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Value proposition

Deep learning for medical imaging:
Opportunities
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MR image acquisition: Challenges

- Magnetic Resonance Imaging (MRI)
— MRI acquisition is inherently a slow process
— Slow acquisition is
- ok for static objects (e.g. brain, bones, etc)
* problematic for moving objects (e.g. heart, liver, fetus)

— Options for MRI acquisition:
- real-time MRI: fast, but 2D and relatively poor image quality
- gated MRI: fine for period motion, e.g. respiration or cardiac motion but requires gating

(ECG or navigators) leading to long acquisition times (30-90 min).



Example: Cardiac imaging ‘

Right Ventricle

Left Ventricle

Myocardium
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Cardiac MRI: Full acquisition is slow

- MRI acquisition is performed in k-space by sequentiall
sampling trajectories.
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Cardiac MRI: Full acquisition is slow

- MRI acquisition is performed in k-space by sequentially traversing
sampling trajectories.

K-space Signal space
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Cardiac MRI: Full acquisition is slow

- MRI acquisition is performed in k-space by sequentially traversing
sampling trajectories.

K-space Signal space




Cardiac MRI: Full acquisition is slow




Deep learning for image reconstruction ‘

K-space Signal space

learning-based

Full sampling reconstruction

(slow)

e.g. compressed
sensing



Deep learning for image reconstruction

] Convolution + RELU  [[] Transposed convolution
B Max pooling B Softmax Skip layers




Deep learning for image reconstruction: How?




Deep learning for image reconstruction @

Conv. Net

[1 3x3 Convolution Layer
[[1 Rectified Linear Unit
—

Residual Layer

Data Consistency Layer

Schlemper et al. IEEE TMI 2018



Deep learning for image reconstruction

Conv. Net

[1 3x3 Convolution Layer
[[1 Rectified Linear Unit
—

Residual Layer
Data Consistency Layer

Denoise (via CNN)
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Deep learning for image reconstruction

Conv. Net

[1 3x3 Convolution Layer
[[1 Rectified Linear Unit
—

Residual Layer
Data Consistency Layer
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Magnitude reconstruction (6-fold)

(a) 6x Undersampled (b) CNN reconstruction (c) Ground Truth

Schlemper et al. IEEE TMI 2018



Magnitude reconstruction (11-fold)

(a) 11x Undersampled (b) CNN reconstruction (c) Ground Truth

Schlemper et al. IEEE TMI 2018



Replacing Deep Cascade of CNNs with a
Recurrent Neural Networks

(a) Traditional Optimisation

e g?)c > arg;nin
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C. Qin et al. arXiv:1712.01751, IEEE TMI 2018



Replacing Deep Cascade of CNNs with
Recurrent Neural Networks

(a) CRNN-MRI

e

k-space samples

RNNs over both iterations and time:

* Embed the iterative optimisation process in a learning setting

* Exploit spatio-temporal redundancies
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Replacing Deep Cascade of CNNs with
Recurrent Neural Networks

(a) Ground Truth (c) CRNN (e) 3D-CNN (g) 3D-CNN(S) (i) kt-FOCUSS (k) kt-SLR
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C. Qin et al. arXiv:1712.01751, IEEE TMI 2018



Exploiting k-t Correlations

k-t NEXT: Exploiting spatio-temporal redundancies in complementary domains

k't N EtWOfk With X'f Tra nSfO rm: |<———— Fourier transform in xy

temporal average

* Exploit k-t correlations in x-f domain with CNNs
* Alternate between both x-f and image domains k-space - - -
learning complementary information

subtract temporal average from sampled phase encodings

mverse Fourier transform in k CRNN
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Qin et al. MICCAI, 2019
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Exploiting k-t Correlations

k-t NEXT: Exploiting spatio-temporal redundancies in complementary domains

k't N EtWOfk With X'f Tra nSfO rm: | «——— Fourier transform in xy

temporal average

* Exploit k-t correlations in x-f domain with CNNs
* Alternate between both x-f and image domains k-space - - -
learning complementary information

subtract temporal average from sampled phase encodings
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Qin et al. MICCAI, 2019



