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The main character
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Tomographic JD images




Gamma emitters: gammacamera




Gamma emitters: gammacamera

Detectors

(typically Nal crystals)




Gamma emitters: gammacamera
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Gamma emitters: gammacamera
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beta+ emitters: PEI scanner

Detector Rings

N https://radiologykey.com/basics-of-pet-scanning/



beta+ emitters: PEI scanner

Annihilation
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PET raw data:

Sinogram

beta+ emitters: PEI scanner
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Radiation detection

NM images lifecycle
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NM images lifecycle

PET time resolution

detection efficiency

intrinsic spatial resolution
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NM images lifecycle

Radiation detection

* Time resolution

* Intrinsic detector
resolution

Imaging
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NM images lifecycle
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Upen challenges

Radiation detection

* Time resolution

* Intrinsic detector
resolution

spatial resolution

denoising

Partial Volume Effect correction @

Imaging

@
image quality improvement

injected activity reduction

acquisition time reduction

quantification, harmonization
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Radiation detection

* Time resolution

* Intrinsic detector
resolution

Imaging

» Acquisition

* Reconstruction
* Registration

* Enhancement
* Harmonization

NM images lifecycle
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Radiation detection

* Time resolution
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Imaging
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Detection &
segmentation

L E B B B BB BEEEBEREESEEEREBREEENREENHN.

Upen challenges

Automatic detection

Automatic seqmentation

_J

Applications of artifcial intelligence in nuclear medicine https://doi.org/101016/j zemedi. 2026 04 004



Radiation detection

* Time resolution

* Intrinsic detector
resolution

Imaging

» Acquisition

* Reconstruction
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* Enhancement

* Harmonization

NM images lifecycle

Detection &
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» Organs |f
* Lesions
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Image-based biomarker
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Radiology

2016

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

Robert J. Gillies, PhD
Faul E. Kimahan, PhD
Hedvig Hricak, MD, PhD, Dr{hc)




NM images lifecycle
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(radiomics and beyond)
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Direct parametric reconstruction
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Radiation detection

* Time resolution
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resolution
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Image-based biomarker

« Semiquantitative
parameters

* (Physiologically-based)
pharmacokinetic model
parameters

* (Deep-) Radiomics

predictive models

for clinical endpoints
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Classification

Prediction of treatment response

survival prediction

Additional diagnostic information

l Spleen '
l Liver I
I Kidney l

:
:

_J

\( Applications of artifcial intelligence in nuclear medicine https://doi.org/101016/j zemedi. 2026 04 004



Classification

Prediction of treatment response

:
:

survival prediction

Additional diagnostic information

A

'0
[herapy planning ©

Absorbed dose calculation

_J

bl
fanene
\(

Applications of artifcial intelligence in nuclear medicine https://doi.org/101016/j zemedi. 2026 04 004



soose?® s b
time resolution (10F) v imaqe qualit mprovemer
detection efficiency njected activity reduction
intrinsic spat\a\ resolution acquisition fime reduction
(\uar\m\m\'\m, harmonization

Agkomatic eylraction

of quar\\'\mt’we pamme&ers

s and beyond)

v

(radiom!

\\avmon‘\m’\or\

Accuracy

Direct parame&r‘\c (emr\s\md\on

spatial resolution

denoising

ARTIFICTAL
NTELLIGENCE

N




The evolution of Artificial Intelligence in Nuclear Medicine
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& INTRINSIC DETECTOR RESOLUTION IMPROVEMENT
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& INTRINSIC DETECTOR RESOLUTION IMPROVEMENT

Monolithic crystal

tither improve detectors or..

Learn from data

—

Monte Carlo simulation of the
signal produced by point sources at
ditferent (known) positions x, , z
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DepMchon Estimation in a Preclinical PET Scanner Equipped with Monolithic Crystals Coupled to SiPMs Using a Deep Neural Network doi-10.3390/app 10144753
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& INTRINSIC DETECTOR RESOLUTION IMPROVEMENT
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& INTRINSIC DETECTOR RESOLUTION IMPROVEMENT
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Reconstruction
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& IMAGE ACQUISITION

Al trained to recover missing information from sparse data:

OPECT: shorter time per angle / lower number of projections

PET: shorter time per bed position / faster bed movement

DYNAMIC SCANS: shorter frame duration

ALL: reduced injected activity
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& IMAGE ACQUISITION
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Noisy raw data

projections/sinogram
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& IMAGE ACQUISITION

Noisy raw data

projections/sinogram

Reconstruction

---------- &

Noisy / low quality

Images|
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& IMAGE ACQUISITION

Noisy raw data

projections/sinogram

Al-based
projection-domain

completion

Reconstruction

-------- 12

Restored quality

Images
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& IMAGE ACQUISITION

Real data:
Ly-DOTATATE SPECT

120 projections

_J

Deep—[eamrahon of Synthetic Intermediate Projections Improves 17/Lu SPECT Images Reconstructed with Sparsely Acquired Projections 10.276//jnumed 120.245548
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& IMAGE ACQUISITION

