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L’IA révolutionne
le secteur de la santé
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[1] Riba : robot pour aider les infirmières à porter les patients – Crédit photo : RIKEN-TRI Collaboration Center for Human-Interactive Robot Research
[2] IBM Watson Health intègre la technologie MedyMatch : détection de saignement intracrânien - Credit photo : MedyMatch
[3] https://fr.wikipedia.org/wiki/Fichier:Cmglee_Cambridge_Science_Festival_2015_da_Vinci.jpg - Crédit photo : Cmglee
[4] Membre prothétique modulaire - Crédit photo : U.S. Navy photographer, Sarah Fortney
[5] Apple Watch - Crédit photo : https://pixabay.com/en/smart-watch-apple-technology-style-821557/
[6] https://camelyon16.grand-challenge.org/ - Crédit image : Harvard Medical School, MIT, et EXB Research
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Seeing AI 2016 Prototype - A Microsoft research project – Crédit vidéo : Microsoft
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https://www.youtube.com/watch?v=R2mC-NUAmMk



Introduction
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• Bruitées
• Souvent peu d’exemples
• Peu de granularité
• Difficultés d’accessibilité
• Parfois, plusieurs sources très différentes

Particularités des données médicales

[1] https://camelyon16.grand-challenge.org/ - Crédit image : Harvard Medical School, MIT, and EXB Research 
[2] Emmanuel Barillot, Laurence Calzone, Philippe Hupé, Jean-Philippe Vert, Andrei Zinovyev, Computational Systems Biology of Cancer Chapman & Hall/CRC 
Mathematical & Computational Biology , 2012
[3] Luck, M. M., Le Moyec, L., Barrey, E., Triba, M. N., Bouchemal, N., Savarin, P., & Robert, C. (2015). Energetics of endurance exercise in young horses 
determined by nuclear magnetic resonance metabolomics. Frontiers in physiology, 6. 
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Patches normaux

Patches tumoraux

[1]

[2]

[3]



• Cross-validation
• Tests statistiques univariés
• Réduction de dimensionnalité

Analyse classique

[1] wikimedia : An example of a CART classification tree –Auteur : Stephen Milborrow
[2] wikimedia : Principle Component Analysis on an image of a fish. – Auteur : Lehalle 
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Analyse en composantes principales

Arbres de décisions[1]

[2]



RAVı̀ et al.: DEEP LEARNING FOR HEALTH INFORMATICS 13

frequency features. Suk et al. [59] proposed a DBM to extract
a latent hierarchical feature representation from 3-D patches of
brain images.

Low level image processing, such as image segmentation and
registration can also benefit from deep learning models. Brosch
et al. [64] described a manifold learning approach of 3-D brain
images based on DBN. It is different than other methods because
it does not require a locally linear manifold space. Mansoor
et al. [54] developed a fully automated shape model segmenta-
tion mechanism for the analysis of cranial nerve systems. The
deep learning approach outperforms conventional methods par-
ticularly in regions with low contrast, such as optic tracts and
areas with pathology. In [135], a pipeline is proposed for object
detection and segmentation in the context of automatically pro-
cessing volumetric images. A novel framework called marginal
space deep learning implements an object parameterization in
hierarchical marginal spaces combined with automatic feature
detection based on deep learning. In [84], a DNN architecture
called input–output deep architecture is described to solve the
image labelling problem. A single NN forward step is used
to assign a label to each pixel. This method avoids the hand-
crafted subjective design of a model with a deep learning mech-
anism, which automatically extracts the dependencies between
labels. Deep learning is also used for processing hyperspec-
tral images [83]. Spectral and spatial learned features are com-
bined together in a hierarchical model to characterize tissues or
materials.

