET Ą Zhang et al. (2018) IEEE Trans Med Imaging 37:1407-1417

LRR-CED (U)Ą Kandarpa et al. (2022) Phys Med Biol 67:155007

CLRecoonNetĄ Guo et al. (2022) 7th Int Conf Image Form in X-Ray CT. SPIE, pp 130-136

Reduction to (384 projection views, 1/6 sampling rate)

Lung window [ -1000 HU, 200 HU]Abdomen window [ -100 HU, 240 HU]

Difference images  [-200 HU, 200 HU]

Sun et al. (2024) Comput Meth Prog Biomed



DL-guided sparse CT reconstruction

Sun et al. (2024) Comput Meth Prog Biomed



Generation of ULDCT images

ÅGenerate low-dose (~ 2 mAs) CT images through sampling raw data

Adding scanner 

specific noise using 

Siemens Recon tool

Low-dose (~2 mAs) CTFull-dose CTAC

Salimi et al. (2024) SCR



Assessment of image quality in CT

Salimi et al. (2024) submitted



Transformer model ðSwinUnetR V2

Hatamizadeh et al, MICCAI (2023)

VNumber of parameters : 18.3468M

V Input: 96 × 96 × 96 voxels

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

VSliding window inference on unseen cases

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

VPET images corrected using predicted CT-based attenuation correction

Output



ULDCT-1% Original CTAC SwinUnetR V2

Low-dose CT for PET attenuation correction

Salimi et al. (2024) SCR

SUV bias  7.59% 0.44%

0.11 mSv 3.1 mSv 0.11 mSv



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



NeuroMix

Sprenger et al., NeuroMix-A single-scan brain exam, Magn Reson Med (2022)

Deep learning -guided  fast  MR imaging

ÅA motion -robust sequence using echo-planar imaging and fast

spin echo readouts.

T1w, T2w, SWI, DWI, and T2-FLAIR scan in 2:30 min



46

Å350 clinical 3T studies including NeuroMix and conventional
MRI Images were included .

ÅTrain /validate/ test set size was 245 / 35/ 70 patients

Deep learning -guided  fast  MR imaging



Swin UNETR architecture

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



Deep learning -guided  fast  MR imaging

Sanaat et al. (2024) submitted

Neuromix  Conv seq     DL    CV - NE    CV - DL Neuromix  Conv seq    DL      CV - NE    CV - DLNeuromix  Conv seq    DL     CV - NE    CV - DL



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) ECRô2021

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



CT image CNN Segmented lungs / COVID lesions

DL-based segmentation of COVID -19 lesions

Pathogens 

VMild 

VModerate

VSevere 

Centers

VUSA

VChina

VRussia

V Italy

V 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  anthropomorphic  models

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



Automated  generation  of anatomical  models

Xie and Zaidi (2019) Eur Radiol

Proposed CNN model for automated segmentation

of pregnant patientsôCT images



Automated  generation  of anatomical  models

Xie and Zaidi (2019) Eur Radiol



DL-based segmentation of CT images

Salimi et al. (2024) under revision



DL-based segmentation of CT images

Salimi et al. (2024) under revision



DL-based segmentation of CT images

Salimi et al. (2024) under revision