Real data:
Ly-DOTATATE SPECT

120 projections
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& IMAGE ACQUISITION
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IMAGE ACQUISITION
/ Convolutional Neural Network (CNN)

@ | Inputimage | Conv. (3x3x3) + RelU Max Pooling [ 3 Copy & Concat.

| Up-Conv. (3x3x3) + RelLU Conv. (1x1x1) | Output image (SIPs)
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IMAGE ACQUISITION
/ Convolutional Neural Network (CNN)

| Inputimage | Conv. (3x3x3) + RelU Max Pooling [ 3 Copy & Concat.
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& IMAGE ACQUISITION

4 l’ ' | ’ .. I <: Measured projections
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& IMAGE ACQUISITION
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& IMAGE ACQUISITION

dimilarly,
in case of PEI.
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& IMAGE ACQUISITION
dinogram-to-sinogram CNN pipeline
S| mi |ar\y, Physics-Informed Deep Learning Pipeline for PET Sinogram Denoising

in case of PEI..
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& IMAGE ACQUISITION

—

dimilarly, Count-level Correction
1 case of DT Kaw sinogram data suffers from statistical randomness and scatter. Al models fike [-Nets
process this raw data to synthesize high-quality sinograms before traditional iterative
reconstruction (e.q, SEM) begins
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dimilarly,
in case of PEI.

& IMAGE ACQUISITION

—

Count-level Correction

Kaw sinogram data suffers from statistical randomness and scatter. Al models like U-Nets
process this raw data to synthesize high-quality sinograms before traditional iterative
reconstruction (e.q, SEM) begins

Physics Integration

By constraining the network with PE[ system matrices {incorporating parameters like
positron range and point spread function) algorithms ensure that noise suppression
respects physical limits.
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& IMAGE ACQUISITION

Physics-informed framework #v
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IMAGE ACQUISITION
d Physics-informed framework g

1 Ihe Physics-Informed Loss Funcion (Poisson Noise Lonstraints)

The Problem:

Standard neural networks rely on Mean
Squared trror (MOE), which treats all pixel
errors equally. However, PEl and Ul
sinograms follow Poisson distribution
statistics because they count discrete
photon arrivals.

Y
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& IMAGE ACQUISITION
Physics-informed framework |3

1 Ihe Physics-informed Loss Function (Foisson Noise Lonstraints)

The Problem: The Physics Inteqration:

Standard neural networks rely on Mean The Al model is trained with a specialized loss function

Squared trror (MOE), which treats all pixel Ihis mathematical constraint ensures that the Al's predicted sinogram
errors equally. However, PEl and Ul values strictly comply with the expected physical quantum noise
sinograms follow Poisson distribution distributions of a real low-dose scan, preventing the model from
statistics because they count discrete blurring away real anatomical structures or generating fake details
photon arrivals. (allucinations|

Y
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IMAGE ACQUISITION
d Physics-informed framework g

Z Loop-Unroling & he Forward Projection Operator (System Matriy)

The Problem:

Pure data-driven networks do not
understand that a sinogram is a collection
of 1D projections taken at various angles
around a JD) object
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& IMAGE ACQUISITION
Physics-informed framework |3

Z Loop-Unroling & he Forward Projection Operator (System Matriy)

The Problem: The Physics Inteqration:

Pure data-driven networks do not In an unrolled netwark framework (fike Learned Primal-Dual (LPD) or
understand that a sinogram s a collection lug-and-Play (P&P) frameworks), the network layers alternate

of 1D projections taken at various angles between data-driven denoising blocks and physical projection layers
around a JD) object
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& IMAGE ACQUISITION
Physics-informed framework |3

Z Loop-Unroling & he Forward Projection Operator (System Matriy)

The Problem: The Mechanism:

Pure data-driven networks do not | | o _
urdertand that 2 snagra s 2 colecion he algorithm applies a Forward Projection Operator ~the exact

of 1D prjections taken at various ange physical system matrix of the PE[ or T scanner. This projects
around 3D object the data back and forth between image space and sinogram

Space.
4
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& IMAGE ACQUISITION
Physics-informed framework |3

Z Loop-Unroling & he Forward Projection Operator (System Matriy)

The Problem: The Mechanism:

Pure data-driven networks do not

onderstand that a sinogram s 3 collection The network evaluates whether the newly generated sinograr
of 1D projections taken at various angles physically matches a valid anatomical structure. If a predicted
around a 3D object sinogram line couldn't physically exist based on the scanners

qeometry, the physics layer penalizes the Al and forces it to
correct the error
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& IMAGE ACQUISITION

