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Concours CRCN INRAE



2/22

Parcours Travaux Intégration
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Parcours scientifique

2005-2009 : Doctorat en Mathématiques Appliquées, ENS
Cachan et Institut Pasteur.
Caractérisation et Détection de Signaux Protéiques en
Spectrométrie de Masse

2009-2010 : Post-doctorat dans l’Équipe Statistique et
Génome, UMR 518 AgroParisTech/INRA
Estimation du nombre d’espèces en métagénomique

2010- : Mâıtre de conférences en mathématiques
appliquées, LAGA UMR 7539, Université Paris 13



4/22

Parcours Travaux Intégration

Parcours scientifique

2010- : Mâıtre de conférences en mathématiques appliquées,
LAGA UMR 7539, Université Paris 13

2014-2018 : traitement d’images biomédicales avec F
Dibos, M Luong, JM Rocchisani, DV Tran (doctorant)

2014-2018 : traitement du signal en spectroscopie RPE
avec Y Frapart, DN Tran (doctorant)

2018-2022 : traitement d’images et modèles EDP pour les
maladies inflammatoires intestinales avec H Zaag, J
Chaussard, X Treton, E Ogier-Denis, S Al Ali (doctorante)

nov 2021 : Habilitation à Diriger des Recherches
Analyse de données bio-médicales. Recherche
reproductible et modélisation mathématique.
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Parcours scientifique

Responsabilités :

2014-2018 : comité de direction du programme
interdisciplinaire Imageries du Vivant (800 000 euros de
financement, Pres SPC, Universités P5, P7 et P13)

depuis nov 2018 : co-responsable avec H Zaag de l’équipe
Mathématiques pour la Biologie et les Images

depuis juin 2021 : membre du Comité national pour la
Science Ouverte (collège publications)
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2. Recherche reproductible

Ensemble d’outils et de méthodes de travail :

clarté et rigueur scientifique

collaborations interdisciplinaires

valorisation et transfert vers les applications

Mise en oeuvre concrète :

Plateforme RPE : Matlab + VM du Cloud IDV + GitHub

Hôpital Bichat : Python + Docker + PlmLab
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Maladies Inflammatoires Chroniques de l’Intestin

Collaboration avec H Zaag, J Chaussard, X Treton (H
Bichat-Beaujon), E Ogier-Denis (Inserm)
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Coloscopie

Collaboration avec H Zaag, J Chaussard, X Treton (H
Bichat-Beaujon), E Ogier-Denis (Inserm)
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Projet de thèse de S Al-Ali

modifications du protocole médical

analyse d’image : détection des saignements et des ulcères

modélisation de la répartition des lésions par EDP

sévérité de la maladie = vitesse de propagation
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Analyse d’images

Figure – Détection des saignements
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Analyse d’images

Figure – Détection des ulcères
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Localisation des lésions

Figure – Répartition des lésions chez deux patients de même score
UCEIS=5
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Modélisation par EDP

Équation de Fisher-Kolmogorov-Petrovski-Puskinov

∂

∂t
u − D

∂2

∂s2
u = u(1− u), t ≥ 0, s ∈ R (1)

fronts d’onde à vitesse 2
√
D

recalage pour le problème inverse (dilatation +
translation)

vitesse et temps d’invasion
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Modélisation par EDP
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Code chunk 1: �fkpp (part 2)�

imin = np.argmin([fkpp_interp(p,d) for d in D])

_ = fkpp_interp(p,D[imin],'fkpp-recalage.pdf')

v = 2 * np.sqrt(D[imin])

t = (1-np.trapz(p,dx=Xp[1]-Xp[0])) / v

print('Vitesse ', np.round(v,3), 'Temps d\'invasion',np.round(t,2))

Interpret with python3

Vitesse 0.028 Temps d'invasion 19.99
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Projet WHAT SOW

day 23 of the lactation period. For monitoring, Bascom cam-

eras were used; fixed on a metal support 4.5 m above the

ground, with its lens pointing downward and directly above

each crate to obtain a rear view of the sow with a tilt angle

between approximately 45� and 60� (Fig. 1). The cameras were

connected to a PC via a wire network for data storage. The

videos were manually labelled by three observers, who were

trained in using the same ethogram (Table 1).

Dedicated software was implemented in Python language

to play the recorded videos and manually report postural

changes and the name of the new posture. The function

automatically recorded the frame number of the change and

the posture was derived automatically between two changes.

