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IMAG/e/ Tracking of nerve fibres in brain
AR tumour patients

Andrey Zhylka (a.zhylka@tue.nl)!, Josien Pluim’, Marcel Breeuwer'?, Alexander Leemans?
'Medical Image Analysis Group, TU/e, ?Philips Healthcare, 2JUMC Utrecht

A little on diffusion imaging...
 What fiber tracking is...

« What project is about...

« What it has to do with optimisation ...

courtesy of Maxime Chamberland

| Medical Image Analysis Group

Where innovation starts




Wrapped Gaussian process regression on Riemannian manifolds

Anton Mallasto & Aasa Feragen

August 3, 2018
a) b)
Gaussian process regression is a popular tool in non-parametric regression that provides meaningful un-

certainty estimates. In this work, we consider a generalization of the method on Riemannian manifolds
employing wrapped Gaussian distributions.
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Optimization for multi-scale 3D reconstruction of
ptychographic X-ray tomography data

Azat M. Slyamov, Tiago Ramos, Jens W. Andreasen
Technical University of Denmark, Department of Energy Conversion and Storage, 4000 Roskilde, Denmark

—{2.7182818284
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DTU Energy
Department of Energy Conversion and Storage



Optimization for multi-scale 3D reconstruction of
ptychographic X-ray tomography data

Direct reconstruction in 3D requires large computational recourses and/or time consuming reconstruction
algorithms. Here, we propose a multi-scale approach for reducing convergence time by fast reconstruction
of low-resolution image and its further application as an input guess for high-resolution reconstruction.

Coherent X-ray diffraction imaging
Io = |F{¥e}|* = |Wel?

Yo = POg

)

Og = exp likJ -6 +ip

0

Phase-retrieval
min(ly —IJ")

2 DTU Energy, Technical University of Denmark
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Optimization for multi-scale 3D reconstruction of
ptychographic X-ray tomography data

Single-scale reconstruction Reconstruction from scaled data

° 10 o 10 ° 10
0 0 0 pr ] @
os o8 os 10
> .'
100 100 00 > | {\J f
os 06 08 2 x‘ |} \
- . =
150 150 150 ¢ % \ - i \
2y e el A A 'Y
04 04 o4 N SR p gy X i Y
10° ST RE v RN
w0 20 bl L % m
02 e 4 A A IVa¥u¥uli
o 02 02 20 R 5 2 A\
T T
oo 0 5 0 15 2 r 0
oo oo
° £ 100 150 00 %0 ° 0 100 150 20 =0 ° = 100 = =0 =0

Multi-scale reconstruction

DTU Energy, Technical University of Denmark
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Physical Model Based Segmentation

A method for assessing uncertainty in tomographic structural analysis result

Elise Otterlei Brenne™
elbre@dtu.dk

Supervisors: Peter Stanley Jgrgensen”, Vedrana Andersen Dahl”, Ali Chirazi*

*Department of Energy Conversion and Storage, Technical University of Denmark, Frederiksborgvej 399, 4000 Roskilde, Denmark
*Thermo Fisher Scientific, Bordeaux, France

HE

Problem Basic physical model:

® Errors will occur and propagate through the sifferent steps of the CRUSSEN M MmoCE amne

tomographic pipeline > added Gaussian noise, fitted to
5 1D intensity histogram
® This makes it challenging to assess the uncertainty in the final result >
()
H : iaful b h g - I Parameters:
e How to assign meaningful error bars to the extracted materia - Phase volume fractions
parameters? _
Intensity - Noise levels
Data acquisition Reconstruction Segmentation Measurements ‘
/\ /\ /\ /\ Extended physical model:
Sample Projection images 3D tomogram data Segmented data Material parameters Model fitted to 2D intensity-

gradient histogram

? 5 4
c O

+ w :
Xt : :

u o o Parameters:
-Phase volume fractions O 8
-Interface areas s - Interface areas
-Tortuosity
-Permeability - Resolution

-Electrical conductivity...