In [78], a hybrid multilayered group method of data handling,
which is a special NN with polynomial activation functions, has
been used together with a principal component-regression anal-
ysis to recognize the liver and spleen. A similar approach is
used for the identification of the myocardium [79] as well as
the right and left kidney regions [80]. The authors extend the
method to analyze brain or lung CT images to detect cancer [81].
Zhen et al. [63] presents a framework for direct biventricular
volume estimation, which avoids the need of user inputs and
over simplification assumptions. The learning process involves
unsupervised cardiac image representation with multiscale deep
networks and direct biventricular volume estimation with RF.
Rose et al. [82] propose a methodology for hierarchical cluster-
ing in application to mammographic image data. Classification
is performed based on a deep learning architecture along with a
standard NN.

In general, deep learning in medical imaging provides auto-
matic discovery of object features and automatic exploration of
feature hierarch and interaction. In this way, a relatively sim-
ple training process and a systematic performance tuning can
be used, making deep learning approaches improve over the
state-of-the art. However, in medical imaging analysis, their po-
tentials have not been unfolded fully. To be successful in disease
detection and classification approaches, deep learning requires
the availability of large labeled datasets. Annotating imaging
datasets is an extremely time-consuming and costly process that
is normally undertaken by medical doctors. Currently, there is
a lot of debate on whether to increase the number of annotated
datasets with the help of non-experts (crowd-sourcing) and how
to standardize the available images to allow objective assess-
ment of the deep learning approaches.

Fig. 6. Data for health monitoring applications can be captured using
a wide array of pervasive sensors that are worn on the body, implanted,
or captured through ambient sensors, e.g., inertial motion sensors, ECG
patches, smart-watches, EEG, and prosthetics.

C. Pervasive Sensing for Health and Wellbeing

Pervasive sensors, such as wearable, implantable, and am-
bient sensors [136] allow continuous monitoring of health and
wellbeing, Fig. 6. An accurate estimation of food intake and
energy expenditure throughout the day, for example, can help
tackle obesity and improve personal wellbeing. For elderly pa-
tients with chronic diseases, wearable and ambient sensors can
be utilized to improve quality of care by enabling patients to
continue living independently in their own homes. The care
of patients with disabilities and patients undergoing rehabilita-
tion can also be improved through the use of wearable and im-
plantable assistive devices and human activity recognition. For
patients in critical care, continuous monitoring of vital signs,
such as blood pressure, respiration rate, and body tempera-
ture, are important for improving treatment outcomes by closely
analyzing the patient’s condition [137].

1) Energy Expenditure and Activity Recognition: Obe-
sity has been identified as an escalating global epidemic health
problem and is found to be associated with many chronic dis-
eases, including type 2 diabetes and cardiovascular diseases.
Dietitian recommend that only a standard amount of calories
should be consumed to maintain a healthy balance within the
body. Accurately recording the foods consumed and physical
activities performed can help to improve health and manage
diseases; however, selecting features that can generalize across
the wide variety of food and daily activities is a major challenge.
A number of solutions that use smartphones or wearable devices
have been proposed for managing food intake and monitoring
energy expenditure.

In [99], an assistive calorie measurement system is pro-
posed to help patients and doctors to control diet-related health
conditions. The proposed smartphone-based system estimates
the calories contained in pictures of food taken by the user. In

Pourquoi le Deep Learning ?

[1] wikimedia : An example hierarchy of Hierarchical Temporal Memory used for image recognition – Crédit image : Saulius Garalevicius
[2] wikimedia : A Neural network with multiple layers - Crédit image : Offnfopt
[3] http://www.scienceimage.csiro.au/image/11313 - Crédit photo : division, CSIRO
[4] Ravì, D., Wong, C., Deligianni, F., Berthelot, M., Andreu-Perez, J., Lo, B., & Yang, G. Z. (2017). Deep learning for health informatics. IEEE 
journal of biomedical and health informatics, 21(1), 4-21.
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Deep Learning et
imagerie médicale
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Imagerie structurelle et fonctionnelle

