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Machine Learning in Medical
Imaging: Opportunities

- Machine learning techniques are starting to reach levels of
human performance in challenging visual tasks

- Big data is slowly arriving in medical imaging

( UK Biobank will provide large-scale imaging data from 100,000 subjects)




Machine Learning in Medical ‘

Imaging: Opportunities

- Machine learning techniques are starting to reach levels of
human performance in challenging visual tasks

- Big data is slowly arriving in medical imaging
| UK Biobank will provide large-scale imaging data from 100,000 subjects ’

Lifestyle

Genetics

Clinical
records




€

Machine Learning in Medical
Imaging: Opportunities

- Machine learning techniques are starting to reach levels of
human performance in challenging visual tasks

- Big data is slowly arriving in medical imaging

( UK Biobank will provide large-scale imaging data from 100,000 subjects)

-
Computer Aided Diagnosis )

b

Computer Aided Decision Support )

)

Computer Aided Detection

_

Quantification of Imaging Biomarkers,
e.g. Image Segmentation

Level of diagnostic support

Image Reconstruction &

Enhancement
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Machine Learning in Medical
Imaging: Challenges

 Images are often 3D or 4D:
— # of voxels and # of extracted features is very large

- Number of images is limited:
— large data set means typically 100 to 1000 images
— “small sample size problem”

- Training data is expensive:
— annotation of images is resource intensive (manpower, cost, time)

— crowdsourcing not possible

» Training data is imperfect:

— training data may be wrongly labelled, e.g. for diseases such as
Alzheimer’s confirmation requires pathology (difficult and costly to
obtain)



Machine Learning in Medical
Imaging: Challenges

 Images are highly variable
— Different scanner hardware
— Different imaging sequences
— Images have artefacts Slemens

Philips GE

* Presence or absence of pathologies

Abnormal



Overview
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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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MR full acquisition

 MRI acquisition is performed in k-space by seque
traversing sampling trajectories.
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MR full acquisition

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

K-space Signal space
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MR full acquisition

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

K-space Signal space
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MR full acquisition

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

K-space
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K-space undersampling

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

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

K-space Signal space

Full sampling
(slow)




Deep Cascade of CNNs for MRI ¢
Reconstruction

QOBEE Conv. Net

3x3 Convolution Layer

—d
) [ ] Rectified Linear Unit
—

Residual Layer

Data Consistency Layer

Schlemper et al. IEEE TMI 2017



Deep Cascade of CNNs for MRI
Reconstruction

OOOEE Conv. Net
3x3 Convolution Layer

—d
) [ ] Rectified Linear Unit
—

Residual Layer

Data Consistency Layer

Denoise (via CNN)
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Deep Cascade of CNNs for MRI ¢
Reconstruction

QOBEE Conv. Net

3x3 Convolution Layer

—d
) [ ] Rectified Linear Unit
—

Residual Layer

Data Consistency Layer
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Schlemper et al. IEEE TMI 2017



(6-fold) ‘

Magnitude reconstruction

(a) 6x Undersampled (b) DLTG (c) CNN (d) Ground Truth

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 p
Reconstruction: Results

» Test error across 10 subjects:
2D, PSNR: mean (sd) 2D+t (vs. DLTG)

a4 Individual Dataset Reconstruction

| Model | R=4(dB) | R=8 (dB) [IENE
DLTG 27.5(1.31) 22.6 (0.95)
CNN  31.0 (1.08) 25.2 (1.00)

N
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Undersampling factor

Schlemper et al. IEEE TMI 2017



Deep Cascade of CNNs for MRI p
Reconstruction: Results

» Test error across 10 subjects:
2D, PSNR: mean (sd)

44

| Model | R=4(dB) | R=8 (dB) [IENE
DLTG 27.5(1.31) 22.6 (0.95)
CNN  31.0 (1.08) 25.2 (1.00)
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__Model | Time _

DLMRI/DLTG ~6 hr (CPU)

CNN (2D)
CNN (2D+t)

0.69 s (GPU)
10 s (GPU)

2D+t (vs. DLTG)

Individual Dataset Reconstruction

¥ CNN
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Schlemper et al. IEEE TMI 2017



Still, cardiac imaging is challenging

 Acquisition of cardiac MRiI
typically consists of 2D muilti-
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 Ill




