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Machine learning in medical imaging: p
There is a lot of hype
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Machine learning in medical imaging: ’
There is a lot of hype

“They should stop training radiologists now.”
Geoffrey Hinton (godfather of deep learning) in 2017

"To the question, will Al replace radiologists, |
say the answer is no...”

“... but radiologists who do Al will replace
radiologists who don’t."
Curtis Langlotz in 2017

macnine
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Machine Learning (ML) and the role it will play in the future of radiology will
be central to a broad scope of programming at RSNA 2017.




Machine learning for medical imaging: Opportunities ‘

- Big data is slowly arriving in medical imaging

[ UK Biobank will provide large-scale imaging data from 100,000 subjects )
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Machine learning for medical imaging: Opportunities

A

Computer Aided Diagnosis

Computer Aided Interpretation Screening

Tumour quantification

Quantification of Imaging Biomarkers Radiomics

Organ localisation

Semantic Image Interpretation Organ segmentation

Image Enhancement

Super-resolution

Value proposition
Level of diagnostic support

Automated scan planning

Image Acquisition and Reconstruction Accelerated imaging




Practical challenges for ML in medical imaging ‘

« Most ML approaches are supervised:
Training data is key

- How to obtain training data?

- Training data is expensive: ,\60\
— manpower, cost, time \QG‘
— years of training ap~s \S 1\
32
+ Traini A0S
\\ \\!
— training ongly labelled




Practical challenges for ML in medical imaging ‘

- ML-based solutions often degrade
when deployed in clinical scenarios

Chilips

Siemens

* scanner protoce = B GE

« Manua
test do
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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




Cardiac MRI: Full acquisition is slow

- MRI acquisition is performed in k-space by sequep*
traversing sampling trajectories.
K-space
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Cardiac MRI: Full acquisition is slow ‘

- MRI acquisition is performed in k-space by sequep*
traversing sampling trajectories.
K-space




K-space undersampling

- Acquiring a fraction of k-space accelerates the process but
introduces aliasing in signal space.




K-space undersampling ‘

- Acquiring a fraction of k-space accelerates the process but
introduces aliasing in signal space.

K-space Signal space

Full sampling

learning-based
(slow) g

reconstruction

e.g. compressed
sensing



Image reconstruction from
undersampled k-space

* One can recover full k-space through compressed sensing
techniques:
— Lustig et al., MRM 2007

—Jung et al., MRM 2009
— Otazo et al., MBRM 2010

* More recently other technigues have shown to be powerful for
this task as well:
— Caballero et al., IEEE TMI 2014: Dictionary learning 7
— Bhatia et al., MICCAI 2016: Manifold learning B
_ ased on
— Schlemper et al., IEEE TMI 2017: Deep learning for cardiac MRI learnt priors
— K. Hammernik et al., MRM 2017: Deep learning for knee MRI

Based on generic priors, e.g.
sparsity or low-rank




Problem formulation @

- Reconstruct image x € CV given undersampled k-space
measurementsy € CM (M « N):

Undersampled Fourier encoding matrix Acquisition noise




Problem formulation

- Reconstruct image x € CV given undersampled k-space
measurementsy € CM (M « N):

y=F,xHe

* In the case of Cartesian sampling we have ¥, = MF where
F ¢ CN*N applies the 2D Fourier transformand M e CMxN

is the undersampling mask in k-space



Problem formulation ‘

- We are trying to solve the following unconstrained optimisation
problem:

min. (R(x))+ 2y — Fuxli3



Problem formulation ‘

- We are trying to solve the following unconstrained optimisation
problem:

min. (R(x))+ 2y — Fuxli3

- For CNN based reconstruction we formulate the problem as

m}i(n. X — fcnn(Xulo)”% + Al Fyx — yn%



Data consistency layer ‘

 To ensure data fidelity, we add a data consistency layer. For
fixed network parameters we can write:

| Scnn(j) if j € Q  Missing part of k-space
Srec(J) = §gnnkj) + 450{J) ficO
1+ /

Senn = FXenn = chnn(xu|0)



Data consistency layer ‘

« End-to-end training requires specification of forward and
backward passes

- Forward pass:

)
; A) = FY AFx + ——F/
fL(x,y: 4) X+ 1y

- Backward pass:

5
OJL _ gpH AR
oxT

[5fdc(S, S0; /1)]
J

’Y) $0(J) — Senn (/) if jeQ

(1+ 2)?

