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L’IA/AA	dans	tous	les	médias	aujourd’hui	

•  L’AA	dans	tous	les	médias	aujourd’hui	
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L’IA/AA	est	attendue	partout	demain	

•  Aide	au	diagnostic	médical	

•  Aide	aux	juges	

•  Octroi	de	prêts	

•  Aide	au	choix	des	employés	

•  Évaluation	du	risque	de	criminalité	avant	l’acte	criminel	

•  Calcul	des	primes	d’assurance	

•  Assistant	personnel	

•  Véhicules	autonomes	

•  Conduite	des	«	smart	cities	»	
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•  Excitation	presque	hystérique	

•  Investissements	énormes		
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•  Est-ce	justifié	?	

•  Sommes-nous	prêts	?	
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Plan	

1.  	Pourquoi	toute	cette	excitation	?	

2.  Grands	types	d’apprentissage	

3.  	Apprentissage	prédictif	par	réseaux	de	neurones	

4.  	Quelles	garanties	?	

5.  	Recette	pour	créer	des	algorithmes	d’apprentissage	

6.  	Les	réseaux	de	neurones	profonds		

7.  	Ce	que	l’on	sait	faire	et	les	défis	à	relever	
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Reconnaissance	d’images	

...	
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How	Artificial	Intelligence	Will	Change	Medical	Imaging	

...	
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Comptage	de	plants	par	imagerie	aérienne	

Eliott	Jacopin,	Naomi	Berda,	Léa	Courteille,	William	Grison,	Lucas	Mathieu,	Antoine	Cornuéjols		and	Christine	Martin	(2021)		
“Using	Agents	and	Unsupervised	Learning	for	Counting	Objects	in	Images	with	Spatial	Organization”.	ICAART-2021.	
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In this paper, we introduce a novel approach, valid
when the objects of interest have regular spatial rela-
tionships, like spectators in a performance hall, goods
on the shelves of a retail store or plants in fields. It
works in two phases. First, the approximate spatial
relationships between objects are estimated. Second,
based on the structure thus found, a multi-agent based
approach is used where the structure determines the
initial positions of the agents as well as a hierarchy of
control agents and therefore a set of communication
channels between the agents. Each agent is a weak
classifier which guesses if it is positioned over an ob-
ject of interest in the image and can confirm or deny
its guess through exchanges with other agents. The
second phase is iterative until the agents are no longer
undergoing any changes. The number of final agents
gives the number of detected objects.

The advantages of the approach are that:
1. it does not require numerous training images since

the determination of the structure is unsupervised
and the agents themselves are simple detectors.

2. it easily adapts to various conditions on the struc-
ture, nature of the objects, their size and appear-
ance

3. it achieves high performances over the variety of
experimental conditions tested.
These good properties come from the assumption

that a regular structure exists among objects. The ap-
proach should therefore not work on crowd counting,
or on cells counting for instance. But when a regular
structure exists, this knowledge brings a power that
should not be wasted.

Figure 1 provides an example of an aerial image of
a sunflower field. One can see rows of plants, here in a
rather late stage with overlap between plants, shadows
of various sizes and patches of weeds, especially on
the left side of the image.

Cependant, cette méthode ne permet pas de différencier les adventices des plants de tournesols car ce sont
deux objets de couleur verte. Nous avons donc cherché une autre méthode de segmentation de manière à éviter
que les adventices soient retenus (c’est à dire affichés en blanc) à l’issue de cette étape.

2.1.2 Deuxième niveau par la méthode d’Otsu

On voit nettement sur les images que les tournesols apparaissent plus clairs que la plupart des adventices
(Figure 4). Nous avons alors exploité cette différence de teinte pour effectuer une deuxième étape de segmen-
tation et essayer de séparer les pixels des tournesols des pixels des adventices.

Figure 4 – Image de la parcelle de Niort. Au centre, les adventices apparaissent plus foncés.