Still, cardiac imaging is challenging

 Acquisition of cardiac MRiI
typically consists of 2D muilti-
slice data due to

— constraints on SNR 2 - Chamber
— breath-hold time LAX Slice
— total acquisition time

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

+ Images are acquired in
different orientations:

— short-axis
—long-axis, 1.e.
« 2CH or 4CH views

4 - Chamber
LAX Slice




Still, cardiac imaging is challenging: p
Low and High Resolution Images

PSF kernel and
patient motion

v

Image Super
Resolution
Model

[ 2D LAX Images ] [ 2D SAX Images ]




Proposed 3D-SR Model
(Single-lmage)

Residuals

High Resolution
Output Image

Low Resolution
Input Image

| Convolution |

|Convo|ut|on + RelU
|Convo|ution + RelLU
IConvqution + RelU

Upscaled Input Image

O. Oktay et al. MICCAI 2016



Proposed 3D-SR Model
(Multi-Image)

Image Resampling Feature Extraction (Matched Network) Image Reconstruction
N = D B -3
c
S| = 2112] |2
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Binary Mask of LAX Slice

— Siamese model is used to combine information from multiple stacks
— The learned kernels can be easily integrated in this multi-model

O. Oktay et al. MICCAI 2016



Image Quality Assessment

’i‘ ’i

CNN 3D-LV SAX
AchIsmon Interpolatlon i Super Res 0 . | Acquisition
1.2x1.2x10mm 1.2x1.2x2mm 1.2x1.2x2mm -~ 1.2x1.2x2mm
Low Resolution Linear Proposed High Resolution

Input Image Interpolation Method Ground-truth

Upsampling x5
Inference Time: 6-8 Seconds for image size (140x140x10) O. Oktay et al. MICCAI 2016




Motion Tracking Experiments
(SR is used as a preprocessing method

Surface to Surface Distance
(Proposed vs HR) 4.73 mm




Overview

Low Resolution

Input Image
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Upscaled Input Image

Image reconstruction &

super-resolution

Output Image

Confidence:

Abdominal View

98%

Image segmentation




- Aim: Better fetal screening with US

— Use multiple US probes to acquire more
comprehensive imaging data

— Use robotic control of US probes to ensure
wider field of view

— Use machine learning for automated US
image acquisition and interpretation

 Partners:

wellcometrust  PHILIPS EPSRC

Sz Imperial College

LONDON London
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Automatic Standard Scan
Plane Detection

Abdominal View
Confidence: 98%

Lips View
Confidence: 96%

Goal: Do this in real-time on images straight from US machine
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Automatic Standard Scan
Plane Detection

 Potential applications:

— Guidance: Assist
iInexperienced sonographers

Background (75%)



Automatic Standard Scan ‘

Plane Detection

 Potential applications:
— Guidance: Assist

iInexperienced sonographers Abdominal
. . Brain (Tv. )@ =
— Convenience: Automatically Brain (Ch Ml

make a check list of visited
planes




Automatic Standard Scan
Plane Detection

 Potential applications:

— Guidance: Assist
iInexperienced sonographers

— Convenience: Automatically
make a check list of visited
planes

— Reproducibility: Reduce
variability between operators




Automatic Standard Scan p

Plane Detection: Method

* Fully convolutional neural network:

C1(7x7/2)-MP  C2(5x5/2)-MP C3(3x3/1) C4(3x3/1) C5(1xl/1)  C6(I1x1/1)
I I I | |

13x13x64  13x13x128 13x13x128 13x13x64

|
C Global Average Pooling )
Softmax
= (e

55x55x32

225x225x1 13x13x K

— Very fast
— Very accurate

C. Baumgartner et al. MICCAI 2016, IEEE-TMI 2017



Automatic Standard Scan
Plane Detection: Data

€

- We use very large 2D ultrasound dataset consisting
of images of standard views and videos

Video of fetal ultrasound examination (typically 20 minutes, 30'000 frames)

EENNENEEEEEEEEEE AN NN NN EEEEEE RGNS UNENEE NN NN NN EEEENEEEEE CSESNENEENEEENENEENEEENEENEEENENERESERNENEND

R ~ — T 375
Annotated "freeze frames" saved by operator (typically 30 images)