{0 if j €0



Deep Cascade of CNNs for MRI Reconstruction ‘

Input

Conv. Net
3x3 Convolution Layer

/
[1 Rectified Linear Unit
/.

Residual Layer

Data Consistency Layer

Schlemper et al. IEEE TMI 2017



Deep Cascade of CNNs for MRI Reconstruction

Conv. Net
3x3 Convolution Layer

/
[1 Rectified Linear Unit
/.

Residual Layer

Data Consistency Layer

Denoise (via CNN)
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n=64 n=64 n=64 n=64 n=2
- - - - - Schlemper et al. IEEE TMI 2017



Deep Cascade of CNNs for MRI Reconstruction ‘

Conv. Net
3x3 Convolution Layer

/
[1 Rectified Linear Unit
/.

Residual Layer

Data Consistency Layer

_ Scnn(j) if j ¢Q
Srec () = Senn(J) + 4so(j) ificQ
1+ 2 /

Schlemper et al. [IEEE TMI 2017



Magnitude reconstruction (6-fold) ‘

N

(d) Ground Truth

. -

(a) 6x Undersampled (b) DLTG (c) CNN

Schlemper et al. [IEEE TMI 2017



Magnitude reconstruction (11-fold) ‘

(a) 11x Undersampled (b) DLTG (c) CNN (d) Ground Truth

Schlemper et al. IEEE TMI 2017



Deep Cascade of CNNs for MRI Reconstruction:
Results

« Test error across 10 subjects:

o i e

Individual Dataset Reconstruction

5
S

n
N

1)
PSNR DLTG 27.5(1.31) 22.6 (0.95) S % =
S 38
CNN 31.0 (1.08) 25.2 (1.00) “J s T
é 34 I
! 8 32 +
| Model | Time | £ S om
DLMRI/DLTG ~6 hr (CPU) DLTG
Speed CNN 2D 069 GPU 280.05 0.10 0.15 0.20 0.25 0.30 0.3
( ) . S ( ) Undersampling factor
CNN (2D+t) 10 s (GPU)

2D+t (vs. DLTG)

Schlemper et al. IEEE TMI 2017
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Convolutional Neural Networks

for Medical Image Segmentation @

. feature map . convolution @ transposed convolution
' convolution (stride = 2) 9 concatenation

W. Bai et. submitted to JCMR, 2018
arXiv:1710.09289v3



Image segmentation as a p

machine learning problem

- 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 et al. Journal of Cardiovascular Magnetic Resonance (2017) 19:18

DOI 10.1186/512968-017-0327-9 Journal of CQI’dIOVaSCU|ar
Magnetic Resonance

RESEARCH Open Access

CrossMark

Reference ranges for cardiac structure and ®
function using cardiovascular magnetic
resonance (CMR) in Caucasians from the UK
Biobank population cohort

Steffen E. Petersen'”, Nay Aung’', Mihir M. Sanghvi', Filip Zemrak', Kenneth Fung', Jose Miguel Paiva’,
Jane M. Francis?, Mohammed Y. Khanji', Elena Lukaschuk?, Aaron M. Lee', Valentina Carapella®, Young Jin Kim??,
Paul Leeson?, Stefan K. Piechnik® and Stefan Neubauer’

W. Bai et. submitted to JCMR, 2018
arXiv:1710.09289v3



SA, basal

SA, apical

W. Bai et. submitted to JCMR, 2018
LA, 2 chamber LA, 4 chamber arXiv:1710.09289v3



Evaluation of segmentation accuracy
Comparison to expert observers

(a) Absolute difference

Auto vs Man_ Olvs 02 0O2vsO
(n = 600) (n = 50)

LVEDV (mL)
LVESV (mL)
LVM (gram)

RVEDV (mL)
RVESV (mL)

6.145.3 6.1444

9.344.9
6.945.5

8.947.1
7.246.