Noisy raw data

projections/sinogram

Al-based
projection-domain

completion

Reconstruction

-------- 12

Restored quality

Images
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& IMAGE ACQUISITION

§d

Noisy raw data

projections/sinogram

Reconstruction

---------- &

Noisy / low quality

Images
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& IMAGE ENHANCEMENT: DENOISING

¢ i ’
AR A N — Noisy / low qual
sy raw data Doconshruction - Noisy / low quality
projections/sinogram Images
Restored quality .~ Al-based
Images image-domain
restoration
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& IMAGE ENHANCEMENT: DENOISING

The Al algorithm learns how to convert a
noisy reconstructed image, obtained from noisy raw data,
into the image that would have been obtained

it high-quality raw data were acquired
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& IMAGE ENHANCEMENT: DENOISING

1
|
1

- - -

Convolutional Neural Network

- use 'sliding filters” (convolutions) to

scan dafa

highly efficient at recognizing
spatial hierarchies

process data in a localized way |
[focusing on adjacent pixels)

e e e e e e e e e e e e e e =
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& IMAGE ENHANCEMENT: DENOISING

. Output ini
Deep learning model e D Training
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metrics
Updatel | A
Optimi.zation Toam i
algorithm
Target

[ Low-Noise PET

Lonvolutional Neural Network owbioee

)
N Artifcial Intelligence for PET and SPECT Image Enhancement 10.296/jnumed 122 265000
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/ IMAGE ENHANCEMENT: DENOLOING Lonvolutional Neurs/ Network

Deep learning model Validation

Output

Denoised PET
a i)
L ’ I ' I [l | l = conv 3x3, ReLU
- e o o
’ skip connections
=]
’(G"*J B u
&}

(concatenation)

Input
Noisy PET

maxpool 2x2

[[m] j= ] § up-conv 2x2

Lonvolutional Neural Network

)
N Artifcial Intelligence for PET and SPECT Image Enhancement 10.296/jnumed 122 265000
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Convolu ional Neural Net vvork

use ‘sliding filters” {convolutions) |
: '+ process entire sequences of data all at once !

o scan data

highly efficient at recognizing
spatial hierarchies

process data in a localized way !
[focusing on adjacent pixels

e e e e e e e e e e e e e e =

& IMAGE ENHANCEMENT: DENOISING

- - -

Transformer Models

rely on self-attention mechanisms, they !

rather than step-by-step

1 self-attention mechanisms, meaning they
; process entire sequences of data all at once !

rather than step-by-step

calculate the relationship between every

H‘ smgie piece of data and every other piece, |
RN reqardiess of how far apart heyare

e e e e e e e e e e e =
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IMAGE ENHANCEMENT: DENOISING
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[ransformed image restoration network
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Low-count whole-body P

Pl restoration:

an evaluation of dose reduction spectrum and five state-of~the-art artifcial intelligence models /doiorg/101007/500257-022-06097-w
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& IMAGE ENHANCEMENT: DENOISING

&

Standard-count 6.25% low-count EDSR
(SSIM / VIF) (0.814/0.277) (0.922 /0.510)

EDSR-ViT

(0.912/0.461) (0.902 7/ 0.432) (0.909 / 0.470) (0.929 7/ 0.539)

Low-count whole-body PETYMRI restoration: an evaluation of dose reduction spectrum and five state-of-the-art artificial intelligence models /doi org/101007/500259-022-06077-w



(

LY

75% low-count
(10.54,8.59)/2.18

& IMAGE ENHANCEMENT: DENOISING
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Low-count whole-body PETYMRI restoration: an evaluation of dose reduction spectrum and five state-of-the-art artificial intelligence models /doi org/101007/500259-022-06077-w



IMAGE ENHANCEMENT: DENOISING
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- -t - LOReR” o ')-" ooy
12.5% low-count 6.25% low-count 1% low-count

(10.54,8.59)/2.18 (10.23,8.34)/2.24  (13.46,9.62)/2.44 (13.41,10.50)/ 3.85  (15.95,12.30)/4.24 (14.93,15.61)/11.18

- . -

7

U-net-12.5p U-net-6.25p U-net-1p

(8.64, 7.68) / 1.81 (8.45,6.74)/ 1.81 (8.65,7.45)/1.80 (8.56,7.45)/2.17 (8.47,7.45)/2.03 (8.01.4.74)/2.09

SwinIR-75p SwinIR-50p SwinIR-25p

SwinIR-12.5p SwinIR-6.25p SwinIR-1p

(8.45.7.54)/1.97 (8.32,7.17) 1/ 2.00 (8.37,7.13)/2.00  (8.41,7.47)/2.58 (8.29,6.78) / 1.69 (8.64,6.44)/2.88