It was possible to rewind and slow down the video recording

to capture changes in posture accurately, annotating when

the sow was in a transitory posture (sitting or kneeling) be-

tween two main postures (standing and lying). The third

observer analysed videos without the dedicated Python

software and recorded information on the sow's posture

manually. In this case, rewinding and slowing down the

video recording were again used to capture the information

accurately. For the purpose of annotation, eight different

postures were distinguished: standing, sitting, kneeling,

sternal lying, lateral lying on the right or the left side, and

with udder exposed (i.e., accessible to the piglets) or not. Only

four postures were used for statistical analysis of the signal:

standing, sitting, sternal, and lateral. The sternal posture

includes sternal and lateral lying on the right or the left side.

The lateral posture is used when the sow is lying on its right

or left side with the udder visible (see Fig. 1). The animals

were monitored during staff working hours, i.e., between 8

AM and 6 PM.

2.2. Image processing

As shown in Figure 1(a), the initial images were cropped to

remove the area outside the cage, including piglet creep area,

which was not needed to determine sow posture.

Fig. 1 e Image examples. (a) The initial image captured by the camera. Only the image included between the white lines was

considered for the analysis. (b) Example of the four different sow postures.

b i o s y s t em s e ng i n e e r i n g 2 1 2 ( 2 0 2 1 ) 1 9e2 9 21

5 postures :

assis

debout

coucher ventral

coucher latéral droit

coucher latéral gauche

[1] Laurianne Canario et al. “Fusion de données vidéo et d’accéléromètre pour la
détection automatique de l’activité posturale des truies en case de mise bas”.
In : Journées de la Recherche Porcine 53 (2021), p. 111-112.

[2] Mathieu Bonneau et al. “Predicting sow postures from video images :
Comparison of convolutional neural networks and segmentation combined with
support vector machines under various training and testing setups”. In :
Biosystems Engineering 212 (2021), p. 19-29.



18/22

Parcours Travaux Intégration

1. Conception des expériences

c’est un travail d’analyse de données

qui fournit des invariants : translation, rotation
pour la réduction de dimension, éviter le sur-apprentissage

Proposition de projets

instrumentation : technologie des capteurs

nombre de sujets avec ses contraintes pratiques,
réglementaires, éthiques

optimisation du protocole expérimental
positionnement des capteurs, de la caméra
taux d’échantillonnage, observation sur une fenêtre.
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2. Analyse d’images et traitement du signal

Vision par ordinateur :

reconnaissance de poses / gestes

reconnaissance des émotions

Figure 1: Some samples from the Animal-Pose dataset.

larities, such as limb proportion and frequent gesture, pro-
viding prior to inferring animal pose. And the prediction
with high confidence is expected to be quite close to ground
truth, thus bringing augmented data into training with little
noise. A self-paced strategy [30, 27] is adopted to select
pseudo-label and to alleviate noise from unreliable pseudo
labels. An alternating training approach is designed to en-
courage model optimization in a progressive way.

We build an animal pose dataset by extending [3] to pro-
vide basic knowledge for model training and evaluation.
Five classes of four-legged mammals are included in this
dataset: dog, cat, horse, sheep, cow. To better fuse the pose
knowledge from human dataset and animal dataset, the an-
notation format of pose for this dataset is made easy to be
aligned to that of popular human pose dataset[35].

Experimental results show that our approach solves the
animal pose estimation problem effectively. Specifically,
we achieve 65.7 mAP on test set with a very limited amount
of pose-labeled animal data involved in training, close to
the state-of-the-art level of accuracy for human pose esti-
mation. And more importantly, our approach gives promis-
ing results on cross-domain animal pose estimation, which
can achieve 50+ mAP on unseen animal classes without any
pose-labeled data for it.

2. Related Work

Pose estimation focuses on predicting body joints on de-
tected objects. Traditional pose estimation is performed on
human samples [35, 14, 41, 18, 48]. Some works also focus
on the pose of specific body parts, such as hands [10, 29]
and face [38, 12, 32]. Besides these traditional applica-

tions, animal pose estimation brings value in many appli-
cation scenarios, such as shape modeling [60]. However,
even though some works study the face landmarks of ani-
mals [42, 52, 47], the skeleton detection on animals is rarely
studied and faces many challenges. And the lack of large-
scale annotated animal pose datasets is the first problem to
come. Labeling data manually is labor-intensive and it be-
comes even unrealistic to gain well-labeled data for all tar-
get animal classes when considering the diversity.

