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Medical imaging in the 1970/1980s
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Medical imaging today
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Elements of the diagnostic pipeline

Hardware Data acquisition  Pulse sequence Reconstruction Classification
design

V4

Diagnosis

Benign/Malignant
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Cooperations

TU ) \ | facebook
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Graz University of Technology
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Image reconstruction

Reconstruction




MR data acquisition: Fourier (k-) space
ek k) :/ / ci(x, y)e e tor)u(x, y)dxdy

f=Au
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Image reconstruction: Inverse problem
el k) :/ / c(x, y)e e u(x, y)dxdy

f=Au

FOV
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Image reconstruction: R=2
_ —i(kxx‘|‘ky}’)
fe (ks ky) = / / ce(x, y)e u(x, y)dxdy

f=Au
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Compressed sensing: Sparse representation

p)
min§||Au — f||§ + R(u)

Lustig MRM (2007)
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Compressed sensing: Sparse representation
A )
m|n§||Au — |5 + R(u)

Total Variation (TV)

A
minZ||Au — f[[3 + [V (u)[x

Lustig MRM (2007)
Rudin (1992)
Block MRM (2007)
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Numerical implementation
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reconstruction
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CS — machine learning image reconstruction

Fully sampled ~ Zero-filingR=4 =« Separate artifacts from image content

« Sparsifying transform — Spatial filter
kernels

: V. H Vy, Kus kixu

« L1 norm — Potential functions

. A
min |Au = FI3 + 3 pi(Kiu)

Hammernik ISMRM 2016, MRM 2018
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Learning the numerical optimization

oo T oo I o

_ reconstruction
Learn T gradient descent (GD) steps

N
Up = Up_q — Z K0 o(Kiete—1) — AeA"(Aue_y — f)

input

IPAM 01/2020



A “variational network” reconstruction
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Learning for image reconstruction

reconstruction error

1A+ o L A
Lr(Or) = G E :Hus (OR) — Uref s> LS B ik reference
s=1 I A i
parameters
Reconstruction : E similarity
model measure
input Hammernik MRM 2018 reconstruction
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Some reconstruction examples, R=4

Pl PI-CS Learning

F57

Hammernik, MRM 2018 IPAM 01/2020



Small fissure in tibial cartilage, R=4

Pl PI-CS Learning

Hammernik, ISMRM 2016 IPAM 01/2020



Robustness and generalization: Sequences
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Compressed Sensing Deep Learning

Improved Imoaqe Sharpness

Chen Radiology 2018 Slides courtesy of Joseph Cheng (Stanford) IPAM 01/2020
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- Average acquisition time (m:s) was 18:55 for the fully sampled acquisition and 4:11 for an acceleration of 5x.
- Average reconstruction time was ~5 minutes for CS and ~20 seconds for the VNN framework.

Slides courtesy of Claudia Prieto (Kings College) IPAM 01/2020



Where are we as a field?

Evaluation

We tested our algorithm on data from|10 clinical patients
per sequence and reconstructed the whole imaged vol-

Evaluation o ata. Cartesian k-space test data (of Fig. 4) were Zhu Nature 2018
acquired from|a healthy volunteer pn a 3T Siemens Trio MRI scanner with a spin-

Hammernik MRM 2018

Evaluation of the trained VI model was The evaluation was done via a 3-fold cross validation, where
performed in the remaining|27 patients| Chen Radiology 2018 |_ : ; Y |
(nine males, 18 females) in comparison for two folds we|train on 7 subjects then test on 3 subjects,
with the PI(’ZS reconstruction and for the remaining fold we train on 6 subjects and test on 4
’ subjects. While the original sequence has size 256 x 256 x T,

Qin IEEE TMI 2018

The aggregated|test error across 10 subjects

Schlemper IEEE TMI 2018
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Comparison to computer vision

I M n G E N ET 14,197,122 images, 21841 synsets indexed

Explore Download Challenges Publications CoolStuff About

Not logged in. Login | Signup

What do these images have in common? Find out!
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2019 fastMRI reconstruction challenge and dataset

facebook Al Research

https://arxiv.org/abs/2001.02518

—~
NYU Langone
\— Health

fastMRI

Home

Accelerating MR Imaging with Al

Latest News & Updates

What is
fastMRI?

1-21-2018

New fastMRI open source Al research
tools from Facebook and NYU...
Read More

fastMRI is a collaborative research
project between Facebook Al
Research (FAIR) and NYU Langone
Health. The aim is to investigate the
use of Al to make MRI scans up to 10
times faster.

By creating accurate images from
under-sampled data, Al image
reconstruction could enable faster
scanning times, providing an
improved experience for patients and
potentially making MRIs accessible to
more people.

08-20-2018

Facebook and NYU School of M|
launch research collaboration... <
Read More

To enable the broader research
community to participate in this
important project, we are open-
sourcing our baseline models,
evaluation metrics, convenient
Pytorch loaders, and providing a
public leaderboard to share results.
Check out our GitHub repository.

NYU Langone Health has released
fully anonymized raw data and image
datasets, that you can access at this
link.