)

Low-count whole-body PETYMRI restoration: an evaluation of dose reduction spectrum and five state-of-the-art artificial intelligence models /doi org/101007/500259-022-06077-w
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Convolu ional Neural Net vvork

use sliding filters (convolutions)

o scan data

highly efficient at recognizing
spatial hierarchies

process data in a localized way !
[focusing on adjacent pixels

e e e e e e e e e e e e e e =

& IMAGE ENHANCEMENT: DENOISING

- - -

Transformer Models

rely on selt-at

rather than step-by-step

1 self-attention mechanisms, meaning they '
; process entire sequences of data all at once 1

rather than step-by-step

calculate

e e e e e e e e e e e =

ttention mechanisms, they 1t
4 process entire sequences of data al af once :

- ~

Diffusion Models

Diftusion models function iteratively.

Durmq raining, they deliberately add noise !

to an image until it is completely
destroyed.

[hey then train the Al to reverse this

. '+ process, learning how to reconstruct clear, !
the relationship between every ! pIOLESS, TEaTing a

H\ smgie piece of data and every other piece, !
N reqardiess of how far apart heyare a

meaningful data from pure noise

________________________________
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& IMAGE ENHANCEMENT: DENOISING

Crop ' illi Reverse denoising process |
SR T
. J- 5525

; 3D UNet
i Po (Xe—1|xt, )

.
o

2 A

] )
l vy 5
2D 4
i *.‘P} A
:,' wor i
e

Rt

RO T ARy
Low-dose
PET

q(xe|xe—1)

Forward denoising process

= Xt—1

LS U P S e — 4

X; «<— Add Gaussian noise «+— Xy

-----------------------------------------

Normal-dose
PET

J

Pobust\w%fe(body PET image denoising using 3D diffusionmodels: evaluation across various scanners, tracers, and dose levels doi org/10100//s00259-025-07122-4
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& IMAGE ENHANCEMENT: DENOISING

Normal dose 1/20 dose 3D GAN 3D UNet 2D DDPM 3D DDPM
I i | [ | 1.6
! | | | q I
.~ | = | | l _ A%
. | | | | l -
5 | | | | |
= | [ | | l 1.0
— | ) | | | |
= 7 | I A | A A A 04
& ' i | | | | 0.6
7] | \ | | l
| 1 | | [ 0.4
| » | | |
| [ 1 | n 0z
-~ l o ! ~ | ™ I -~ l 'S 0.0
| | | | I
| l | | l
A A B B /B 6
_ | | | | |
z | l | | |
> I ! | | |
- | l | | :
£ e | N e | e | < | e | W
= I A { | | |
S | | | | |
1 » | | i
| \ | | |
| { | | |
- l - | - | - | - l -

_J

Pobust\w%f?(body PET image denaising using 3D diffusionmodels: evaluation across various scanners, tracers, and dose levels doi.org/10:1007/s00259-025-07122-4
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& IMAGE ENHANCEMENT: DENOISING

CNN

Model architecture Convolutional Neural Network
(eg: U-nets, RED-CNN)

Fast clinical workfow
Optimal application with priority
on structural integrity
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& IMAGE ENHANCEMENT: DENOISING

Model architecture

Optimal application

CNN

Convolutional Neural Network
(eg: U-nets, RED-CNN)

Fast clinical workflow
with priority
on structural integrity

Transofmer Models
(eg: Restormer, SwinlR)

Advanced multi-bed
PLI analysis

Dynamic parameters

Mapping
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& IMAGE ENHANCEMENT: DENOISING

Model architecture

Optimal application

CNN

Convolutional Neural Network
(eg: U-nets, RED-CNN)

Fast clinical workflow
with priority
on structural integrity

Transofmer Models
(eg: Restormer, SwinlR)

Advanced multi-bed
PLI analysis

Dynamic parameters

Mapping

Diffusion Models

Ultra low-dose
pediatric scans

Research protocols

Severe noise
restoration
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& IMAGE ENHANCEMENT: DENOISING

CONY in PET denaising

Optimal application

Model architecture PROS in PET denoising
CN Ultrafast inference
Convolutional Neural Network (mmediate cinicd reading

(eg: U-nets, RED-CNN)
Local anatomy

preservation

(no risk of creating
completely synthetic features)

Fine boundaries blurring
(high frequency oversmaothing)

Limited detection of

low contrast lesions
(background noise)

Fast clinical workfow
with priority
on structural integrity
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& IMAGE ENHANCEMENT: DENOISING

Model architecture PROS in PET denoising CONY in PET denaising Optimal application
[ransofmers Capture non-local similarities ~ Computationally intenstive ~ Advanced multi-bed
(eq: Restormer, SwinlR) across the enfire scan (especially 3D or 4D dynamic volumes) PET analysis
Cxcellent in maintaining sharp Performance drop if Dynamic parameters
edqe boundaries and contrast ~trained on small datasets mapping