Une méthode de segmentation automatique présentée par Otsu [12] permet de trouver automatiquement
une valeur de seuil optimale qui sépare deux groupes de pixels. Cette méthode est très employée pour l’analyse
d’images de champs et permet d’effectuer une séparation automatique de pixels de deux teintes de vert différentes
(voir article [15] par exemple). Cette séparation est réalisée grâce à un seuil qui se place automatiquement afin
de former deux groupes de valeurs. Ces deux groupes sont trouvés de sorte que la variance intra-groupe soit
minimale, et la variance inter-groupe maximale (minimisation du rapport intra

inter ). Nous avons appliqué cette
méthode de segmentation sur des images ExG (section 2.1.1) afin de séparer les valeurs d’indices ExG propres
aux tournesols de celles propres aux adventices. L’algorithme de séparation d’Otsu ne différencie que deux
groupes. Or dans notre cas nous en avons 3 : le sol, les adventices et les tournesols. C’est pourquoi il faut
au préalable régler un seuil minimal de départ de recherche qui exclut d’office le premier groupe de pixels
correspondant au sol, du reste. La séparation ne se fait alors qu’entre les pixels du groupe adventices et du
groupe tournesol. (Figure 5)

Figure 5 – A gauche, l’image originale. Au milieu l’image en indice ExG. A droite, un profil schématique
de l’histogramme des valeurs d’ExG sur lequel est appliqué l’algorithme de séparation d’Otsu. Encadré en
orange, les valeurs d’ExG non traitées par l’algorithme (borne supérieure fixée par l’utilisateur). La ligne
verticale rouge correspond à une illustration d’un seuil de séparation possiblement trouvé par l’algorithme
d’Otsu

Cet algorithme permet de bien séparer les adventices des tournesols comme le montre la figure 6. En
revanche, la qualité de la séparation adventice-tournesol dépend de la valeur seuil de départ de recherche de
l’algorithme (fixée par l’utilisateur).
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Figure 1: Example of an aerial image from a sunflower field.

The paper is structured as follows. Section 2
presents the proposed approach. Information about

the generation of synthetic datasets used in the exper-
iments is provided in Section 3 and the results of the
experiments are reported in Section 4. Section 5 con-
cludes and gives perspectives on future works.

2 THE METHOD

2.1 Analyzing the Spatial Relationships

Crop fields usually exhibit a geometrical design. The
rows of a crop field are indeed usually parallel to
each other and evenly spaced. In addition, crops are
planted on the basis of a target density which induces
an even distance between two consecutive plants.

One main theme of this paper is to underline the
interest of researching and exploiting information on
the geometry of the objects in the images to be an-
alyzed. For crop fields images, in order to estimate
the inter-rows and inter-plants distances, the method
presented begins with (i) isolating the green areas of
the images; then (ii) rotating the images enough for
the rows to be collinear with the Y axis; and, finally,
(iii) applies a Fourier Transform (FT) analysis on the
signal produced by projecting the coordinates of the
green pixels on the X and Y axis.

2.1.1 Image Segmentation

Before estimating the inter-rows and inter-plants dis-
tances, it is necessary to identify the areas of the im-
ages corresponding to plants. To that end, we used
the vegetation index Excess Green (ExG) in associa-
tion with Otsu’s automatic segmenting method (Otsu,
1979; Guerrero et al., 2012; Guijarro et al., 2011;
Pérez-Ortiz et al., 2016). At the end of the segmen-
tation process, the RGB crop fields images are trans-
formed into black and white images, referred as Otsu

images, where the white pixels are expected to corre-
spond to a plant (crop or weed).

2.1.2 Vertically Adjusting the Images

To ease the estimation of the inter-rows and inter-
plants distances, the rotation of all the images of the
datasets was computed in order for the crop rows to
be oriented along the Y axis. This method succeeds
as long as two consecutive rows do not overlap with
each other or weed do not cover all the inter-rows
space. Should this happen, one can apply a filter to
the Otsu images in order to only keep the skeleton
of the crop rows in white. This can be implemented
with, for example, the midpoint encoding suggested
in (Han et al., 2004).(a) An image of a virtual field (b) Otsu image vertically adjusted

Figure 6: Example of a an synthetic image and its vertically adjusted Otsu image.

Figure 7: Example of row detection thanks to Fourier anal-
ysis. The histogram in yellow results from the projection of
the white pixels of an Otsu Image on the X axis. The blue
parts of the histogram are the detected rows.

In the following, we compare the performances of
the Fourier analysis alone (Section 4.2), of the multi-
agent approach from a single image of the area (Sec-
tion 4.3), and of a technique that takes into account
that several images (up to four) can cover a given area
(Section 4.4).

4.2 Detecting the Spatial Structure and
Counting

As explained in Section 2.1.3, we use Fourier analysis
to approximate the spatial structure in an image. We
first try to discover the rows and then to locate plants
within the presumed rows. This relies on the analy-
sis of the density distribution of the projection of the
white pixels from an Otsu image on the X or Y axis
(Fig. 7 shows such a density distribution (in yellow)

as well as the detected peaks (in blue)). Notice that
the largest peaks indeed correspond to rows, but that
weeds can also produce peaks, albeit smaller ones.