Exploiting k-t Correlations

k-t NEXT: Exploiting spatio-temporal redundancies in complementary domains

k-t NEtwork with X-f Transform: P
* Exploit k-t correlations in x-f domain with CNNs ‘e ;
* Alternate between both x-f and image domains k-space - - -
learning complementary information
subtract temporal average from sampled phase encodings
l /nverse Fourier transform in k CRNN
x-f space
) ( ) / ( ) ( ) images /mage
—(n—-1 n-—1 —(n-1
p =DC(p Prec ) +xf _CNN(prec ~ Prec ) space
(TL) ( ) 0 (n) H (n) inverse Fourier transform along t
Orec = CRNN (7: p v(©® v Prec™ :7: Orec x-t space o1 — gtn)] '

. X- f space
image space f Reconstructed x-f
X
)
p
Xf CNN }* Fourier transform inf

x-f space Qin et al. MICCAI, 2019



Exploiting k-t Correlations

PSNR (dB)/SSIM

k-t FOCUSS CRNN-MRI k-t NEXT
Ox 29.52/0.951 32.45/0.969 34.23/0.979
12x 28.14/0.937 31.30/0.962 33.28/0.975

Qin et al. MICCAI, 2019



Exploiting motion for extremely undersampled ¢
dynamic MRI reconstruction

Fully sampled ‘x1’
X High time-cost
v Accurate reconstruction




Exploiting motion for extremely undersampled
dynamic MRI reconstruction

¢

Fully sampled ‘x1’
X High time-cost
v Accurate reconstruction




DC-CNN: Data-Consistent CNN ¢

Zero-filled De-aliasing network DC: Data Dynamic MRI
reconstruction 9 consistency Reconstruction
¢ |

iterate

image space image space k-space image space

Schlemper et. al (2018)



Data-consistent motion-augmented
cine (DC-MAC)

¢

Frame t+1

Frame t next frame Frame t+1

motion field

Exploiting motion for extremely undersampled dynamic MRI reconstruction
G. Seegoolam et al. MICCAI 2019, ISMRM 2020



ME-CNN: Motion-Exploiting CNN

Zero-filled Motion DC-MAC De-aliasing DC: Data Dynamic MRI
reconstruction Estimation Generation Network consistency Reconstruction
1 |

iterate

Exploiting motion for extremely undersampled dynamic MRI reconstruction
G. Seegoolam et al. MICCAI 2019, ISMRM 2020



Data-consistent motion-augmented-cine
(DC-MAC) example (x16 acceleration rate)

Ground Truth Iteration 1 Iteration 2 Iteration 3

w/ Motion Field
overlaid

Input/Zero-filled PSNR: 28.11 PSNR: 30.26
reconstruction SSIM: 0.74 SSIM: 0.81 SSIM: 0.82

Exploiting motion for extremely undersampled dynamic MRI reconstruction
G. Seegoolam et al. MICCAI 2019, ISMRM 2020



ME-CNN vs DC-CNN example
(x16 acceleration rate)

Ground Truth DC-CNN! (" DC-MAC ME-CNN )
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Input/Zero-filled PSNR: 30.34 \_ PSNR: 30.61 PSNR: 31.93 J
reconstruction SSIM: 0.77 SSIM: 0.82 SSIM: 0.87

Exploiting motion for extremely undersampled dynamic MRI reconstruction
1 Schlemper et. al (2018) G. Seegoolam et al. MICCAI 2019, ISMRM 2020



ME-CNN vs DC-CNN example p
(x51 acceleration rate)

Ground Truth DC-CNN! (" DC-MAC ME-CNN )
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Input/Zero-filled PSNR: 25.65 \_ PSNR: 23.07 PSNR: 28.99 J
reconstruction SSIM: 0.71 SSIM: 0.66 SSIM: 0.83

Exploiting motion for extremely undersampled dynamic MRI reconstruction
1 Schlemper et. al (2018) G. Seegoolam et al. MICCAI 2019, ISMRM 2020



2-net: Systematic Evaluation of Iterative Deep Neural p
Networks for Fast Parallel MR Image Reconstruction

B0 e he Wide-range comparison of SOTA approaches
| including
o oy P  Variable Spiting — various data consistency layers
— implicit and explicit coil combination
— loss functions
— model ensembling

Parallel Coil Sensitivity
Networks Networks
Paper:
Hammernik et al. https://arxiv.org/abs/1912.09278
Schlemper et al. https://arxiv.org/abs/1912.05480
Loss function: Semi-supervised
£1+SSIM finetuning COde:
Loss function: https://github.com/khammernik/sigmanet

£1+SSIM+
LS-GAN



2-net: Systematic Evaluation of Iterative Deep Neural a
Networks for Fast Parallel MR Image Reconstruction

Architectures

— Sensitivity Networks: Require explicit coil information
— Parallel Coil Networks: Learn implicit coil combination

Sensitivity Networks Parallel Coil Networks

NN, ’ »NN’ ’i’ o ’DC”-‘ ’DC»
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2-net: fastMRI challenge submission @

Sensitivity networks required a style-transfer layer to match the intensities of the target
root-sum-of-squares (RSS) reconstruction. This has NO practical relevance!