Highly efficient in Poisson
noise recognition
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Model architecture

Diffusion Models

& IMAGE ENHANCEMENT: DENOISING

PROS in PET denoising

Exceptional texture
recovery

Highly realistic tracer
distribution

Dutperforms all models in
ultra-low dose restoration

Not affected by typical
CNN blurring

CONY in PET denaising

Risk of structural

hallucinations
(eq creating micro-lesions)

dlow, multistep sampling:

not suitable for rapid
clinical workflow

Optimal application

Ultra low-dose
pediatric scans

Research protocols

Severe noise
restoration

N




(

& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION
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& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

—

PARTIAL VOLUME EFFECT

—

Not completely recovered also with high
quality iterative reconstruction

Actual object

Limited spatial resolution

Discrete sampling of a continuos signa

Y
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& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

Spill-out

Measured image

[imited spatial resolution Discrete sampling of a continuos signa

!

PARTIAL VOLUME EFFECT

Not completely recovered also with high
quality iterative reconstruction
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& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

PVE RECOVERY

; S
7/ N
/ \
/ N\
/ \
’ \
1
! i
]
8 /
\ /
- v,
\ 7/

...........

_J

Critm of partial volume correction methods in PET and SPECT imaging: benefits, pitfalls, challenges, and future outlook doi.org/10:1007/500259-025-07612-5
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& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

PVE RECOVERY

)

&M of partial volume correction methods in PET and SPECT imaging: benefits, pitfalls, challenges, and future outlook doi.org/10:1007/500259-025-07612-5
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& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

Reference activity distribution dimulated SPECT images

(PVE free) (affected by PVE)

MONTE CARLO SIMULATION

=

)

\( A Deep-Learning-Based Partial-Volume Correction Method for Quantitative 177Lu SPECT/CT Imaging 10.276//jnumed 123 266867
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& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

/ Monte Carlo simulated Ground-truth \
SPECT reconstructions activity distributions
¢ Training of ¢
g DL-PVC 'g
§  —— N §
g_ [: ................. ,1:] g
L _j .......... [:] .
\ =
[raining:

DL learns how to qenerate reference activity distribution (output)
taking as input the simulated images

_J

Critm of partial volume correction methods in PET and SPECT imaging: benefits, pitfalls, challenges, and future outlook doi.org/10:1007/500259-025-07612-5



[

& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

Reference activity distribution dimulated SPECT images

(PVE free) (affected by PVE)

MONTE CARLO SIMULATION

=
-

Al ALGORITHM

)

\( A Deep-Learning-Based Partial-Volume Correction Method for Quantitative 177Lu SPECT/CT Imaging 10.276//jnumed 123 266867
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& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

2 64 64

Anatomical constraint!

256

’56

256
512

Conv 3x3 + BN + RelLU
# Conv 3x3, stride 2

B ConvTranspose 3x3, stride 2

_J

Critm of partial volume correction methods in PET and SPECT imaging: benefits, pitfalls, challenges, and future outlook doi.org/10:1007/500259-025-07612-5
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terative
PVE correction

Deep learning
PVE correction

_J

\( A Deep-Learning-Based Partial-Volume Correction Method for Quantitative 177Lu SPECT/CT Imaging 10.276//jnumed 123 266867
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& [MAGE ENHANCEMENT. PARTIAL VOLUME EFFECT CORRECTION

P
terative > o @
PVE correction % o
Y 14.7%
3 =

Deepleaming e ® MR e
PVE correction ".zf{ e

h"-‘. Tt Tas 3?3.00/0

<51
)

\( A Deep-Learning-Based Partial-Volume Correction Method for Quantitative 177Lu SPECT/CT Imaging 10.276//jnumed 123 266867
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& IMAGE ENHANCEMENT: BREATHING ARTIFACT CORRECTION

J [ Breathing-related movements:

& «;

image quality quantification accuracy
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& IMAGE ENHANCEMENT: BREATHING ARTIFACT CORRECTION

PET Raw Data Data-driver Gating Respiratory Waveform
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& IMAGE ENHANCEMENT: BREATHING ARTIFACT CORRECTION
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& IMAGE ENHANCEMENT: BREATHING ARTIFACT CORRECTION

J i Breathing-related movements:

' l@ image quality
quantification accuracy

: ) Lorrection for artifacts:

@ . | iz image resolution
quantification accuracy
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& IMAGE RECONSTRUCTION

j'% i% : E
. . #, 0
9 % ¥

Conventiona

Reconstruction

= |[ERATIVE
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& IMAGE RECONSTRUCTION