The results obtained for the three scores are sum-
marized in Table 1 in the line Fourier while Fig. 8
provides details on the distribution of the counting ac-
curacies (CAs) (violet boxes indicate the results of the
Fourier analysis).

It is apparent that the Fourier analysis alone tends
to underestimate the number of plants on dataset (S),
(the well separated plants) (12% on average) while
over estimating this number on datasets (B) (between
separated and overlapping) (by 3%) and (O) (overlap-
ping plants) (by 7% on average). Why is it so?

For dataset (S), the plants are well separated, but
this also entails that the peaks of the histogram used
by the Fourier analysis are rather narrow, and one con-
sequence is that if a peak is slightly off a predicted
position by the analysis, it may be entirely missed by
it. This may result in ignoring existing rows or plants
within a row.

For datasets (B) and (O), the overlapping leaves
between plants induces noise that leads the Fourier
analysis dedicated to the plants identification to find a
slightly higher frequency than the actual target. This
results in overestimating the number of plants. Over-
all, still, taking into account that the Fourier analysis
is in fact used only to estimate the spatial relationships
between plants on crop fields, the counting results are
surprisingly good.
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Segmentation	sémantique	d’image	

•  Pour	les	véhicules	autonomes	
10	CEI	-	2018			«	Intelligence	Artificielle	:	Révolution	?	Défi	?	»			(A.	Cornuéjols)		



/	178	

Image	annotating	

•  Example	

iCube	speech	-	2018			«	What	is	a	good	ML	algorithm?	»			(A.	Cornuéjols)		 11	
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Alpha	Fold	

An	artificial	intelligence	(AI)	network	developed	by	Google	AI	offshoot	DeepMind	has	made	a	
gargantuan	leap	in	solving	one	of	biology’s	grandest	challenges	—	determining	a	protein’s	3D	
shape	from	its	amino-acid	sequence.	
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[Nature,	30	Nov.	2020	]	

“It’s	a	game	changer,”	says	Andrei	Lupas,	an	evolutionary	biologist	at	the	Max	Planck	Institute	for	Developmental	Biology	in	
Tübingen,	Germany.	(...)	AlphaFold	has	already	helped	him	find	the	structure	of	a	protein	that	has	vexed	his	lab	for	a	decade,	and	
he	expects	it	will	alter	how	he	works	and	the	questions	he	tackles.	
“This	will	change	medicine.	It	will	change	research.	It	will	change	bioengineering.	It	will	change	everything,”	Lupas	adds.	
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Le	cas	AlphaGo	

•  Un	joueur	«	extraterrestre	»	

•  Un	jeu	stupéfiant	

•  Révolutionne	la	manière	de	jouer	

•  Effervescence	dans	les	écoles	de	go	
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WATSON	et	le	jeu	Jeopardy!		(2011)	

Jeopardy!			~			Jeu	pour	un	champion	

–  “Tickets	aren’t	needed	for	this	event,	a	black	hole’s	
boundary	from	which	matter	can’t	escape”	

Ø  		What	is	event	horizon?	

–  “The	film	Gigi	gave	him	his	signature	song	Thank	
Heavens	for	Little	Girls”	

Ø  		Who	is	Maurice	Chevalier?	

14	Montpellier	SupAgro	(2020)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		
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WATSON	et	le	jeu	Jeopardy!	

Jeopardy!			~			Jeu	pour	un	champion	

–  “Tickets	aren’t	needed	for	this	event,	a	black	hole’s	
boundary	from	which	matter	can’t	escape”	

Ø  		What	is	event	horizon?	
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And so Ferrucci and his team experimented, implementing state- 
of-the-art methods from the academic literature. After many months of 
experimentation, the team finally arrived at an architecture that seemed to 
work; they called it DeepQA.25 The approach behind DeepQA was sim-
ple. Like many other question-answering systems, to arrive at an answer it 
followed just a few concrete steps, which you can see in figure 12.1: ana-
lyze the question, come up with candidate answers with search engines, research these 
answers, and score these answers based on the evidence it found for them. In 
the rest of this chapter we’ll focus on the first phase of this pipeline: 
 Watson’s Question Analysis phase.