Example reconstruction for a fat-saturated PDw image of the fastMRI validation set at
R=8.

(a) SENSE (b) RS | (c) X-net - (d)GD-SN-FT




Image Enhancement vs 2-net Reconstruction @

Reference Enhancement Y.-net Reconstruction
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PDFS R

8
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Deep learning for image super-resolution

» Acquisition of cardiac MRI typically

consists of 2D multi-slice data due to Slice | T
— constraints on SNR Slice |l
— breath-hold time

— total acquisition time Slice Ill

- This leads to thick slice data (thickness
8-10 mm per slice)




E Super-resolution via image-to-image translation ‘




Low Resolution
Input Image

Super-resolution via image-to-image translation

|Convo|ution + RelLU

|Convo|ution + RelLU
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Upscaled Input Image

O. Oktay et al. MICCAI 2016



Super-resolution via image-to-image translation ‘

O. Oktay et al. MICCAI 2016



Deep learning for image super-resolution

Input

Slice

Image Resampling Feature Extraction (Matched Network) Image Reconstruction
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Deep learning for image super-resolution

PSF kernel and
patient motion

What we
want

[ 3D HR Image}

‘ 8 [ Sinc Fi)r]
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Image Super
Resolution
Model
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have




Deep learning for image super-resolution

,,' ' ,,

+2D-LV SAX Linear CNN S3D-LV SAX
Acquisition Interpolation Super Res Acquisition
1.2x1.2x10mm 1.2x1.2x2mm 1.2x1.2x2mm 1.2x1.2x2mm

O. Oktay et al. MICCAI 2016



Deep learning for image segmentation @

'] Convolution + RELU  [] Transposed convolution

B Max pooling B Softmax Skip layers

Bai et al., JCMR 2018



Deep learning for image segmentation ‘

Lavdas et al. 2017,

Medical Physics DeepMedic: K. Kamnitsas et al. Medical Image Analysis, 2017

Bai et al., JCMR 2018



Deep learning for image segmentation

* Fully connected networks (Long et al., 2015)

- Manual annotations of 4,872 subjects (QMUL/Oxford) with 93,128
pixelwise annotated 2D images slices

+ Divided into training/validation/test: 3,972/300/600

Petersen ef al Jowna! af Cardiovascalor Magnent Besonance (201711918
DO 10.84K1 2968.0° 703279

Journal of Cardiovascular
Magnetic Resonance

RESEARCH Open Access

Reference ranges for cardiac structure and @
function using cardiovascular magnetic

resonance (CMR) in Caucasians from the UK
Biobank population cohort

Steffer £ Petersen |, Nay Aung ', Minir M. Sangbw |, Filic Zemrak |, Kerneth Fung |, Jose Migue! Paiva
Jare M. Faras’, Monammed Y. <har) ', Zlena Lukaschuk®, Aaron M Lee ', Va'entna Casapella”, Young Jin £im*-,
Paul Leescn”, Stefar K. Piechnik” and Stefan Neubauer”
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Deep learning for image segmentation

SA, basal SA, mid-ventricular SA, apical

LA, 2 chamber LA, 4 chamber Bai et al., JCMR 2018



Evaluation of segmentation accuracy
Comparison to expert observers

(a) Absolute difference

Auto vs Man)[ O1 vs 02 02 vs O3 O3 vs
(n=600) || (n=>50) (n=50) /
LVEDV (mL) 61153 || 61iaa 8844 2
LVESV (mL) 5.314.9
LVM (gram) 6.945.5
RVEDV (mL) | 8547,

RVESV (mL)

(n=50) (n=50)
6.3i3,3 3-412.2
12.5458 5 11.7454
6.043.7 6.7+4.6

42431 5.7+36
ESV (%) | 1181105 ||3061155 109485 169100

W. Bai et al., JCMR 2018



Deep learning for joint image segmentation
and motion tracking: Motion-Seg Net

Segmentation Motion Estimation

@ reature map @M convolution | trar

'convo!u(:on(smde:}] o:nncak‘enzhnn o
[W. Bai et al, 2018]

