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Diagnostic scans are not always sufficient for RT

RT position Diagnostic

Flat couch, Immobilization Curved couch, no Immobilization

MR-RT systems or MR simulators for imaging
in treatment position

Integrated Flat table
with indexing to fit
immobilization

Big bore size (70 cm)
Coil bridge support
MR compatible

immobilization

Lasers for alignment
and marking

Coils — integrated
posterior coil and an
anterior surface coil

CT+MR SIM
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Spine radiosurgery: target & cord delineation
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Planned using a single fraction dose of 2400 cGy
Cord max dose of < 1400 cGy

In the presence of Metal Artifacts

MR (T2w)

Metal artifact reduction sequences for MR-SIM

Philips implementation: OMAR
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Courtesy: Mo Kadbi, Philips Healthcare
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MR-SIM: Immobilizations and Coil configuration

Coil sensitivity of surface
coils drops very rapidly
as the distance from the
coil increases

Not all scanners are

equipped with flexible
surface coils

Commercial solution: GE adaptive image
receive (AIR) Coils
30 element FDA

16 element AIR coil approved coil

McGee et al, 2018, Phys Med Biol 63 (8)

Rigid Immobilizations acting as coil bridge
CT simulation
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CT+MR simulation: clinical challenges

o Keeping rectal and bladder filling consistent between CT &
MR can be challenging
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May also result in potential target (seminal vesicles) miss if rely

completely on MR

MR-only planning

d. Treatment Plan & DRR
generation from
MRs/synthetic CTs

b. Synthetic CT
Generation from
a. MR simulation MRs

c. Contouring
Using MRs
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Requirements

- Large FOV distortion characterization

- Synthetic CT generation

Large FOV distortion characterization

cT MR

™ ®

Price et al, 2017, JACMP (18):4, 51-61
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Synthetic CT generation

1. Bulk density based methods

2. Atlas-based methods
Dose calculation

3. Direct conversion/voxel-based/ accuracy < 2%
classification-based methods

4. Combination methods

Review Article by Johnstone et al, IJROBP 2018

61 articles on synthetic CT

Deep learning based methods

MR-based synthetic CT generation using a deep
convolutional neural network method

In partic
at

Network Summary for synthetic CT generation

&

Network Name What it does Image Set Reference
Requirement

AutoEncoder Unsupervised transformation Paired LeCun, 1987*
Unet Regression fit of MR to CT Paired Ronneberger,

2015

GAN Fits marginal distribution of Paired/Unpaired Goodfellow, 2014
MR intensities

CGAN or Pix2Pix Conditional distribution Paired Isola, 2016
P(CT|MR)
Cycle GAN Conditional distribution with a Unpaired Zhu, 2017
consistent transformation

constraint

Slide courtesy: Harini Veeraraghavan, Peter Klages, MSKCC
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Example: Head and neck synthetic CT generation
Synthetic CT CT

Klages P et al, Conditional generative adversarial networks for MR-based synthetic CT
images in head and neck dose calculations (AAPM 2018, Thursday)

Commercial synthetic CT solution: MRI Planner

Generated sCT
Generated RT Struct

Multi-template
training database

Incoming MRI

Classification
engine

A

l"i »931

Scanner independent
Same sequence used for contouring as well as synthetic CT generation

Slide Courtesy: Tufve Nyholm, Umea

Commercial synthetic CT solution: MRCAT

Works only on a Philips scanner

water image

P> Classify .
{ Calculate Segment Classify Assign

body Cassily bone compact HU
1 soft tissue and spongy

fﬁ?"?") mask mask values
3 ¥ bone

in-phase image L s
€y

MRCAT image

Courtesy: Philips; white paper Kohler et al 2015
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MR-only clinical Evaluation at MSKCC

Dosimetric
accuracy < 1%

% difference

Tyagi et al,

PMB 2017

Lateral = 0.3 = 0.4

mm
Longitudinal = 0.03
=+ 0.6 mm

Vertical = 0.5 = 0.8
mm

MRCAT DRR

Lateral = 0.3 = 0.4
X . mm
Fiducial Longitudinal = 0.3
match a + 0.8 mm

Vertical = 0.6 = 1.0
mm

Tyagi et al, PMB 2017

MR-only simulation: clinical implementation

MRCAT CT 3D bFFE T2 axial

P L TR —

7 - e

MRCAT Source MR (W) T2 Sagittal T2 Coronal

\,'4

-

L

o ~ \

N

MR Simulation time = 25 minutes
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MR-only planning: Automated workflows for
registration and autosegmentatio

i —

Tyagi et al, Radiation Oncology (2017)

MR-only planning with boost to dominant lesion
Axial T2w DWI-ADC map Sagittal T2w
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Coronal T2w Dose distribution on the MRCAT syn CT

Example Deep learning-based Detection and
Segmentation of Prostate Cancer

Dice= 0.83

e Expert & e Expert Algorithm
Algorithm

Slide courtesy: Harini Veeraraghavan MSKCC
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Clinical Summary

# of prostate patients planned
d treated using MR-only
planing

SBRT (800 cGy x 5) 318
Moderate hypofractionation (270 cGy x 26) 54
Standard fractionation (180 cGy x 40) 213

o Simulated, planned and treated MR-only cases to date

0 14 patients failed synthetic CT reconstruction

0 16 patients underwent a backup CT scan because of artifacts
on the MR

o 20 patients where the were misidentified on MR and
caught on fiducial QA

o0 ~10% cases required repeat MR due to

Different size fiducial markers

0.9x5 mm markers

o
&

1.1x5 mm markers

Automatic gold FM localization for MR-only
planning

Real Imaginary

# - { & . ¥
Real —i

Simulation In-vivo Acquisition

Template
Matching

Reduction

Candidates
Top

Selection Criterion: Centre
Smoothness phase
increased after
template correction? Output

Maspero et al, 2017, Phys Med Biol 62(20):7981-8002

Courtesy: Matteo Maspero, UMC Utrecht
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Automatic localization of Brachytherapy Seeds
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Zijlstra F et al., 2017 Med Phys, (10):5051-5060.

Courtesy: Matteo Maspero

Motion on MRs due to long acquisition times

Foley catheter
Full bladder

Compressed sensing for MR-SIM

o Compressibility

(transform sparsity) E&L

Random Cartesian Regular radial

* Incoherent ;g" e
sampling

« lterative reconstruction to promote sparsity in the solution

Courtesy: Ricardo Otazo, MSKCC
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A A Iterations
Initial solution

Inverse FT of the zero- Sparse representation
filled k-space 220 -
8s'o 1

Sparsify

k-space representation

Data
consistency

*

Courtesy: Ricardo Otazo, MSKCC

Complete brain exam

Original exam
Tiw SE TowTSE ~ DWI(b1000) TIWSE T2wTSE  DWI (b1000
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Compressed sense

T2w FLAIR T2w FFE 3D Inflow T2w FLAIR  T2w FFE 3D Inflow
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9:06 min

16:52 min Courtesy: Philips Healthcare

Conclusions

o Tremendous progress in the development of MR-RT
systems are enabling MR-based treatment planning

o Further developments/improvements
a Reduce MR acquisition time
o Compressed sensing
a Development of more motion robust sequences

a Coil development in radiotherapy position to allow
integration of advanced MR sequences into treatment
planning
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