QUESTION ANALYSIS

The goal of  Watson’s Question Analysis phase is to decompose a question 
into pieces of information that could be useful in finding and evaluating 
answers later in the pipeline. Like most parts of Watson, the Question 
 Analysis phase depended heavily on the field of natural language processing, or 
NLP. NLP gave Watson the ability to do something meaningful with the 
words making up the clue: Watson used it to find the parts of speech of 
the words in the clue, to search for names and places in the clue, and to cre-
ate sentence diagrams of the clue.26

Candidate
AnswerCandidate
AnswerCandidate
AnswerCandidate

Answer
Research

Candidates

Question
Analysis

Candidate 
Generation Candidate

Answer

Data 
Sources

Clue Answer

Score and 
Rank Answers

Candidate
Answer

Figure 12.1
A very basic overview of the very complicated DeepQA 
pipeline.
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Remember back to the Monopoly board in the self-driving car. The 
Monopoly board encoded human knowledge about situations the car 
might find itself in, such as the etiquette around precedence at traffic stops. 
Just as Boss’s creators handcrafted the rules for it to traverse crowded inter-
sections when those researchers weren’t around, Watson’s developers 
handcrafted their own rules so that Watson could traverse its sentence dia-
grams to pull meaningful information from clues when its researchers 
weren’t around.

Watson used these rules to inspect parse trees all through its DeepQA 
pipeline, starting with its Question Analysis phase. One place it used the 
parse tree was to find the focus of a clue. Remember, the focus is the phrase 
in the clue that captures what exactly is being asked for—like this man or 

Clue

Category

Question
types

Focus

Answer
typeParse 

tree
Milorad avi  almost upset

this man's perfect 2008
Olympics, losing to him by
one hundredth of a second 

Olympic Oddities

Default

this man

man

Milorad avi ,
2008 Olympics Entities

Information from
earlier questions in

the category

avi  
lost-to

FOCUS
Relations

2008 Dates

Sort into
 bins

Figure 12.3
Some of the most important information Watson looks for in its clues during its 
Question Analysis phase.
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Watson then issued queries like this to its search engines, as in figure 13.1, so 
it could collect evidence tailored to both the candidate and the clue.

In doing its research, Watson collected a pile of evidence to support 
each of its candidates; most of this evidence was just pieces of text from its 
search results. For the candidate answer “Rafael Muñoz,” the Wikipedia 
search results aren’t too promising: the first result, a page about swimming 
in the 2008 Olympics, only references Rafael Muñoz in a table with one 
of his swim times. (As an aside, it turns out that evidence for the correct 
answer—which is not Rafael Muñoz—is actually elsewhere on this page, 
but again, Watson would have had no idea about this, because it was fol-
lowing prescriptive rules, and none of these rules told it to look at that 
part of the page.) The other search results for the query about “Rafael 
Muñoz” are similarly useless.

Databases and
search engines

IMDBDictionary
Thesaurus

Serbian
6’6”

215 poundsbutterfly, 
freestyle)University of 
CaliforniaBeijingBeijing National 

StadiumAugust 8
August 24

GrobariSwimming at the 
2012World and 

Olympic records Beijing Olympics100 m butterfly 
worldRafael MuñozPieter van den 

HoogenbandBoltAleksandar 

or eviMilorad avi
avi

Michael Phelps
Le Clos
PhelpsYevgeny 

Korotyshkin
Usain Bolt

Rafael Muñoz

Pieter van den

HoogenbandBolt

Aleksandar or evi

Milorad avi

avi

Michael Phelps

Le Clos

Phelps

Yevgeny

KorotyshkinUsain Bolt

Filter

Triple
store Wikipedia

Create
queries

Answer candidates EvidenceFiltered answers

Figure 13.1
The evidence retrieval phase of  Watson. Watson first filtered its answer candidates 
using a lightweight filter and then collected reams of evidence for each of its remaining 
candidates from its databases and search engines.

[Sean	Gerrish.	“How	smart	machines	think”.	MIT	Press,	2018]	
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IBM	project	debater		(2019)	

...	
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GPT-3	et	le	sens	commun	

•  Q:	What	is	your	favorite	animal?	

								A:	My	favorite	animal	is	a	dog.	

•  Q:	Why?	

								A:	Because	dogs	are	loyal	and	friendly.	

•  Q:	What	are	two	reasons	that	a	dog	might	be	in	a	bad	mood?	

								A:	Two	reasons	that	a	dog	might	be	in	a	bad	mood	are	if	it	is	hungry	or	if	it	is	hot.	

•  Q:	How	many	eyes	does	a	giraffe	have?	

								A:	A	giraffe	has	two	eyes.	

•  Q:	How	many	legs	does	a	frog	have?	

								A:	A	frog	has	four	legs.	

•  Q:	Are	there	any	animals	with	three	legs?	