 Data from
— 2700 patients
— Between 1200 and 4800 images for each standard plane






Automatic Standard Scan ‘

Plane Detection: Localisation

Conv. (7x7/2) | MP Conv. (5x5/2) / MP Conv. (3x3/1) Conv. (3x3/1)
| ] ] ] I
. \\\
R — T —
I e T
I B — ] I —— ] —_
C
13x13x64 13x13x128 13x13x128 g
<
56x56x32 -
X
Loy
TN I% =
229x229 — o % o
0] g g ] & :::/D
A T
Prediction: "4CH" ! 3« = 13x13x64
(@]
: O 7 I |
] —___ 13x13 Conv. (1x1/1)

D Convolutions followed by 2x2 max-pooling
D Convolutions with no max-pooling

[ ] "Convolutions" with 1x1 kernel

Localisation is (almost) for free in this framework!
C. Baumgartner et al. MICCAI 2016, IEEE-TMI 2017



Automatic Standard Scan
Plane Detection: Localisation

 Can also identify which regions of a frame caused it to
make a particular prediction

e N

Detection Unsupervised Localisation

Abdominal View
(98%)

Lips View
(96%)

J
(a) Input frame (b) Prediction (c) Category-specific (d) Localised (e) Approximate
feature map salicency map localisation

- This can be used for localisation of the fetal anatomy
without having bounding boxes for training

C. Baumgartner et al. MICCAI 2016, IEEE-TMI 2017






Standard Plane Detection from 3D p

Ultrasound
* Motivation
— 3D ultrasound data is hard to interpret directly on the US
scanner

— We aim for a system that can automatically extract standard 2D
views from a 3D view at any probe position

- Eventually, we would like this to work in real-time




Overview

Low Resolution

Input Image
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Upscaled Input Image

Image reconstruction &

super-resolution

Output Image

Confidence:

Abdominal View

98%
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Convolutional Neural Networks @

Dog
IIIIZIIZIIZII—> ]

[ Convolution + RELU [] Fully connected layer

B Max pooling B Softmax



Convolutional Neural Networks @

[ Convolution + RELU [] Fully connected layer

B Max pooling B Softmax



Convolutional Neural Networks @

for Image Segmentation

- Different architectures:
— Fully convolutional networks (Long et al., 2015)
— U-Net (Ronneberger et al., 2015)
— DeepMedic (Kamnitsas et al., 2016)

] Convolution + RELU [} Unpooling (transposed convolution)
B Max pooling B Softmax Skip layers




Convolutional Neural Networks @

for Image Segmentation

- Different architectures:
— Fully convolutional networks (Long et al., 2015)
— U-Net (Ronneberger et al., 2015)
— DeepMedic (Kamnitsas et al., 2016)

] Convolution + RELU [] Transposed convolution
B Max pooling B Softmax Skip layers
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Image segmentation as a
machine learning problem

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

DOI 10.1186/512968-017-0327-9 Journal of Cardiovascular

Magnetic Resonance

RESEARCH Open Access

Reference ranges for cardiac structure and L
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’




SA, apical

LA, 2 chamber LA, 4 chamber



Evaluation of segmentation accuracy ‘
Comparison to expert observers

(a) Absolute difference

Auto vs Man| | Olvs 02 0O2vs 03 0O3vsO1 |
(n = 600) ! (n = 50) (n = 50) (n = 50)

LVEDV (mL) 6.1i5,3 6.1:}:4_4 8.8i4_8 4.8i3,1
LVESV (mL) 5.344.9 41140 6.714.9 71433
LVM (gram) 6.945 5 4.243 9 6.614.9 6.544.8
RVEDV (mL) 8.947.1 11.147 6.2446 8.7+538
RVESV (mL) 72168 156475  6.6455  11.7469

(b) Relitive difference

Auto vs Man || OlvsO2 0O2vs 03 03vsO1
(n = 600) ! (n = 50) (n = 50) (n = 50)

LVEDV (%) 41435 4.2431 6.343.3 3.419.9
LVESV (%) 9.549.5 6.847.5 12.5438 5 11.7454
LVM (%) 8.347.6 4.4435 3 6.013.7 6.7+4.6
RVEDV (%) 5.6146 8.015.0 4.2431 D.713.6

RVESV (%) 1181125 ||30.61155 10.9:53 169495




Challenges for image segmentation: ”
Pathologies

‘ May be present or absent I
Location & size of pathologies
varies significantly
Appearance can local or
diffuse
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DeepMedic: Overview

« Baseline CNN architecture:

— Four layers with 538 kernels for feature extraction, leading to a
receptive field of size 173.