TEP

Histologie

CT-scan

CT-Angiographie

PET-IRM

Echographie

[1] https://camelyon16.grand-challenge.org/ - Crédit image : Harvard Medical School, MIT, et EXB Research
[2] https://en.wikipedia.org/wiki/File:Artery_of_Adamkiewicz_CT_scan_OsiriX.jpg
[3] wikimedia : CT-Angiographie der Hände, kontrastmittelgestützt. Volume rendering, Siemens Somatom SR16. - Crédit photo : MBq at German Wikipedia 
[4] wikimedia :  PET-IRM-cabeza-keosys – Crédit image : Mco44
[5] wikimedia : Profil d'un embryon de 14 semaines.Embryo at 14 weeks (profile). Crédit photo : X.Compagnion (cropd by Hidro)
[6] wikimedia : https://commons.wikimedia.org/wiki/File:PET-MIPS-anim.gif - Crédit photo : Jens Maus (http://jens-maus.de/)
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U-Net: Convolutional Networks
for Biomedical Image Segmentation

Olaf Ronneberger, Philipp Fisher, and Thomas Brox
MICCAI 2015

ronneber@informatik.uni-freiburg.de Code: https://lmb.informatik.uni-freiburg.de/people/ronneber/u-net/
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Segmentation sémantique de bout en bout
• Fonctionne bien avec peu d’exemples (30aine)
• Réseau à convolution : downsampling et upsampling, avec des skip 

connections

U-Net

17/07/2017 U-Net: Convolutional Networks for Biomedical Image Segmentation

https://lmb.informatik.uni-freiburg.de/people/ronneber/u-net/ 2/2

Download video: u‐net‐teaser.mp4 (68MB)

Download

We provide the u‐net for download in the following archive: u‐net‐release‐2015‐10‐02.tar.gz (185MB). It contains the ready trained
network, the source code, the matlab binaries of the modified caffe network, all essential third party libraries, the matlab‐interface for
overlap‐tile segmentation and a greedy tracking algorithm used for our submission for the ISBI cell tracking challenge 2015. Everything is
compiled and tested only on Ubuntu Linux 14.04 and Matlab 2014b (x64)
To apply the segmentation and the tracking to the images in "PhC‐C2DH‐U373/01" simply run the shell script

./segmentAndTrack.sh

The resulting segmentation masks will be written to "PhC‐C2DH‐U373/01_RES"
If you do not have a CUDA‐capable GPU or your GPU is smaller than mine, edit segmentAndTrack.sh accordingly (see there for
documentation). If you have any questions, you may contact me at ronneber@informatik.uni‐freiburg.de, but be aware that I can not
provide any support.
Olaf Ronneberger

Webmaster  Disclaimer © Copyright 2011 – 2017, LMB, University of Freiburg
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Webmaster  Disclaimer © Copyright 2011 – 2017, LMB, University of Freiburg
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Olaf Ronneberg, Philipp Fisher, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015.
Slide adaptée de la vidéo de présentation du papier par Olaf Ronneberg, University of Freiburg, Germany. 
Données produites par Dr. Gert vanCappellen, Erasmus Medical Center, Rotterdam. The Netherlands.
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Segmentation de 
l’image d’entrée : 
regroupement des 
pixels entre eux pour 
séparer les cellules du 
fonds

Image d’entrée : 
coupe de cellules



Préparation des données

Olaf Ronneberg, Philipp Fisher, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015.
Slide adaptée de la vidéo de présentation du papier par Olaf Ronneberg, University of Freiburg, Germany. 
[1] Données produites par le challenge de segmentation ISBI 2012 EM. Cardona A. et al. :. PLOS Biol 8(10), e1000502 (2010)
[2] Données produites par Dr. Gert vanCappellen, Erasmus Medical Center, Rotterdam. The Netherlands.