VESV (%)

vs 02 02vs O3 0O3vs Ol
(n=50) (n=50) (n=50)
42431 6.343.3 34499
6.8475 12.548 5 117451
44433 6.043.7 6.7+46

8.0+5.0 4.2431 5.7+3.6

1184122 [ 30.64155 109133 16.949.2 |

W. Bai et. submitted to JCMR, 2018

arXiv:1710.09289v3



But: Cardiac imaging is still challenging ‘

» 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)

Slice |

Slice Il




But: Cardiac imaging is still challenging ‘

» 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




Conventional CNNs: Problem




Conventional CNNs: What we want ‘




Conventional CNNs: No explicit use of prior knowledge ‘

- Standard Loss for segmentation: Cross-Entropy loss

SN L)

1€S c=1

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

> (@i 6,) —y; |I°



Anatomically constrained CNNs

Low-resolution input High-resolution output

. Segmentation & Super Resolution Network
//\ _______________________________________________________________________________________________________________________________________ )
° ] kil HR Output
Input LR

K Image S

S age - S

I Y e (0 N [ =

! I N I O 60

AN B B ek 12 120
x=120 [~ - 120
ol oAl || g Deconv (1x1x10 - s5)
. ° @ A~ /g ¢ Conv (3x3x3 - s1)
:Conv (3x3x3 - s1) WL At / : 12 Deconv (4x4x1 - s2)
:Conv (3x3x3 - s1) 60 R [ 7 60 Conv (3x3x3 - s1)
| o ' b o
Conv (3x3x3 - 82) @ , |/ “ (,  Deconv (4xdx1 - s2)
Conv (3x3x3 - s1) 30 @ AL @ 30 Conv (3x3x3 - s1)
ln \s B - - . .
Conv (3x3x3 - s2) 2R - 12 Deconv (4x4x1 - s2) Strided Convolutions
Conv (3x3x3 - s1) 15 15 Conv (3x3x1 - s1) Inverse Convolutions
Concatenation

Conv (3x3x1 - s2)

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN:
T-L networks for representing priors

PR R L L R R R
~

"" . T-L ~‘\‘
. X flr;tensﬂy YVr A Network
S mage
5 v
5 Predictor oLy,
oL, 8 p(yr; 9p) 20,
F S

( Euclidean Loss L;, ) Autoencoder
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\ <« 0L/ 00 odL./00, -
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----------------------------------------

O. Oktay et al. IEEE TMI 2017
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Anatomically constrained CNN: ¢
Segmentation framework

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

m Segmentatlon m |:>
o(.)

Euclidean Loss Lj,

oL,
)
00, 5
7
S
ACNN-Segmentation Model >
o
Gradients for Global Loss E
. — Gradients for Pixel-Level Loss é

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

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN: p
Segmentation results

£

3D-Seg-MAug ACNN-Seg

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN: ’
Super-resolution framework

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

Predictor

|
( Iéuclidean Loss Ly, )

N om oo om o o M E E W EEm e memomom

AT
PRI e

1),
::.- G '."f W, o
cu,,..:'-::ln..,"......

ACNN-Super Resolution Model

Predictor

- Gradients for Global Loss

-

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

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN: p
Super-resolution results

O' ‘. i ‘
\ "

Baseline SR Anatomically constrained Ground-truth

Original LR image approach SR model HR image

O. Oktay et al. IEEE TMI 2017



Anatomically constrained CNN:
Super-resolution results

"" «7"

’l ‘U
I
“2D-LV SAX Linear CNN

Acquisition Interpolation Super Res
1.2x1.2x10mm 1.2x1.2x2mm 1.2x1.2x2mm

"3D-LV SAX
Acquisition
1.2x1.2x2mm

O. Oktay et al. IEEE TMI 2017



Challenges for medical image segmentation: ‘
Deployment in the clinic

- ML-based segmentation often degrades i

wh

) Th? Unsupervised domain adaptation using adversarial |
tral neural networks can be used to train a CNN-based
vall segmentation

— which is more invariant to differences in the input data
— which does not require any annotations on the test domain

 Ma
test domain is not a feasible solution




Deploying machine learning into
clinical practice: What is the problem?

Source (S)
Domain: Dg = {Xg, P(Xs)} X =(xha?
Task:  Tg ={Vs, fo: Xs— Vs} A, Target (T) = {x,0}
Given: (Xg,Ys) X? x
Xg = {:USl, ...,ajsn},ZL’Si € Xg » X/ :
- Ys ={ys1, .-, ysn},ysi € Vs x L=
fs(x) ~ Ps(yl) ¢z % °
x {fs ~ fs
Target (T) P s
® e
Domain: Dy = {X7, P( x 7
Task: Tr = {Yr, I P - o Xs o
Here: JYr =Y ® 7o ® ¢
Domain Shift: “
P( | ° ¢ ¢