— The classification layer is implemented as convolutional with 13
kernels, which enables efficient dense inference.

— Cross-entropy as loss function

Loca = == D1 (5) = willog (f(z2)

Brain MRI Input Segment Convolutional Layers Classification Layer
............. i
N I I 1 - _ » i
i 253 | N o S ) e L N e
CNN's receptive field 30x213 40x173 40x13 X i

centred on top left prediction 13 kernels

K. Kamnitsas et al. Medical Image Analysis, 2016



DeepMedic: Overview

 The size of receptive field of CNNs is important:
— Large receptive increases computation and memory requirements
— Pooling leads to loss of the spatial information

- Solution: Use multi-scale approach

Full resolution

Input Segment Convolutional Layers Rully Connected Layers
Normal resolution) (as Monvolutions with 13 kernels)

Classification

""" Layer
"""""" . .
[ ] [ J
------- . .
Input Segment . .
[ ] [ ]

{Low resolution) Low Normial
4 Resolution Resolution

T = * 150%93 150%93

Receptive fields of the @athways, 40x73 50x33
centred on top left pr@diction

Low resolution

K. Kamnitsas et al. Medical Image Analysis, 2016



DeepMedic: Results

Patients with
severe TBI

DeepMedic DeepMedic
(single scale) (multi-scale)

K. Kamnitsas et al. Medical Image Analysis, 2016

Manual



DeepMedic in Action

K. Kamnitsas et al. Medical Image Analysis, 2016
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DeepMedic: Results

* 66 patients with moderate-to-severe Traumatic Brain Injury (TBI)

 Imaging at Addenbrooke’s Hospital, Cambridge, with 3T Siemens
Trio within the first week of injury.

- MRI sequences include

— MPRAGE
— FLAIR, T2, Proton Density (PD) and Gradient-Echo (GE)

Segmentation Accuracy

0 5 10 15 20 25 30 35 40 45 50 55 60

__Volume of Lesions

S 40
o 1 H'
O
>
35 40 45 50 55 60

Case Number

K. Kamnitsas et al. Medical Image Analysis, 2016




Challenges for image segmentation: ‘
Deployment in the clinic

- ML-based segmentation often W
(_dam_dau:lnnn Aanloaviad in Alinianld \ ~

Unsupervised domain adaptation using adversarial
neural networks can be used to train a CNN-based
segmentation

— which is more invariant to differences in the input data

— which does not require any annotations on the test domain

- Manually annotating new data for
each test domain is not a feasible
solution



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

Source (S)

Domain: Dg = {Xg, P(Xs)}
Task: Tg = {yg, fév : Xg — ys}
Given: (Xs,Ys)
XS — {xSl, ...,ajsn},xsz' € XS
Ys ={ys1,--»Ysn},¥si € Vs
Learn: fs ~ f§

fs(z) = Ps(y|z) p

Target (T)

Domain: Dy = {Xr, P(
Task: T ={Vr, b
Here: Yr =)
Domain Shift;




Solution: Unsupervised domain @

adaptation with adversarial networks

« Learn a domain classifier fp




DeepMedic: Unsupervised domain

adaptation with adversarial networks

Bseg

1 (xy)~(Xs,Ys | Ys='} zalthy”)

Normal resolution pathway

Segmenter

1 (xy)~(Xs,Ys| Ys=* esion”)

M Iti-sca

se, ment (x)

LN+ Ln2 Lng Lna Lns

—1 Lne Ln7 — Lns

- Ax253 30x233 30x213 40x193 40x178
Low resolution pathway

le

“1Lutp--1Lleof---

40x158 40x138

4x193 30x1738 30x15°8

(x~Xs, y="Sourfe”

(x~XT1, y="Targht”

Lig|=-1Liaf-*-1-| Lis |-

Lie

50x113 50x93

Healthy or
Lesion?

1 OOx93 Conc

Lo 1 L1o L11 {Lseg(Bseg)D

40x133 40x113 ' | 40x93 40x73: | 50x53 50x38

et 1lizr-{Llsrrr

50x93

15Ox93 50x93 5x93
UIO

[Ups:alr;pleH Crop

410x98

Target Domain?