The rise of deep neural models [23, 31] brings data
hunger to develop a customized high-powered model on
multiple tasks. Data hunger thus becomes common when
trying to train a fully supervised model. To tackle this prob-
lem, many techniques are proposed [44, 45, 55]. Because,
commonly, different datasets share similar feature distri-
bution, especially when their data is sampled from close
domains. To leverage such cross-domain shared knowl-
edge, domain adaptation [49, 15] has been widely stud-
ied on different tasks, such as detection [7, 26], classifica-
tion [19, 21, 17, 16], segmentation [59, 54, 16] and pose
estimation [57, 46]. But in previous works about keypoint
detection or pose estimation [9, 57, 53, 56], source domain
and target domain face much slighter domain shift than
when transferring from human dataset to animals or among
different animal species. Besides, some extra information
might be available for easier knowledge transfer, such as
view consistency [57], attribute attached to samples [17] or
morphological similarity [53, 56].

Domain adaptation becomes very difficult when domains
face severe domain shift and no extra information is avail-
able to align feature representation on different domains,

9499

Proposition de projets

segmentation

détection d’objet pour la tête et les membres

recalage sur template déformables

utilisation de motifs tracés sur le harnais ou le dos
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3. Modélisation et analyse de données

Modélisation du comportement par une châıne de Markov

transitions entre postures

l’accéléromètre indique des changements de posture

le flux optique dans la vidéo aussi

Ensuite : relier les paramètres de la châıne de Markov au
bien-être ou au stress de l’animal.

Travail avec P Gloaguen : variables latentes, trajectoires et
comportement
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Autoencodeurs variationnels

Intérêt partagé :

GIBBS : workshops en 2018 et 2021

SOLSTIS : Groupes de travail ”State of the R” et
”Autoencodeurs variationnels”

+ intérêt personnel

Pour le projet WHAT SOW : bien-être en fonction

du comportement (châıne de Markov)

des données brutes

des autres variables omiques

Questions méthodologiques

sélection de variables : noeuds stables par les invariants ?

ordre des exemples dans l’apprentissage, réduction de
variance, échantillonnage d’importance ?
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Merci pour votre attention
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Postdoctorat AgroParisTech/INRA

Pour une espèce d’abondance λi , le nombre de fragments
observés est une variable aléatoire de loi de Poisson

f (Xi |λi) =
exp−λi λXi

i

Xi !

La répartition des espèces, c’est-à-dire la distribution des λi
est un mélange de lois exponentielles

f (λ) =
∑
q

αqfq(λ) où fq(λ) = µqe
−µqλ

A priori :

α ∼ Dirichlet(~a)

πq ∼ Beta(bq, cq)

Z ∼ Multinom(α)

X |Z ∼ Geom(πq)
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Figure – Distribution a posteriori du nombre d’espèces.
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Thèse de Tran DV, imagerie biomédicale

Figure – Débruitage et super-résolution d’une image de scanner du
thorax.
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Thèse de Tran DV, imagerie biomédicale IX

Fig. 4: Effect of model complexity (left) and dictionary choice (right) for L = 1

[14] M. Cimpoi, S. Maji, I. Kokkinos, S. Mohamed, A. Vedaldi: Describing Textures in
the Wild. CVPR, (2014)

[15] C. Kenneth, et al.: The Cancer Imaging Archive (TCIA): Maintaining and Op-
erating a Public Information Repository. Journal of Digital Imaging, 1045–1057
(2013)

[16] A. D. Martino, et al.: The autism brain imaging data exchange: towards a large-
scale evaluation of the intrinsic brain architecture in autism. Molecular Psychiatry,
659–667 (2013)

Figure – Gain de performance avec un dictionnaire plus grand.
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Thèse de Tran DV, imagerie biomédicale
IX

Fig. 4: Effect of model complexity (left) and dictionary choice (right) for L = 1

[14] M. Cimpoi, S. Maji, I. Kokkinos, S. Mohamed, A. Vedaldi: Describing Textures in
the Wild. CVPR, (2014)

[15] C. Kenneth, et al.: The Cancer Imaging Archive (TCIA): Maintaining and Op-
erating a Public Information Repository. Journal of Digital Imaging, 1045–1057
(2013)

[16] A. D. Martino, et al.: The autism brain imaging data exchange: towards a large-
scale evaluation of the intrinsic brain architecture in autism. Molecular Psychiatry,
659–667 (2013)

Figure – Gain de performance suivant la méthode de construction
du dictionnaire.
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Thèse de Tran DN, spectroscopie RPE

Figure – Gain de performance suivant la méthode de construction
du dictionnaire.
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