«_;;.% i »
. . #, 0
CR ' K
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& IMAGE RECONSTRUCTION

Filtering Backprojection
Sinogram (Trainable weights) | (Fixed weights)  Reconstructed image

O 50 iS50
O 0 e an 60
o€ 55 Rt O S g z 20
o e oo e o
O iaseii = A< anis e 85
O A0 0
O NO4 0
o O 0
o’ N ‘o

output

)

Deep learning-based PET image denaising and reconstruction: a review doi.org/10.1007/512194-024-00760-3
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& IMAGE RECONSTRUCTION

Sinogram

FBP

OSEM DeepPET

& &

analytical

terative Al

_J

Deep learning-based PET image denoising and reconstruction: a review doiorg/10.1007/512194-024-00780-3
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& IMAGE RECONSTRUCTION

Sinogram ' FBPr ) ‘ OSEM o DeepPET

analytical terative Al

)
\( Deep learning-based PET image denaising and reconstruction: a review doi.org/10.1007/512194-024-00760-3
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& MAGE (7-AP/F RECONSTRUCTION

Non-comrected PET

_J

N

Development of a deep learning method for CT-free correction for an ultra-long axial field of view PET scanner 101109/EMBC46164.20219630570
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& MAGE (7-AP/F RECONSTRUCTION

Corrected PET Non-corrected PET

[raining

With C

NRMSE = 0.90%

_J

\( Development of a deep learning method for CT-free correction for an ultra-long axial field of view PET scanner 101109/EMBC46164.20219630570
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& MAGE (7-AP/F RECONSTRUCTION

Non-corrected PET

Corrected PET Al

NRMSE = 0.14%

_J

N

Development of a deep learning method for CT-free correction for an ultra-long axial field of view PET scanner 101109/EMBC46164.20219630570
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Corrected PET Non-corrected PET Corrected PET Al

0.0

NRMSE = 0.90% NRMSE = 0.14%

_J

\( Development of a deep learning method for CT-free correction for an ultra-long axial field of view PET scanner 101109/EMBC46164.20219630570
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DETECTION' AND SEGMENTATION
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& IMAGE SEGMENTATION

Jutput:

mask
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& IMAGE SEGMENTATION

Automatic kidneys seqmentation on

POMA-PET images

)
N J.Leubeetal./ZMedPhys34(2024)231-241
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& IMAGE SEGMENTATION

Automatic kidneys seqmentation on

POMA-PET images

— Segmentatiorx
A J
e

Segmentation
-

=]
==
Coarse
Segmentauon
1.0 _
Coarse e mente

Segmentation

"OREE . O
.ok

CT only
PET only

Improved performance when

integrating (1 and PET data

_J

J.Leubeetal./ZMedPhys34(2024)231-241
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Radiology

2016

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

Robert J. Gillies, PhD
Faul E. Kimahan, PhD
Hedvig Hricak, MD, PhD, Dr{hc)
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

Iraditional radiomics
workflow
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

Segmentation Feature extraction

Original image Filter

Iraditional radiomics
workflow




FOR RADIOMIC DATA ANALYSIS: MACRINE LEARN

Segmentation Feature extraction
= = x . .. . . original_shape_Maxim .. . .. . .. .
Ong]nal |mage F[lter original_shape_Flatnes original_shape_LeastA original_shape_MajorA um2DDiameterColum original_shape_Maxim original_shape_Maxim original_shape_Maxim
e s xisLength xisLength n um2DDiameterRow  um2DDiameterSlice um3DDiameter
S
~= 0,307 24,009 78,161 52,372 81,753 0,429 103,338
,ti 0,307 24,009 78,161 52,372 61,753 60,429 103,338
Trn el 0,307 24,009 78,161 52,372 61,753 60,429 103,338
:; A:_ . 0,307 24,009 78,161 52,372 61,753 60,429 103,338
,L' .4[ ffq[‘”.{‘[L “ 0,307 24,009 78,161 52,372 81,753 0,429 103,338
if . . ! ‘" 0,307 24,009 78,161 52,372 61,753 60,429 103,338
0,646 42,425 65,678 58,266 89,022 75,985 90,203
Shape feature 0.646 42,425 65,678 58,266 89,022 75,885 90,203
0,646 42,425 65,678 58,266 89,022 75,985 90,203
0,646 42,425 65,678 58,266 89,022 75,985 90,203
L M N 0,646 42,425 65,678 58,266 89,022 75,985 90,203
ra | | 0 na ra | 0 m | (:S 0,646 42,425 65,678 58,266 89,022 75,985 90,203
0,632 35,025 55,350 62,111 62,450 64,509 68,137
0,632 35,025 55,390 62,111 652,450 54,909 68,137
0,632 35,025 55,380 62,111 52,450 54,509 68,137
0,632 35,025 55,380 62,111 B2,450 04,909 68,137
Wor OW 0,632 35,025 55,350 62,111 62,450 64,509 68,137
™ 0,632 35,025 55,390 62,111 652,450 54,909 68,137
x 0,473 31,625 66,876 £8,273 81,279 75,180 84,840
IntenSlty feature 0,473 31,625 66,876 68,273 81,279 75,180 84,840
0,473 31,625 66,876 68,273 81,279 75,180 84,840
0,473 31,625 66,876 68,273 81,279 75,180 84,840
0,473 31,625 66,876 £8,273 81,279 75,180 84,840
0,473 31,625 66,876 68,273 81,279 75,180 84,840
0,539 22,081 40,944 39,507 52,976 49,393 53,912
0,539 22,081 40,944 39,507 52,976 49,393 53,912
| 0,539 22,081 40,944 39,507 52,976 49,393 53,912
- 0,539 22,081 40,944 39,507 52,976 49,393 53,912
3D visualization Texture feature 0,539 22,081 0944 39,507 52,976 49,393 53,912
0,539 22,081 40,944 39,507 52,976 49,393 53,912
0,805 35,331 43,887 54,756 54,788 53,610 65,724
4|15|3)|2|4 0,805 35,331 43,387 54,756 54,788 53,610 65,724
2 5 2 1 1 0,805 35,331 43,887 54,756 54,788 53,610 65,724
- = 0,805 35,331 43,887 54,756 54,788 53,610 65,724
2 o 2 5 4 0,805 35,331 43,887 54,756 54,788 53,610 65,724
112|3 5
214113 ]4