Pour de grandes 
images on 

calcule par dalles

Augmentation de données par 
déformations

Séparation des objets agglomérés

16/45

[1]

Segmentation 
d’objets d’une 
même classe se 

touchant

[2]



Convolution 3 x 3 + Relu

Olaf Ronneberg, Philipp Fisher, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015.
Slide adaptée de la vidéo de présentation du papier par Olaf Ronneberg, University of Freiburg, Germany. 
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Max pooling 2 x 2

Olaf Ronneberg, Philipp Fisher, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015.
Slide adaptée de la vidéo de présentation du papier par Olaf Ronneberg, University of Freiburg, Germany. 
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Up-convolution 2 x 2

Olaf Ronneberg, Philipp Fisher, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015.
Slide adaptée de la vidéo de présentation du papier par Olaf Ronneberg, University of Freiburg, Germany. 
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Architecture
• Convolutions et activations 

non-linéaires
• L’upsampling : convolutions 

transposées
• Downsampling : couches de 

pooling
• Importance des skip 

connections pour la 
performance

Olaf Ronneberg, Philipp Fisher, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015.
Slide adaptée de la vidéo de présentation du papier par Olaf Ronneberg, University of Freiburg, Germany. 

20/45



Scores utilisés en segmentation
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IoU =

Intersection over Union 
(non différentiable) Warping error (différentiable)

Tolérance au niveau des limites des objets 
mais pénalisation si la topologie des objets 

n’est pas respectée

Si les points dans 
les cercles changent 

de couleur c’est 
mauvais car la 

topologie change !

[1]

[1] https://imagej.net/Topology_preserving_warping_error

Plus c’est proche de 1 
mieux c’est !



Résultats

Olaf Ronneberg, Philipp Fisher, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015.
Slide adaptée de la vidéo de présentation du papier par Olaf Ronneberg, University of Freiburg, Germany. 
[1] Données produites par le challenge de segmentation ISBI 2012 EM. 
[2] Données produites par le Dr. Senjay Kumar. Departement of Bioengineering University of California at Berkeley. Berkeley CA (USA).
[3] Données produites par Dr. Gert vanCappellen, Erasmus Medical Center, Rotterdam. The Netherlands.

Segmentation de structures neuronales 
par microscopie électronique (ISBI EM 
challenge 2012)
• Score : 0.000353 warping error
(sliding window CNN model : 0.000420)
• Rapide : entraînement (10h) & test 

(1s/image)

ISBI Cell tracking
challenge 2015 : DIC-
HeLa
Score : 77.6% IoU
(2nd best model : 46.0%)

ISBI cell tracking
challenge 2015 : PhC-
U373
Score : 92% IoU
(2nd best model : 83 %)
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Count-ception: Counting by Fully 
Convolutional Redundant Counting

Joseph Paul Cohen, Henry Z. Lo, Yoshua Bengio
arXiv 2017

cohenjos@iro.umontreal.ca
Code: https://github.com/ieee8023/NeuralNetwork-Examples/tree/master/theano/counting
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Comptage	redondant	
entièrement	convolutif

Application: études de culture cellulaire

24/45

Joseph Paul Cohen, Henry Z. Lo, Yoshua Bengio. Count-ception: Counting by Fully Convolutional Redundant Counting. arXiv 2017.
Données : VGG Cell Dataset from Learning To Count Objects in Images. Lempitsky, V. and Zisserman, A. 



Segmentation binaire de 
l’image

Segmentation par ligne de 
partage des eaux (watershed)
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Joseph Paul Cohen, Henry Z. Lo, Yoshua Bengio. Count-ception: Counting by Fully Convolutional Redundant Counting. arXiv 2017.

Difficultés des données :
• Cellules voisines
• Structure complexe
• Peu de régions non-cellulaires

Pratique usuelle : 
• Isoler et compter

Décompte de cellules



Préparation des données
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Joseph Paul Cohen, Henry Z. Lo, Yoshua Bengio. Count-ception: Counting by Fully Convolutional Redundant Counting. arXiv 2017.
Données : VGG Cell Dataset from Learning To Count Objects in Images. Lempitsky, V. and Zisserman, A. 