/
T




Solution: Unsupervised domain @
adaptation with adversarial networks

- Learn a domain classifier fp




DeepMedic: Overview

Full resolution
InFJt Segment Convolutional Layers %Iy Connected Layers
(Nofmal resolution) ’ﬁ (as C@nvolutions with 13 kernels)
Brain MRI — L. . . - —)| Classification
(= L % ) Layer
4| | ol 3 :
- ]
— 3 3 W =
% 30x212  40x173  40x13 50x9° /)
'n?ﬁmmr't . .
{Lpw resolution) Low Normal = )| ® H
‘ j Resolution Resolution = 5
. ‘ U .
0 . Ipsampling
B | I Y R

150x93 150x93

a0x11s  A0x73 50X

centred on top left predic

3

Receptive fields of the patthys, 193
ti

30x153 ]
¢ Low resolution

K. Kamnitsas et al. Medical Image Analysis, 2016



DeepMedic in Action ‘

K. Kamnitsas et al. Medical Image Analysis, 2016



DeepMedic: Unsupervised domain
adaptation with adversarial networks

Bseg Normal resolution pathway Segmenter
(X,y)~(Xs,Ys| Ys="F 2 — — : — ‘ — Healthy or
et N1 N2 N3 N4 N5 NG N7 N8 iy
30x233 30x213 40x193 40x173| 40x153 40x133 50x113 50x93
MR Image . - 4x253 _ 1Ox93[Conc]~ Lo Lo L1+ '(Lseg(BsegD
sl: Ir::;sr::ta(l)?) ; Low resolution pathway 150x9° 150009 5x93
- -1 Lo f-qler--{Lis|=-{Liaf-1-"| Lis [--| Lis |- Lizp-1Lisfe-
4x193 30x173 30x153 40x133 40x113: | 40x93 40x73: | 50x53 50x33 !
.................. e -
(x~Xs, y="Sou :
(x~Xt, y="Targ

in?
P 270x03 Targe:*t Domain’
[UpsampleH Crop Domain

Discriminator Laav(Badv)




DeepMedic: Unsupervised domain
adaptation with adversarial networks

; Beeg Normal resolution pathway Segmenter

(%y)~(Xs,Ys | Ys="t salthy”)
(x,¥)~(Xs,Ys| Ys=* esion”)
> 4x253 30x23° 30x21% 40x193 40x178| 40x153 40x133  50x113 50x9°

MR Image 1OX93[COHC]‘ Lo M L1o L11 {Lseg(Bseg))
M( Iti-scale Low resolution pathway T

Healthy or
Lesion?

Lnt v Lna 1 Lna = Lns 1 Lne [ Ln7 1 Lns

se{ ment (x) ' 150x93 150x99 5x93
~ ‘f‘* “1Llutr-flear---|Lus [--1Leag-*-1-| Lis [--| Lie |-t-1--1 Lz -1 Lis -1 1
4x19% 30x173 30x15° 40x13% 40x112} | 40x93 40x73: | 50x53 50x33 !

............... ¥ : TT0:0° Target Domain?

Y7 Soute = Domain
(=X, y="Targgt") _— Discriminator Ledv(Bady)

R R 1 —
segmenter: (L= —— > [[ (i) = yillog(f(x:)) ., (xi, i) ~ (Xs,Y)

Rl =1

TN 1 i
Domain Discr.: l\ég_@,‘: —EZlog I (h( — —Zlog (1= fp(h(zy))) ,x; ~ Xg
i=1 .CUJ ~ XT

K. Kamnitsas et al. IPMI 2017, arXiv:1612.08894



DeepMedic: Unsupervised domain
adaptation with adversarial networks

Manual

Source Domain (S)

Train on S (All Seq.) JTrain S (No GE/SWI) rain S, D.Ato T (ours)

Target Domain (T)

K. Kamnitsas et al. IPMI 2017, arXiv:1612.08894



Challenges for medical image segmentation:
DeepMedic, FCN & U-Net

4 N

Ensemble of Multiple Models & Architectures (EMMA)
Performance insensitive to suboptimal configuration

Behaviour unbiased by architecture & configuration

R




Challenges for medical image segmentation: ’
Behaviour and performance is variable

P(edema), loU

{ ’ s

L\

Model trained with
cross-entropy loss Model trained with

loU (Dice) loss




Ensemble of Multiple Models
and Architectures (EMMA)

Need to learn: P (Y| X)
Approximate it by model: P (Y| X; Qm,(:fn\;)

with learnt parameters 6,,, = ngin d(P(Y|X;0,,m),P(Y|X)), dthe loss.