Concat.

Domain
Discriminator

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



DeepMedic: Unsupervised domain

adaptation with adversarial networks

Normal resolution pathway Segmenter
- Lt —Lne— s Lna Lns 1 Lne Lnz [ Lne Fealthy or
30x233 30x213 40x193% 40x173| 40x153 40x13%  50x113 50x93
" W e L lution path X X X 100)(93 Conc sl T e
- ow resolution pathwa
ce. mont 00 PR pariway 15Ox93 50x99  5x93
-~ 4L f--qliep-|Lus =i Leaf-t1-|Ls |--|Lus | t-1=-1 Loz -1 Lis f [ Up

40x133 40x113 !

4x193 30x1738 30x15°8

(x~Xs, y="Sourse”

40x93 40x73 *

50x5% 50x33

50x93

[ 410x93

(x~XT1, y="Targht")

[Ups;lr;pleH Crop J

a‘--N

Segmenter: 1 ﬁseg,

Concat.

Target Domain?

Domain

Discriminator

_% Z[f(g;z) = yi]log(f(xi)) (w3, 9i) ~ (Xs,Ys)

'<Lseg( Bseg))

Domain Disr: (Lot —— > log(f(h(a))) — — ng (1= Jo(hay)) i~ X
1=1 T XT
Adapted Segmenter: »Cadeeg :(: Se;,\ 'CV»Ca,:lv,

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



DeepMedic: Unsupervised domain
adaptation with adversarial networks

Manual

Source Domain (S)

[~ o b x
Train on S (All Seq.) BTrain S (No GE/SWI) rain S, D.Ato T (ours) Manual

Target Domain (T)

K. Kamnitsas et al. IPMI 2017, arXiv:1612.08894
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DeepMedic, FCN & U-Net

4 N

Ensemble of Multiple Models & Architectures (EMMA)

Performance insensitive to suboptimal configuration

Behaviour unbiased by architecture & configuration

oo/
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Ensemble of Multiple Models
and Architectures (EMMA)

Need to learn: P (Y| X)
Approximate it by model: P (Y |X; Gm,(;;z‘;)
with learnt parameters  6,, = mind (P (Y| X;0,,,m), P(Y|X)), dthe loss.

Om
Model is defined by chosen meta-parameters m.

Commonly m is neglected. but it biases the results!

a We define stochastic variable M, over configurations of interest.

Need to marginalise out influence of M.
P(Y|X)= ) PY,M=m|X)= Z PY|XM m) P (M =m)

VmeM '&7_7}_6_4/_[) l
EMMA approximate the joint by ensemblmgm‘ dividual models:
v
1
~Peyma (YIX)= Y P(Y|X;0p,m) —
VYme M |M’

~



M: Network architectures

ﬂ)eepMedic [Kamnitsas 2015, 2016, 2017]: httgs://github.com/KamnitsLA

Brain MRl 'MPut Segment Normal resolution pathway
(Normal res.)

& Lnt LNZ'L Lns [ Lna -é—)l Lns  Lne —'r Lnz [ Lns ‘é")_‘

-
4x253  30x238 30x213 40x193% 40x173 40x153% 40x133 50x113 50x93
X X X X X X X X X 100x93[Conc]Jr o I - _é_)_ c "",‘
; (Low res.) b‘w
l 150x93 150x93 5x93 -
- Lut [ Lee Lis [ Lus HH Lis H Lus Lz [ Lis e}

4x193  30x173 30x153 40x133 40x113 40x9%  40x72 50x5% 50x3° 50x9°
Low resolution pathway

FCN [Long 2015]:

hitps://github.com/DLTK -

16 732

> Conv. (kernel=3x3x3)
V strided (x2) Conv.

3 128 128 P> Conv. (kemel=1x1x1)
;»" > “r Bilinear upsampling
128 == ki o
XIm» > Skip connection
256 256 256 . Segmentation maps

U-Net [Ronneberger 2015]: T
https://qgitlab.com/eferrante mm

')’ }' ->€I-).>.}-
< 64 64

DD'I ==>» Skip connection

01261128 @ Add element wise

64 64
-->

@ Max-pool (x2)
< Up (x2) via repetition




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

R AV alk T — —~ PSP - —~ e~ — by by _4

UL~ 11O .o OJ.1 O4&ev [ (.1

MIC_DKFZ 73.2 89.6 79.7 79.0

90.9 78.3 99.8 99.5 99.9 4.22 456 6.11

o~ — —~ o~ ~ A~~~ ~ PPN — s — —

J e O JJIJ.O JJIJ.T JJd. | TN O eI i .UV

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.