Image d’entrée Cible Alignement Superposition

Cible : les pixels correspondent aux champs récepteurs et 
l’intensité aux nombres d’objets dans un champ récepteur



Architecture
• Régression sur le décompte 

dans un champ réceptif 
donné

• Moyenne sur les décomptes 
résultants (redondance)

• Erreur de régression L1
• Pas de downsampling

(aucun pooling, strides de 1)
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Joseph Paul Cohen, Henry Z. Lo, Yoshua Bengio. Count-ception: Counting by Fully Convolutional Redundant Counting. arXiv 2017.



Raison	pour	l’absence	de	downsampling
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Joseph Paul Cohen, Henry Z. Lo, Yoshua Bengio. Count-ception: Counting by Fully Convolutional Redundant Counting. arXiv 2017.
Données : VGG Cell Dataset from Learning To Count Objects in Images. Lempitsky, V. and Zisserman, A. 

Augmenter le pas diminue le nombre total de 
cibles de régression



Count-ception pendant l’entrainement

29/45

Joseph Paul Cohen, Henry Z. Lo, Yoshua Bengio. Count-ception: Counting by Fully Convolutional Redundant Counting. arXiv 2017.
Crédit video : Joseph Cohen
Données : VGG Cell Dataset from Learning To Count Objects in Images. Lempitsky, V. and Zisserman, A. 

https://www.youtube.com/watch?v=ej5bj0mlQq8



Results
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Joseph Paul Cohen, Henry Z. Lo, Yoshua Bengio. Count-ception: Counting by Fully Convolutional Redundant Counting. arXiv 2017.

N = Nombre d’exemples d’apprentissage et de validation. Toujours 100 exemples de test.

1Reported	in	their	work	as	N	=	64.



Deep Learning et 
bioinformatique
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Deep Learning et Bio-Informatique
• Deep Learning permet de résoudre certains des 

problèmes liés à la bio-informatique
• Données complexes
• Problème de la haute dimensionnalité des données
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Diet Network: Thin Parameters
for Fat Genomics

Adriana Romero, Pierre Luc Carrier, Akram Erraqabi, Tristan Sylvain, Alex Auvolat, 
Etienne Dejoie, Marc-André Legault, Marie-Pierre Dubé, Julie G. Hussin, Yoshua Bengio

ICLR 2017

@adri_romsor Code: https://github.com/adri-romsor/DietNetworks
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Données génétiques et difficultés

Adriana Romero, Pierre Luc Carrier, Akram Erraqabi, Tristan Sylvain, Alex Auvolat, Etienne Dejoie, Marc-André Legault, Marie-Pierre Dubé, Julie 
G. Hussin, Yoshua Bengio. Diet Network: Thin Parameters for Fat Genomics. ICLR 2017.
Slide adapted from Adriana Romero presentation, MILA, University of Montreal, Canada. 

Fat data :
# exemples << # variables (entrées)

# 
pa

rti
ci

pa
nt

s (
ex

em
pl

es
) # SNP (variables)

Challenge : Perceptron multicouche

Diet network : utilisation d’une nouvelle paramétrisation d’un réseau de 
neurones, quand # entrées >> # exemples
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Explosion du nombre de 
paramètres

# paramètres >> # entrées 
>> # exemples



Architecture

Adriana Romero, Pierre Luc Carrier, Akram Erraqabi, Tristan Sylvain, Alex Auvolat, Etienne Dejoie, Marc-André Legault, Marie-Pierre Dubé, Julie 
G. Hussin, Yoshua Bengio. Diet Network: Thin Parameters for Fat Genomics. ICLR 2017.
Slide adapted from Adriana Romero presentation, MILA, University of Montreal, Canada. 

• Embedding appris de 
bout en bout

• Embedding des 
histogrammes par 
classe

• Perceptron 
multicouche (MLP)

• Reconstruction 
(régularisation)
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Données d’entrées:

NxF, N << F
F = # de variables 

(ici 300k)
N = # d’exemples

embedding

# paramètres 
libres = 50K 
(500x100)

# paramètres 
libres = 30M 
(300Kx100)

Matrice de poids 
obtenue par emb. 
(taille = Fx100)

Valeur de classification

(prédiction de l’ethnicité)
Valeur de 

reconstruction Matrice de poids 
obtenue par emb. 