Leaderboards

IPAM 01/2020



Public data set for image reconstruction

MSK (knee)
— Rawdata (fully sampled): 1398 cases

Knoll Radiology Al (in press, 2019)

fastmri.med.nyu.edu IPAM 01/2020



Public data set for image reconstruction

* Neuro (brain)
— Rawdata (fully sampled): 7002 cases

Knoll Radiology Al (in press, 2019)

fastmri.med.nyu.edu IPAM 01/2020



Reconstruction challenge

Undersampled Reconstruction Reference

—>  Error <

Leaderboard
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Challenge tracks

* Multi coil 4x:
— Clinically relevant, 2x faster than clinical standard
— 8 submissions (>25 on test leaderboard)

 Multi coil 8x:
— Push models to limits. 4x faster than clinical standard
— 8 submissions (>25 on test leaderboard)

» Single coil 4x:
— Easier to experiment, single coil measurement, not used clinically
— 17 submissions (>70 on test leaderboard)

IPAM 01/2020



Two stage evaluation: 1: SSIM
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Quantitative scores vs radiologists

Single-coil 4x Multi-coil 4x Multi-coil 8x
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Quantitative scores vs radiologists

Single-coil 4x Multi-coil 4x Multi-coil 8x
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https://arxiv.org/abs/2001.02518 IPAM 01/2020



Multi coll R=4 results

Philips & LUMC MSDC-RNN holykspace AM
Avg rank: 2.286 Avg rank: 2.286 Avg rank: 2.714 Avg rank: 2.714

Ground truth

IPAM 01/2020



Ground truth

Multi coil R=8 results

Philips & LUMC
Avg rank: 1.286

i

holykspace
Avg rank: 2.571

AM
Avg rank: 3.000

J

Almsterdam
Avg rank: 3.143

0.662
https://arxiv.org/abs/2001.02518

b
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Multi coil R=8 results: Pathology

Philips & LUMC holykspace Almsterdam
Avg rank: 1.286 Avg rank: 2.571 Avg rank. 3.000 Avg rank: 3.143

Ground truth

b

0.662

https://arxiv.org/abs/2001.02518 IPAM 01/2020



Data acquisition

Data acquisition  Pulse sequence
design




Dynamic data: Contrast enhanced exam

’S\

Pre-contrast

Feng MRM (2014) IPAM 01/2020



Dynamic data: Contrast enhanced exam

Continuous radial acquisition

>
T|me

S e sk e e

Feng MRM (2014)
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Training design?

Ground truth?
Simulations/Transfer learning?
Generalization?

Unsupervised learning?

Structure of spatiotemporal
regularizer?
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Continuous radial DCE breast cancer MRI

Frame 1 Frame 5 Frame 12

NUFFT

VN 2D
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Continuous radial DCE breast cancer MRI

Frame 1 Frame 5 Frame 12

NUFFT

VN 2D

VN 2D+t
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signal intensity (a.u.)
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Continuous radial DCE breast cancer MRI
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Reconstruction/Classification

Reconstruction Classification

Diagnosis

Benign/Malignant

IPAM 01/2020



Diagnostic classification

Predict presence of malignant and/or
benign lesions in each breast

« 5000 training
+ 1500 validation  £Lc(©c) = Z > ) —logplt (u];©c)
+ 1500 validation > L odeRedm

Gong NeurlPS Medical Imaging (2019) IPAM 01/2020



Diagnostic classification
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Diagnostic classification
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Diagnostic classification
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Diagnostic classification
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Gong NeurlPS Medical Imaging (2019)
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End to end reconstruction and classification

Update parameters 6y Update parameters 6.

Classification Prediction
\ network C Left Malignant: [0,1]

Left Benign: [0,1]

Right Malignant: [0,1]

undersampled
k-space f Reconstruction Right Benign: [0,1]
output ul

Image based T

error metric
/ Label

Left Malignant: [0,1]
Left Benign: [0,1]
Right Malignant: [0,1]

Fully sampled Right Benign: [0,1]
reference uf,

fully sampled
k-space

L(Or,O¢c) = uLr(©r)+ (1 — p)Lc(Oc¢)

IPAM 01/2020



End to end reconstruction and classification

Separate End-to-end

Work in progress :-)

IPAM 01/2020



End to end optimization: Reconstruction/Classification

Hardware




Imaging at lower field strengths: 0.55T system

6 averages 1 acquisition IFT 1 acquisition VN reconstruction

Johnson ISMRM Sedona 2020 IPAM 01/2020



Imaging at lower field strengths: 0.55T system

Fully sampled 6 avgs IFT: R=3 single acq VN: R=3 single acq
(tacg=14.5 mins) (tacg=0.9 mins) (tacg=0.9 mins)

Johnson ISMRM Sedona 2020 IPAM 01/2020



Summary: End to end optimization of diagnostic pipeline

ﬁ

Hardware Data acquisition ~ Pulse sequence Reconstruction
design
4
=0 o

|

Diagnosis

Benign/Malignant

IPAM 01/2020



Open questions

Robust enough for clinical routine?
Integration in clinical workflow?
Validation: When and how do things go wrong?

Theory (Math ©)!

IPAM 01/2020
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Thank you!

https://med.nyu.edu/faculty/florian-knoll
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NYU School of Medicine

NYU LANGONE MEDICAL CENTER
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