								A:	No,	there	are	no	animals	with	three	legs.	

•  Q:	Why	don’t	animals	have	three	legs?	

								A:	Animals	don’t	have	three	legs	because	they	would	fall	over.	
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GPT-3	et	le	sens	commun	

•  Réseau	de	neurones		

–  175.109	paramètres	

–  10	000	GPU	

–  10	fois	la	puissance	du	plus	gros	calculateur	scientifique	français	(Jean	Zay)	

–  Production	de	gaz	à	effet	de	serre	pour	l’apprentissage	~	10	000	vols	transatlantiques		

•  Entraîné	sur	~	500.109	textes	
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GPT-3	et	le	sens	commun	

...		
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Motivation	

Concepts	difficult	to	hand-code	

–  Permissible	moves	for	a	robot	

–  Person	to	recruit	/	or	not	

–  Predispositions	for	certain	types	of	cancer	

	 	Learning	from	examples	

Montpellier	SupAgro	(2020)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		 20	
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Les	données	donnent	accès	au	monde	

1.  Avant	
–  Il	fallait	beaucoup	réfléchir	pour	prétraiter	les	données	et	construire	une	

sorte	de	théorie	du	domaine	

•  Ex:	analyse	du	signal	

2. Maintenant	

–  On	fournit	des	données	(énormément)		
et	le	système	identifie	tout	seul	ce	qui	est	pertinent		

Montpellier	SupAgro	(2020)	«	Une	perspective	sur	l’apprentissage		»			(A.	Cornuéjols)		 21	
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Où	l’on	parle	d’«	avalanche	»	de	données	

•  Des	données	capturées	à	foison	quand	nous	allons	sur	Internet	
–  Sur	quels	sites	
–  Combien	de	temps,	les	clics,	les	durées,	les	achats,	…	

•  Smartphones	

–  Localisation	même	si	on	a	dit	non	

–  Des	tas	d’applies	pleines	de	curiosité	

•  Bracelets	connectées	

•  Moyens	de	paiement		(banques)	

•  Capteurs	dans	les	véhicules		(assurances)	

•  Compteurs	Linky	

22	04/03/2020			«	Introduction	à	l’apprentissage	machine	»			(A.	Cornuéjols)		
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Où	l’on	parle	d’«	avalanche	»	de	données	

•  Agriculture	

–  Capteurs	dans	les	champs	

–  Capteurs	dans	le	sol	

–  Capteurs	sur	les	animaux,	dans	la	ferme	

–  Drones	

–  Données	sur	les	marchés	locaux	(e.g.	en	Inde)	

–  Données	sur	les	marchés	boursiers	

–  Données	météorologiques	

–  Données	sur	les	réseaux	sociaux	:	autres	producteurs	et	consommateurs	

–  Chaîne	du	froid	et	distribution	
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1.   Ancien	paradigme		

–  Construire	une	hypothèse	(e.g.	tel	traitement	devrait	avoir	tel	effet)	

–  Construire	un	plan	d’expérience	pour	tester	la	validité	de	l’hypothèse	

–  Le	dispositif	expérimental	et	les	données	récoltées		
ne	servent	qu’à	tester	cette	hypothèse	

24	IODAA		–		Informations	générales	
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1.   Ancien	paradigme 		

–  Construire	une	hypothèse	(e.g.	tel	traitement	devrait	avoir	tel	effet)	

–  Construire	un	plan	d’expérience	pour	tester	la	validité	de	l’hypothèse	

–  Le	dispositif	expérimental	et	les	données	récoltées		
ne	servent	qu’à	tester	cette	hypothèse	

2.   Nouveau	paradigme	

–  Esprit	«	ouvert	»	:	on	cherche	des	patterns	(inattendus)		
dans	la	masse	de	données	disponibles	

–  Ré-utilisation	possible	à	l’infini	des	données	(non	récoltées	pour	un	but	précis)	

		C’est	le	«	data	mining	»	

25	IODAA		–		Informations	générales	
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Des	applications	(presque)	partout	

•  Traduction	automatique	

•  Reconnaissance	de	visages,	de	personnes	et	suivi	de	leurs	actions	

•  Recommandations	personnalisées	

•  Assistants	intelligents	

–  chatbots	

•  E-médecine 		

–  Diagnostic	(e.g.	reconnaissance	automatique	de	tumeurs)	

–  Recommandations	thérapeutiques	

•  Véhicules	autonomes	

•  Gestion	de	systèmes	complexes	

–  Smart	cities	

–  Agriculture	numérisée	
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