Conventional CNNs: Do not use prior ‘
knowledge explicitly

 Analysis of Neural Networks
— Model parameterization

— Model capacity / receptive field

— Loss function / objective

- Standard Loss Functions

— X-Entropy loss function

== Z 10%( ef;f(i, )

1€S c=1

— L2 or Smooth L1 loss function

> @i, 6:) =y |’

€S
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Conventional CNNs: Problem




p

Conventional CNNs: What we want




Learn anatomical priors using a ‘
stacked convolutional autoencoder

* Provides a non-linear compact representation of the
underlying anatomy

Autoencoder
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O —~ \*:T\:?':IO"::'L{ Q O ~ 1

X Q X P yiay = O X -

O &= || <= O o

C s} R :'O\:“""?' CD O

It @ ALLTE 7 bt

Label map | W = | Labelmap| | £
\X/

<« 0L/ 00; L./ a6,

/

O. Oktay, in press, IEEE TMI 2017



Anatomically constrained CNN: ¢
T-L networks for representing priors
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Anatomically constrained CNN:
Segmentation framework

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

Segmentation

¢(.)

Euclidean Loss Ly,

ACNN-Segmentation Model

Gradients for Global Loss
. — Gradients for Pixel-Level Loss

----------------------------------------------------------------------
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Anatomically constrained CNN:
Segmentation results

Method Mean Hausdorff Dice # Trainable
Dist. (mm) Dist. (mm) | Score (%) | Parameters

2D-FCN [264]  2.074£0.61  11.374£7.15 | .9084+.021 1.39 x 10°

S 3D-Seg 1.77+£0.84 10.2848.25 .9234+.019 1.60 x 10°
S 3D-UNet [50]  1.66+0.74  9.9449.22 | .923+.019 | 1.64 x 10°
§ AE-Seg [217] 1.75+0.58 8.42+3.64 .9264.019 1.68 x 10°
S 3D-Seg-MAug  1.5940.74 8.5248.13 928+.019 1.60 x 10°
E A g=)\ 0-+N AR R 0 0 N6
< [ ACNN-Seg  1.374+0.42  7.89+3.83
D-Values D UJ.UU D ~ U.0JU L UJ.UU -
2D-FCN [264] 1.5840.44 9.19+7.22 7274.046 1.39 x 106
S 3D-Seg 1.4840.51 10.15+£10.58 | .773+.038 1.60 x 106
.§ 3D-UNet [50] 1.4540.47 9.81+11.77 .7644.045 1.64 x 108
S AE-Seg [217] 1.5140.29 8.5242.72 J779+£.033 1.68 x 10°
T 3DSeg-MAug 1.37£0.41  9.4149.17 | .7854+.041 | 1.60 x 10°
S AR _Qax M N DA 0 0 0 N6

A )1+ 1364
ACNN-Seg  1.14+0.22 7.3143.59 [.8114.027| 1.60 x 106

p-values P < U.0U D~ U.0 -




Anatomically constrained CNN: ‘
Segmentation results

3D-Seg-MAug
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Anatomically constrained CNN:
Super-resolution framework

___________________________________________________________________
- ~ o~

4
-’
-

Predictor
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Anatomically constrained CNN: ‘
Super-resolution results

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

Original LR image
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Anatomically constrained CNN:
Learnt Hidden Representations

 Histogram of the learnt low-dimensional latent representations
(randomly selected 16 components are shown).
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Summary and Conclusions

lllllllllllllllllllllllllllllllll

Validation is challenging
l
M Requires collaboration between computer
’ scientists, engineers and clinicians
3 .

Optimisation of imaging pipeline with respect |
to clinically useful information




Acquisition

Current state-of-the-art @

|

Define relevant
information

Reconstruction

ﬂl

X

=

ol

!

Analysis

]
!
w




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
Platform
Medical Research Council

Big data (population data) Multi-modal data
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