/ Intensity

Measurements through physical modelling ' v 7




Drifted FIB-SEM Images

Correcting Drifted FIB-SEM Images

using a Model-Based Registration Approach

@m Standard Image Registration Methods

z (section)

No correction
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Correction in x

[

source: thestar.com/opinion/editorlal_cartoon/201BA03/25/greq-perry-faceplant.htmi

Hans JT Stephensen, Sune Darkner, Jon Sporring



Drifted FIB-SEM Images

Correcting Drifted FIB-SEM Images

using a Model-Based Registration Approach
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Hans JT Stephensen, Sune Darkner, Jon Sporring



Direct Segmentation from
Projections

min ||p — pl| min ||p — pl|
X C



C_)ptlmize an energy
involved In a curve

min E(C) =
(C) Z[ (p(0,5) = up(0. 5))%ds

g S

— o(L
th(c) (Ly(x,y) — ) dxdy
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Multiphase Local Mean Geodesic Active Regions

Jacob Daniel Kirstejn Hansen & Francois Bernard Lauze
Department of Computer Science

August, 2018
Slide 1/4
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Addressed problem

Jacob Hansen — Multiphase Local Mean Geodesic Active Regions .
Slide 2/4




UNIVERSITY OF COPENHAGEN DEPARTMENT OF COMPUTER SCIENCE

Proposed methods

Ewtv(c,v) Z/ gx* |(u—ci(x ))2v,'] (x) dx + pJn(v),

Ewq(c,v) = Z/g* u— ci(x))?v/] (x)dx—i—gHDvH%
veX,ae)

Using a modified (now more general) version of the
Chambolle, Crembers, and Pock's framework and a simple
proximal method to optimize the two energy functions,
respectively.

Jacob Hansen — Multiphase Local Mean Geodesic Active Regions
Slide 3/4
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Jacob Hansen — Multiphase Local Mean Geodesic Active Regions .
Slide 4/4




Tuning the hyperparameters in an
MR patch-based CT metal artifact
reduction algorithm

Jonathan Scharff Nielsen (DTU, RGH), Jens M. Edmund (RGH,
NBI) and Koen Van Leemput (DTU, MGH)

* Metal implants lead to CT metal artifacts

* \We've created a generative model of CT
values, corrupted CT values and MR patches
for estimating CT values using Bayesian
Inference



Hyperparameters

 The model uses kernel density estimation along
with a noise model of the CT artifacts

* The problem: Hyperparameters need picking;
an optimisation problem! Come hear about

Empirical Bayes and the EM-algorithm.

2 2
Om’, 0 Om”, Oy Om’, Oy
too small just right too large

Figure 1:
ThkMARdeIItd simulated data (left)
gdff ent paramete ttg Left: Too small kernel
aaaaaaaaa ; middle: The kernel variances that generate d
nces.

thdt ghttlgk nel v
The gre IIttth tft mdlth

pro bblty f CT alue ompromis fth
and the surface.




An Optimal Algorithm for
Stochastic and Adversarial
Bandits

Julian Zimmert & Yevgeny Seldin
August 6, 2018

University of Copenhagen
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Modelling Time Evolution of Medical Images @88B Ssmsmmsie

2 years 10 years

MRI scans of human brain development

Minimize:
1
E(v) = [ Il + o 67 =
0

With deformations:

d
d¢; ' = —D¢; 'vidt — > Dé; oy os dBY

k=1

Line Kiihnel, Stefan Sommer & Alexis Arnaudon — 20-05-2016
Slide 1/1




Limitations of Cross-Lingual Learning from Image Search

Lexicon induction from image data: Does it work for adjectives
and verbs?

mug: Tasse: traurig: gehen:




Multigrain crystallography:
Indexing algorithms for
multiphase polycrystalline
Cu,ZnSnS, solar cells

Mariana Mar Lucas
DTU Energy

Technical University of Denmark

Main topics:

= Kesterite (CZTS) solar cells

= Structural characterization
of the absorber layer

= Crystallographic phases of
the absorber layer

= Multigrain crystallography
= 3D X-ray diffraction
= Indexing algorithms

= Grain mapping

Absorber layer

Top layers

Co
R0, ITO- 400 nm

ZTS - 400 nm
Mo, MoS, - 800 nm

Soda lime glass

Substrate

~ Back contact

z [um]

(Oddershedde, 2011)
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Motivation - Is there a problem?