FOR RADIOMIC DATA ANALYSIS: MACRINE LEARN

Segmentation Feature extraction
Original image F||ter original_shape_Flatnes original_shape_LeastA original_shape_MajorA Dngma\Tshape_Malx\m original_shape_Maxim original_shape_Maxim original_shape_Maxim
e s xisLength xisLength umZDDlarr:‘eterCoum um2DDiameterRow  um2DDiameterSlice um3DDiameter
$
= = 0,307 24,009 78,161 52,372 0,429 103,338
#’ —;1—4 0,307 24,009 78,161 52277 60,429 103,338
G1f '."'» | 0,307 24,009 78,161 60,429 103,338
_\;L: L 0,307 24,009 - 60,429 103,338
,L.."L.IH[““‘{[L“.H. 0,307 24,008 ©0,429 103,338
A" y .~ ! A 0,307 50,429 103,338
0,646 '5,985 90,203
Shape feature 0.646 5,985 90,203
0,646 885 90,203
0,646 985 90,203
L M N 0,646 ‘85 90,203
raditional radiomics o Do
0,632 3 9 68,137
0,632 3L 1 68,137
0,632 35 68,137
0,632 354 68,137
Wor OW 0,632 350 68,137
™ 0,632 35,00 68,137
x 0,473 31,62 84,840
Intensity feature 0,473 31,62t 84,840
0,473 31,625 84,840
0,473 31,625 84,840
0,473 31,625 84,840
0,473 31,625 84,840
0,539 22,081 L4 53,912
0,539 22,081 53,912
wl 0,539 22,081 53,912
0,539 22,081 53,912
3D visualization Texture feature 0,539 22,081 53,912
0,539 22,081 53,912
0,805 35,331 —a,010 65,724
415|3|2]4 0,805 35,331 53,610 65,724
2 5 2 1 1 0,805 35,331 54,788 53,610 65,724
- = 0,805 35,331 —u 54,788 53,610 65,724
2 < 2 5 4 0,805 35,331 54,756 54,788 53,610 65,724
112)|3]|4|5
214113 ]4
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& ALTOOLS FOR RADIMOIC DATA ANALYSIS

- Therapy Responders vs Non-Responders

Q&%;%;\N - giisto\ogli/cpal subtype
Yi - durvival/Frognosis
W\W\Q\\QW - Biological parameters




Traditional radiomics

workflow

FOR RADIOMIC DATA ANALYSIS: MACRINE LEARN

Segmentation

Feature extraction

Original image

3D visualization

Filter

b gl e

TR

Shape feature

Intensity feature

Texture feature

4|15|3)|2|4
21512]1]12
41212|5]4
112]3 5
214113 ]4

original_shape_Maxim

original_shape_Flatnes original_shape_LeastA original_shape_MajorA

s

0,307
0,307
0,307
0,307
0,307
0,307
0,646
0,646
0,646
0,646
0,646
0,646
0,632
0,632
0,632
0,632
0,632
0,632
0,473
0,473
0,473
0,473
0,473
0,473
0,539
0,539
0,539
0,539
0,539
0,539
0,805
0,805
0,805
0,805
0,805