Challenges:
« Segmentation: only ED/ES frames are annotated
* Motion field: no ground truth are available

Beyond supervised learning:

Self-supervised motion estimation +
weakly-supervised segmentation

tenation ‘ convolutiontupsampling a RNN ‘

Qin et al. MICCAI, 2018




Deep learning for joint image segmentation
and motion tracking: Motion-Seg Net

______________________________________________________

L

ﬁ shared weights

Feature encoder

Image similarity loss
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Vo e I
1
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\ Segmenta}ion loss on
unlabejled data

Segmentation loss on .
(b) Segmentation branch labelled data |

ﬁ feature map concatenation - convolution+upsampling a RNN

Qin et al. MICCAI, 2018




Deep learning for joint image segmentation
and motion tracking: Motion-Seg Net

« Loss function:
L=2L,+MLs+ ALy,

 Motion estimation loss:

- Segmentation loss on labeled data:

Ls=— ZlEL yllog(f(ﬂ?l; @))
- Warped segmentation loss on unlabeled data:

Ly=— ZnEU yilog(fuw(Tn; ©))
Qin et al., MICCAI 2018



Cardiac MR image analysis:
Is the problem solved?
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Cardiac MR image analysis:
Is the problem solved?

- Acquisition of cardiac MRI typically
consists of 2D multi-slice data due to
— constraints on SNR
— breath-hold time Slice Il
— total acquisition time
 This leads to thick slice data
(thickness 8-10 mm per slice)

* Motion between slices can lead to
artefacts

Slice |

Slice Il




Cardiac MR image analysis:
Is the problem solved?




Conventional CNNs: What we want




CNNs: No explicit use of prior knowledge

- Standard Loss for segmentation' Cross-Entropy loss

J(e,d)
Z Z log( S ef(32)>

1ES c=1

- Standard loss for super-resolution: L2 or L1 loss

> (@i bn) =y’

€S



Anatomically constrained CNNs

Low-resolution input

-
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High-resolution output
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Deconv (1x1x10 - s5)
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0
0

Strided Convolutions
Inverse Convolutions

Concatenation

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN:
T-L networks for representing priors
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O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN:
Segmentation framework

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

: 5 EQ
: Segmentatlon © |50 .
! O _Pay !
' ¢(.) o =50 :
: LIC_I 5’:“()_-:._: :
| g : , 131 :
. i Input Image (x) el
' AR EE R R R RERREERRERREERRERRERRRERRRRRRRRRRRRREd C :
| oL 8|
1 % :
: S :
ACNN-Segmentation Model > :
: o :
: Gradients for Global Loss e ;
.. — Gradients for Pixel-Level Loss \)

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

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN:
Segmentation results

:

ACNN=Seg

e

3D-Seg-MAug ACNN-Seg

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN:
Super-resolution framework

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

)

Predictor
p(
N‘,‘g
@)

ACNN-Super Resolution Model

Predictor

o wm o om omm om om omm om om oEm E  E E Em E E  E E  Em E E Em Emomomom P

- Gradients for Global Loss

-

— Gradients for Pixel-Level Loss

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

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN:
Super-resolution results

Baseline SR Anatomically constrained Ground-truth
approach SR model HR image

Original LR image

O. Oktay et al. IEEE TMI 2017



Traditional medical imaging

4 )
14 £V
Acquisition Reconstruction Analysis Interpretation
\ J U " o oresE e g (TP J
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X Serial process with no interaction between different components of imaging pipeline
X Limited ability for adjustment of upstream imaging pipeline based on downstream
requirements
\ X Stages of imaging pipeline not optimized for clinical endpoint p




Al-enabled medical imaging

L é"}"‘ £
Acquisition Reconstruction Analysis Interpretation
N ,
4 )
v" Close coupling of acquisition, reconstruction, analysis and interpretation
v Feedback and interaction between components of imaging pipeline JAWE G
‘\00%

v" Optimization of whole imaging pipeline with respect to clinical endpoint

4




Al-enabled medical imaging p

~

2 2

Acquisition Diagnosis
Y sy

Do we need images at all?



2 o €
\Iomartheart,A  Al-enabled medical imaging: Example

Ground truth

J. Schlemper et al.
MICCAI 2018
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