Cluster failure: Why fMRI inferences for spatial extent
have inflated false-positive rates

Anders Eklund®*®<", Thomas E. Nichols®¢, and Hans Knutsson®<

ey |
Why Most Published Research Findings

Are False ANALYSIS

John P. A.loannidis

@ PLoS Medicine | www.plosmedicine.org 0696 August 2005 | Volume 2 | Issue 8 | e124

Power failure: why small sample
size undermines the reliability of
neuroscience

Katherine S. Button'-2, John P. A. loannidis?, Claire Mokrysz!, Brian A. Nosek#,
Jonathan Flint>, Emma S. J. Robinson® and Marcus R. Munafo'

NATURE REVIEWS [NEUROSCIENCE VOLUME 14 [ MAY 2013 [ 365

Science 28 August 2015: <1
Vol. 349 no. 6251 _
DOI: 10.1126/science.aac4716 =] @ 2073 Macmillan Publishers Limited. Al rights reserve d

RESEARCH ARTICLE
Estimating the reproducibility of psychological science

Open Science Collaboration®t
+ Author Affiliations

JfCorresponding author. E-mail: nosek@virginia.edu

Martin Ngrgaard @
NRU, Copenhagen University Hospital, Rigshospitalet



Optimization of Preprocessing Strategies in Positron
Emission Tomography (PET): A [11C]DASB Study

[Norgaard et al., 2018 in prep]

(2) Data Acquisition

b
% ~
& ;

Images in different brain states

(1) Experiment
- subject selection

Brain States
- Experimental design
- disease, damage etc.

(5) Interpretation

(4) Data Modeling/Analysis

- Univariate (e.g. ANOVA, T-test, regression)
- Multivariate (e.g. MANCOVA, PLS)

Optimization?

A. EXPERIMENTAL and ACQUISITION DESIGN PARAMETERS

Stage 1| | Subject Selection |

Stage 2 | Experimental Design l

Stage 3| [ DataAcquisition |
:

B. POST-ACQUISITION PIPELINE PROCESSING

Stage 4 Preprocessing

Stage 5 Data Analysis I
A

y

C. MEASURING PIPELINE PROCESSING EFFICACY

[Tabachnick and Fidell, 2001] - “"Do not expect
garbage in, roses out”

Martin Ngrgaard
NRU, Copenhagen University Hospital, Rigshospitalet

Within-Session: Metric o
Stage 8 | | “pioeline Optimisation | 172ININg

Between-Session,

Stage 7 Independent- Test
Evaluation Metrics

[Churchill and Strother, 2016]
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Sperm quality is declining

>
Ly = ~— 40-50% =
&= njllion : ': due to :nale§.
'-.? affected ©

—~factors §

T

Motility an important factor

Mette Bjerg Mortensen (DIKU) Saving the Human Race 14/8/2018 1/2



First ever 4D tomographic reconstruction of a sperm cell

Spermatozoa

/\f\/\*

Mette Bjerg Mortensen (DIKU) Saving the Human Race 14/8/2018 2/2



) ) ] ) DTU
Reconstructing images from in situ small

angle x-ray scattering experiments

Michael Korning Sgrensen, DTU Energy

I

Organic solar cells are:
Cheap, non-toxic, flexible, colourful, and shows the
potential to mass produced.

Few pioneering companies, can not sustain with out
founding.

Efficiency and life times are too low at this stage.

B Acceptor
B Donor

@ Exciton

Understand the morphology of the active layer
and how to tweak it.

1 DTU Energy, Technical University of Denmark
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What we do, and why I am here

Roll to roll printing in
situ x-ray scattering.

Time 1 Time 2

Several parameters at
‘one’ experiment.

2D - detector with temporal
information.

Contain information of the
morphology.

2 DTU Energy, Technical University of Denmark

Every element and shape scatters differently.
Currently: an iterative model.

Aim: rewrite as a convex optimisation
problem.

Cylinder

2R
"]

Pyramid
2R

> =

A

35.27°=90°-54.73° °

aldeg)

20deg)



Direct Surface
Reconstruction for
Structured Light

Optimization




Deep Diffiomorphic Transformer Networks (DDTN)

Nicki Skafte Detlefsen, Oren Freifeld, S¢ren Hauberg

Spatial transformer networks (STN’s)

Classifi calmn network

\*Q

/ﬁ Iﬁ" I’ m—mﬂl Basic idea:
Incorporate

______________________ I . .
. diffiomorphic
& Ot‘”i,"‘ A transformations
into STN’s

30-07-2018 Section for cognitive systems, DTU Compute

Accuracy

The network learns
a squarification of
facial images

0.90 1
0.85
0.80

0.70 4

0.65 1

0.60 4

0.50 1

Optimization experiment:

—

10-2 10! 100
Learning rate

“Revertability—Invertability”” hypothesis
Optimizing non-invertible STNs is prone to instability

. - rtible
_|_ Affine on-mve

—}— Affine-Diff
[ TPS } Invertible



Extraction of Airways using Graph Neural Networks

Raghavendra Selvan

A A A y
Node Features, X _
(0)= (2) M=
Hosx B WO B HO=Z
(1) (2) (T)
Graph Convolution Layers Decoder
- >