Resultats : 1000 genome project

Adriana Romero, Pierre Luc Carrier, Akram Erraqabi, Tristan Sylvain, Alex Auvolat, Etienne Dejoie, Marc-André Legault, Marie-Pierre Dubé, Julie 
G. Hussin, Yoshua Bengio. Diet Network: Thin Parameters for Fat Genomics. ICLR 2017.
Slide adapted from Adriana Romero presentation, MILA, University of Montreal, Canada. 

• 3,450 individus x 315,345 SNPs, 
codés comme ayant 0, 1 ou 2 
copies d’un allèle (n’utilise pas 
l’allèle de référence)

• Prédiction de l’ethnicité
• Métrique: erreur de 

classification, nombre de 
paramètres libres

• 5-fold cross-validation
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Résultats : 1000 genome project

Adriana Romero, Pierre Luc Carrier, Akram Erraqabi, Tristan Sylvain, Alex Auvolat, Etienne Dejoie, Marc-André Legault, Marie-Pierre Dubé, Julie 
G. Hussin, Yoshua Bengio. Diet Network: Thin Parameters for Fat Genomics. ICLR 2017.
Slide adapted from Adriana Romero presentation, MILA, University of Montreal, Canada. 
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Cardiologist-Level Arrhythmia Detection 
with Convolutional Neural Networks

Pranav Rajpurkar, Awni Y. Hannun, Masoumeh Haghpanahi, Codie Bourn, Andrew Y. Ng
arXiv 2017

pranavsr@cs.stanford.edu Code: not available
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CNN pour la détection 
du rythme sinusal 
(SINUS) ou de la 
fibrillation artérielle 
(AFIB) à partir d’ECGs 
enregistrés par un 
moniteur cardiaque 
portable.

Pranav Rajpurkar, Awni Y. Hannun, Masoumeh Haghpanahi, Codie Bourn, Andrew Y. Ng. Cardiologist-Level Arrhythmia Detection with
Convolutional Neural Networks. arXiv 2017. 
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Architecture
• Réseau convolutionnel (conv) 

à 34 couches permettant la 
détection d’arythmies

• Max pooling (max pool)
• Batch normalisation (BN)
• Dropout
• Couche entièrement connectée 

(dense)

Pranav Rajpurkar, Awni Y. Hannun, Masoumeh Haghpanahi, Codie Bourn, Andrew Y. Ng. Cardiologist-Level Arrhythmia Detection with
Convolutional Neural Networks. arXiv 2017. 
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Block résiduel
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relu relux
F(x) + x

F(x)

identité de x



Résultats
Pour les deux métriques (score F1 
d’ensemble et de séquence), le 
modèle dépasse la performance des 
cardiologues.

Pranav Rajpurkar, Awni Y. Hannun, Masoumeh Haghpanahi, Codie Bourn, Andrew Y. Ng. Cardiologist-Level Arrhythmia Detection with
Convolutional Neural Networks. arXiv 2017. 

Données : 64,121 
enregistrements  
d’ECG de 29,163 
patients
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Application :
de gros enjeux
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Diagnostique

Traitement

Prévention

Suivi
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[1]

[2]

[3]

[4]

[5]

[1] http://www.samsung.com/global/business/healthcare/healthcare/ultrasound/USS-RS8AF4K/WR
[2] http://www.vision-systems.com/articles/2017/07/next-microsoft-hololens-device-will-feature-ai-and-deep-learning-capabilities.html
[3] Das normale EKG und seine Anteile - Author: Hank van Helvete from German Wikipedia.
[4]	https://www.medup.fr/produits/patient-a-domicile-m-s-p-associations
[5]	Japanese	Technology	Robotic	Mall	Robot	Japan



Merci de votre attention !
Des questions ?
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Contact

http://mila.umontreal.ca
Margaux	Luck	�margaux.luck@gmail.com
Tristan	Sylvain	� tristan.sylvain@gmail.com
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