xisLength

24,009
24,009
24,009
24,009
24,009
24,009

xisLength

U984
20,944
40,944
40,944
40,944
43,887
43,887
43,887
43,887
43,887

um2DDiameterColum

original_shape_Maxim original_shape_Maxim original_shape_Maxim

um2DDiameterRow

Input for

um2DDiameterslice

Machine Learning

alqorithms

39,50/
39,507
39,507
39,507
39,507
54,756
54,756
54,756
54,756
54,756

52,976
52,976
52,976
52,976
52,976
54,788
54,788
54,788
54,788
54,788

44,395
49,393
49,393
49,393
49,393
53,610
53,610
53,610
53,610
53,610

um3DDiameter

103,338
103,338
103,338
103,338
103,338
103,338

93,912
53,912
53,912
53,912
53,912
65,724
65,724
65,724
65,724
65,724




AL FOR RADIOMIC DATA ANALYSIS: MACHINE LEARNING

Iraditional radiomics
workflow

Segmentation

Feature extraction

Feature selection

Original image

3D visualization

Filter
B

L
I s T
(LW [L[H
e ey

Shape feature

Intensity feature

Texture feature

415|13)12]4
215]12]1]1
41212154
1]12]13]4|5
2|14|11)3|4

Boruta algorithm

Feature importance measure

%;; £ et

Model analysis

Radiomics signature

non-responder responder

ROC curve

True Positive rate (Sensitivity)

b 4
o

o

-1

= -
=) &

(=]

adas ol

" alesal
20 40 60 80 100
False Positive rate (100-Specificity)




AL FOR RADIOMIC DATA ANALYSLS: MACHINE LEARNING

classification

et
wo':l‘gus more
: data No
>50
YES samples

predicting a
category

regression

YES
€S

few features
should be
important .

NO

NOT
WORKING

YES

NO,
<100K
samples

clustering

oT
WORKING

dimensionality
reduction

)

N https://wwwintelligenzaartificialeitalia.net/
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

==
SUPERVISED UNSUPERVISED REINFORCEMENT
LEARNING LEARNING LEARNING
IASK DRIVEN. DATA DRIVEN: LEARN
predict next value identify clusters from MISTAKES

N
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

Examples of supervised learning:

SUPPORT VECTOR DECISION
MACHINE TREE

NEAREST
NEIGHBOUR

https://wwwintelligenzaartificialeitalia net/
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

Radiomic data from PE] and (1

Y
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

L
(PETIET—RBdﬁmre)_

Radiomic data from PE] and (1

- [ ]

i
(ﬁﬂHB—R&dﬁmm)_ -

: »

Machine learning mode

Y
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

d COMB-Radscore === Low High

sion-free survival (%)
=] =]
n =
=] n

'g, Log-rank: p<0.0001
E 0.00 4 HR: 415(95% CI:2.77-6.22)
1 T

0 10 20 30 40 50

Time in months

> Score classifying patients prognosis after immunatherapy

N
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

Hand crafted model
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& ALTOR RADIOMIC DATA ANALTSIS: MACHINE LEARNING

Hand crafted model

7 |
_— e
i /
:Feature ¥ b
texture gojection '/{/
Deep learning model
r—
K2 Softmax Outpwt
! Prcdiction‘
> - " B el E
. ;g ‘ score
Input
; J

L\
Transfer learning net

Y
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& IMAGE HARMONIZATION

Image harmonization to
make images acquired on
ditferent scanners

LUANTITATIVELY comparable

{ Inference A :
. f: Generator 2 ~
Iy A—B »
] & 7 -
o] Mapping function . t‘ - '}
2 fromAtoB 2
l. 4 ' -
PET PET' PET
Center A Center B Center B
Harmonization from Ato B
Residual Loss

, Discriminator
3 B
M
ir Generator
] '—{ B A
& 7

L real, fake?
?
Reconstructed PET °
Center A MSE Loss

Loss = Residual Loss + MISE Loss

_J

Furapean Journal of Nuclear Medicine and Molecular Imaging (2024) 51:2532-2546
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A4 *
* *

Diagnostic Area Iherapy

& I A _
radioisotope molecule
Gorame, beta+ emitier \, T [ S ——
Penetrating radiation Low penetrating radiation

Y
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& ALTOR RADIONUCLIDE THERAPY

domatostatin analogues for
neuroendocrine tumour treatment

Prostate Specific Membrane Antigen
(PSMA) for metastatic prostate cancer

treatment
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& ALTOR RADIONUCLIDE THERAPY

Radioisotopes with both beta and qamma emission: | SR .
Fg: Ty, ™1 radioisotope molecule

0.5-hours post injection 4-hours post injection 24-hours post injection 120-hours post injection
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& ALTOR RADIONUCLIDE THERAPY
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