Encoder



UNIVERSITY OF COPENHAGEN

Topological Differences in Deformable
Registration

Rune Kok Nielsen — Explicit Modeling of Singularities in Deformable Registration — August 1, 2018
Slide 1/3




UNIVERSITY OF COPENHAGEN

Composition with explicit topology changing
deformation

I lM:IOWd; S
W

G ¥ ¥

Wy
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Q; Q"] Qg Qg

Rune Kok Nielsen — Explicit Modeling of Singularities in Deformable Registration — August 1, 2018 .
Slide 2/3
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Result

I I M S

(67

Rune Kok Nielsen — Explicit Modeling of Singularities in Deformable Registration — August 1, 2018
Slide 3/3
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FEATURE LEARNING BASED ON VISUAL SIMILARITY TRIPLETS IN
MEDICAL IMAGE ANALYSIS
A case study of emphysema in chest CT scans

Silas N @rting, Jens Petersen, Veronika Cheplygina, Laura H Thomsen, Mathilde M W Wille, Marleen de Bruijne



PRODUCING ARTIFICIAL DATA SAMPLES USING
GENERATIVE ADVESARIAL NETWORKS

Motivation: THIS 15 YOUR MACHINE LEARNING SYSTET?
* Performance of machine learning algorithms YUP! YOU POUR THE. DATA NTO THIS BIG
. . PILE OF LINEAR ALGEBRA, THEN COLLECT

depends heavily on the available data THE ANSLERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE RONG? )
JUST STIR THE PILE UNTIL

» Data acquisition and annotation is tedious,

time-consuming and error-prone. THEY START LOOKING RIGHT,
i
I-ll\
RN T
P AN . sl

Source: https://xkcd.com/ 1429/

/v AARHUS SS: OPTIMIZATION IN IMAGE ANALYSIS SIMON LEMINEN MADSEN

UNIVERSITY 14 AUGUST 2018 PHD STUDENT
DEPARTMENT OF ENGINEERING
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PREDICTING DRY MATTER
COMPOSITION OF GRASS

CLOVER LEYS USING DATA SIMULATION
AND CAMERA-BASED SEGMENTATION

S@REN SKOVSEN, MADS DYRMANN, JORGEN ERIKSEN, RENE GISLUM,
HENRIK KARSTOFT, RASMUS N. JORGENSEN

AARHUS
/\I UNIVERSITY
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Adaptation to Easy Data in Prediction with
Limited Advice

Tobias Sommer Thune & Yevgeny Seldin

Multi-armed bandits (online convex optimisation)

Regret for easy data: effective loss range

v

Ry <O (5\/ | Tan)

This is NOT possible with bandit feedback (Gerchinovitz and Lattimore, 2016).

How much more information do we need?



PERTURBATION ANALYSIS OF ADVERSARIAL ATTACKS IN THE SPATIAL DOMAIN %T UNIVERSITY @ I

Utku Ozbulak, Arnout Van Messem and Wesley De Neve GLOBAL CAMPUS

Center for
Biotech Data Science

Adversarial Image (Maximization)
Predicted as: Rat
Confidence: 99%

Adversarial Image (Minimization)
Confidence of Bird: 7.6e-14%
(Least probable outcome)

Original Image
Predicted as: Bird
Confidence: 96%
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PERTURBATION ANALYSIS OF ADVERSARIAL ATTACKS IN THE SPATIAL DOMAIN G":%:NT T [ “5\* I
Utku Ozbulak, Arnout Van Messem and Wesley De Neve GLOBAL CAMPUS Center for

Biotech Data Science

Adversarial Attack Techniques and Perturbation Intensity

Model Transferability from
Resnet50 to
AlexNet VGG ResNetl52

Attack Technique Perturbation

Gradient Ascent Optimization 2]

36% 21% 13%

X' =argmax g(6,X),

L-BFGS Attack 3
minimize a - ||X — X'|13 +J(g(6,X").)

32% 20% 9%

|-FGS Attack 4]
Xi=Xi_1 — a-sign(% J(g(6, X))

35% 20% 12%

Carlini & Wagner Attack 5]
minimize ||[X — X'||% + a - £(X))

51% 38% 25%




Embedded Information in Surfaces

Utilizing Engineered Surface Microstructure
Viggo Falster (PhD Student)

Information in a surface
(e.g. a code)

Microstructure