Model is defined by chosen meta-parameters m.

Commonly m is neglected, but it biases the results!
ﬁ

4 We define stochastic random variable M, over configurations of interest. )

Need to marginalise out influence of M:

PY|X)= ) PY,M=mX)= Z P Y\XM m) P (M = m)
VmeM TmeM /

————————

EMMA approximate the joint by ensembling individual models:
v
1
~ Perma (Y]X) = Z P(Y|X;0,,,m) — Wi

VYmeM




M: Network architectures

KDeepMedic [Kamnitsas 2015, 2016, 2017]

Input Segment Normal resolution pathway

Brain MRI

FCN [Long 2015]:

(Normal res.)

- Lnt [ Lne Lng [ Lna -é—)" Lns [ Lne Alr\ Lz H Lne H

4x253  30x23% 30x213 40x193 40x173 40x15% 40x138 50x118 50x93

100x93| Cone 4 Lo f— Lio H+HH C
(Low res.)
150x93  150x93 5x93

- Lt [ Lz [+ Lis [ Lia ) Lis [ Lie + L7 F Lis () Up

4x193  30x173 30x15% 40x133 40x113 40x93  40x78 50x5% 50x33 50x93

Low resolution pathway

#Classes

> Conv. (kernel=3x3x3)

'V strided (x2) Conv.
’ Conv. (kernel=1x1x1)
“r Bilinear upsampling
== Skip connection

. Segmentation maps
4+  Add element-wise

256 256 256

U-Net [Ronneberger 2015]: u "
"R

16

- [RIRE

16 #Classes

“r 16
------- > . .'
@ } P M > Conv. (kemel 3x3x3)
& 32 32

64 64
Max-pool (x2)
[ macl 4 ] ®- ool )
32 -4 &« ¢ & 4O Up (x2) via repetition
DbE ==>» Skip connection

64 128128 @ Add element wise




M: Network configurations

» Architecture configuration:
— depth, width, scales, residuals, etc.
* Training Loss:
— Cross-Entropy, loU, DSC, etc.
- Sampling strategy:
—equally per class, foreground/background, etc.
« Optimisation:
— optimizer, learning rate, momentum, regulariser...

- Data normalisation:
— z-score, bias field correction, histogram matching



1st Place

2017 MICCAI BraTs Challenge
(Segmentation Task)
K. Kamnitsas, et al. "Ensembles of Multiple Models and
Architectures for Robust Brain Tumour Segmentation®




BRATS’17 Challenge:
Quantitative validation

- EMMA: 2 x DeepMedic, 3 x FCNs, 1 x U-Net

— Different training losses, sampling strategies, widths, depths, configurations
— No config was heavily optimised for the task (3/6 nets were quite suboptimal)

DSC Sensitivity Specificity Hausdorff_95

Enh. Whole Core Enh. Whole Core Enh Whole Core Enh. Whole Core
EMMA 75.7 90.2 82.0 79.0 90.9 78.3 99.8 99.5 99.9 4.22 4.56 6.11

T T (o nh Pl — A O ey ey PN RPN PN NP WY W W= N = WX O A = o —

U odT LI\ [ ] OJd. | O&eT | 1 . L [V s Bryr—) O JJ.O JJId.IT JdJJ. | .00 e . UyYU

MIC_DKFZ 73.2 89.6 79.7 79.0 89.6 78.1 99.8 99.6 99.9 4.55 6.97 9.48

 Robustness:

— EMMA of all 6 was better than individuals.
— Ensemble of 3 best nets was only marginally better than EMMA of all 6 nets.



Summary and Conclusions

Validation is challenging

Requires collaboration between computer
scientists, engineers and clinicians

Optimisation of imaging pipeline with respect to
clinically useful information




Acquisition

Current state-of-the-art

Define relevant
information

Reconstruction




Future: End-to-end optimisation of
entire imaging pipeline via deep learning

End-to-end optimisation of acquisition, reconstruction,
analysis & interpretation via deep learning



Future: End-to-end optimisation of
entire imaging pipeline via deep learning

End-to-end optimisation of acquisition, reconstruction,
analysis & interpretation via deep learning

Dementias
Platformu«
Medical Research Council

Big data (population data) Multi-modal data
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