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The advent of Deep Learning in Al Artificial intelligence

Machine learning
No explicit programming,
explicit representation of

(hand-crafted) features

Deep learning

Deep Blue vs. Kasparov

System chose its own
representation based on
hierarchical representations

N

LEE SEDOL
oCeo
Deep Blue Garry Kasparov O O
IBM chess computer World Chess Champion . .
First match O O

e February 10-17, 1996: held in Philadelphia, O

Pennsylvania A | h G
® Result: Kasparov-Deep Blue (4-2) p a O

e Record set: First computer program to defeat a world Google DeepMind
champion in a classical game under tournament

1997 2016
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What is deep learning?

» Stacking of artificial neurons to increase the representation capacity

Artificial neuron Neural network
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https://medium.com/swlh/a-study-of-artificial-neural-networks-ann-7e1f7f2ac891
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https://medium.com/swlh/a-study-of-artificial-neural-networks-ann-7e1f7f2ac891
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https://medium.com/swlh/a-study-of-artificial-neural-networks-ann-7e1f7f2ac891
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Image -> Image

Encoder-decoder architecture: U-Net

o : _ input
Contracting path mage (ol segmentation

A A map

— Obtain encoding at multiple levels

* Expanding path
— Combine encodings Al
— Decode into segmentations ¥
I’I*l ﬂ’l’l =»conv 3x3, ReLU
-4 ::' . tf: . copy and crop
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The role of imaging in IGRT (and MRgRT)
s A N\~ aYa aYs h'd R
=

) AN 000 ==
) I

s

(v

= .

e

Diagnosis and Imaging Contouring Plan Treatment o
treatment choice (simulation) optimization delivery and QA Qllow=up
AN 2 . 2 g, AW AN »
Target & organs-at-risk CT-equivalent AC.C gra’Fe Response assessment
definition for estimating dose positioning
distribution in pt Motion
management
CT || MRI'| @ PET CT| | MRI CT || MRI || CBCT CT || MRI|  PET

Adapted from Barragan-Montero PMB 207
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A Radiotherapy workflow...

1. Simulation 2. Planning

3. Treatment
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Brain: first application

Subjects 18 pts: CT & MR rig reg
Methods

2D U-net
Results
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https://doi.org/10.1002/mp.12155

Original Article

A deep learning approach to generate synthetic CT in low field 1))

Check for

MR-guided radiotherapy for lung cases G

Jacopo Lenkowicz?, Claudio Votta*™*, Matteo Nardini?, Flaviovincenzo Quaranta®, Francesco Catucci®,
Luca Boldrini ¢, Marica Vagni®, Sebastiano Menna ", Lorenzo Placidi®, Angela Romano?, Giuditta Chiloiro?,
Maria Antonietta Gambacorta?, Gian Carlo Mattiucci ™, Luca Indovina®, Vincenzo Valentini *¢,

Davide Cusumano*”

 Fondazione Policlinico Universitario “Agostino Gemelli” IRCCS, Rome; ® Mater Olbia Hospital, Olbia (SS); and Universita Cattolica del Sacro Cuore, Rome, Italy

Maspero et al. 2018, ol 63(18):185001

Groot Koerkamp ML et al. Phys Med Biol. 2021 Apr 66(85)
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sCT generation with deep-learning

T1 GRE
H&N L
12.5% Brain
Thorax 23.2%
8.9% T1 GRE
Pelvis Abdomen
30.4% 25.0%

T2 (T)SE T1 GRE

« >50 studies, first multi-centers
» Synthetic CT can be used for dose calculations
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*  Four commercial products with DL = clinically available and implemented in simulation, still simpler

solutions are adopted for MRgRT

Spadea MF & Maspero M et al. Med Phys 2021
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Contouring in RT

Segmenting OARs and targets

* Laborious and time-consuming
* Impacting personnel availability
* Limiting step in adaptive RT

Brouwer Radiother Oncol 2015



http://dx.doi.org/10.1016/j.radonc.2015.07.041

OAR on MRI prostate

First segmentation project 2018...

Motivation .
MRI-based software was not available

Savenije et al. Radiation Oncology (2020) 15:104

hitps://doi.org/10.1186/s13014-020-01528-0 Radiation OﬂCOlOgy
RESEARCH Open Access

Clinical implementation of MRI-based
organs-at-risk auto-segmentation with
convolutional networks for prostate
radiotherapy

Mark H. F. Savenije'?f, Matteo Maspero'?"T, Gonda G. Sikkes', Jochem R. N. van der Voort van Zyp',
Alexis N. T. J. Kotte', Gijsbert H. Bol" and Cornelis A. T. van den Berg'*?

Check for
updates |

Bladder

Rectum
FemurR /1.

Prostate
Savenije M & Maspero M Radiat Oncol 2020
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Results: quantitative comparison
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Overview company with DL-based segmentation
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DL used for dose prediction

Model Prediction
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Medical Physics, Volume: 48, Issue: 9, Pages: 5567-5573, First published: 22 June 2021, DOI: (10.1002/mp.14827)
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The online RT workflow

With the patient on the table

4 R

)
NI
n B

Diagnosis and Imaging , Plan Treatment
treatment choice (simulation) Contouring Follow-up

\ ) \ / \ optimization / \delivery and QA) \ J

Adapted from Barragan-Montero PMB 2022
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40-55 min*
< 15 min =2 in-line with standard RT

Current fraction
Desired

*Gungor Prat radiat Oncol 2021
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Increasing image quality with DL reconstruction

DL as a way to incorporate priors
e Capable of real-time reconstructions

Deep imaging/end-to-end mapping/rawdiomics

‘ Scan | Imaglng ] I Imaging ] ! lmaglng ’ lmaglng i
A Patient O\ * . Daa ,é..: Domain ™, 3) Data-driven ™., ‘ Image sy Image
scan enhanoomem e |ransform A fiting = tafmement ! e 7 analysis
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Wang, G., et al. Nat Mach Intell 2020
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Contour propagation for Online adaptive RT

Online pre-
Simulation treatment
simulation
Time Treatment I
I planning !
0 1-2 weeks

X
(#fractions)
Irradiation Follow-up
Treatn.lent TR . !
planning rrrri !
2-3 weeks Months/years

X
(#fractions)

24



Contour propagation for MRgRT prostate

Network input
Simulated pre-treatment
and fraction images

« Registration from pre-treatment to daily origna . / \ .
fraction for the target e

* Comparison of weakly vs strongly . A o
supervised or Hybrid e ransformation

» Deep learning outperforming classical . -
reg i St ra ti on Original S(Taugm) S(Taugm°Tiearne

segmentation S
Overlap Deformation Hybrid |
Befo'e E'astix IOSS IOSS lOSS STLinput Expected

STL output

Eppenhof K et al. Med Phys 2020
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Real time 3D motion estimation

* Undersample 4D MRI

* Multi-resolution approach
- registration = 30 ms in 3D
- manage to deal with artifacts
- 1.5 mm mean error

DL-based
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Terpstra M et al. Med Phys 2021 27
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Conclusions
* DL applications have found solid ground in Radiation Oncology workflows
* Image segmentation
* Image synthesis
* Dose prediction
* Image reconstruction
 Deformable image registration

* Training is slow (need lots of data for each task)
* Inference is fast

* Increase use of DL in online adaptive workflows

Acknowledgments: Matteo Maspero




