
J O U R N É E  I N F O R M A T I Q U E  D E  R É G I O N  C E N T R E   

29 Novembre 2018

Traitement d’images et apprentissage 
pour l’agriculture et le médicale

Adel Hafiane



2

Plan

1. Introduction extraction de caractéristiques et apprentissage

2. Application agriculture

3. Application médicale



Chaîne typique
3

Acquisition 
des données

Traitement des 
données

Décision 
Classification

Variable 
physique

Phase 1 Phase 2 Phase 3

- Capteur
- Système de 
mesure
- Numérisation
- …..

- Extraction des 
caractéristiques 
- Traitement du 
signal
- Traitement 
d’images
- …..

- Méthodes 
probabilistes
- Réseaux de neurones
- Clustering
- …..

Classes,
Modèles



Approche classique 
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� Extraction de caractéristiques
� Modèle d’apprentissage
� Prédiction ou classification
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Extraction de caractéristiques
5



Approche classique vs. deep learning
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Partie 2

Application agriculture



Enjeux environnementaux
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La bonne dose au bon endroit et au bon moment
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Cartographie
Planification de chemin

Action sur le terrain



Processus d’apprentissage et de test
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� Processus d’apprentissage pour la génération du modèle, processus de test pour 
estimation du modèle

� Conversion vers un espace colorimétrique et/ou indice de végétation
¡ RGB, HSV, YUV, LAB
¡ ExG, ExR, ExGR, NDI, GRVI, RGI

� Extraction des caractéristiques par le réseau de neurones convolutionels
� Classification par le réseau « fully connected »



Détection des zones malades sur une parcelle
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Labélisation de données non supervisées
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Comparaison 
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Partie 3

Application médicale



LES BLOCS DES NERFS
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Détection du nerf 
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The response of a Gabor filter to an image is obtained by a 2D
convolution operation with hG. Let zðx; yÞ be this response such
that

ziðx; yÞ ¼ Iðx; yÞnhGðx; y; λi;ϕi;σiÞ ð8Þ

Each filter response zi corresponds to a specific set of parameters;
namely the frequencies, the orientations and standard deviation.
These parameters are chosen in such a way that they cover the
spatial frequency space and enhance the texture information [33].
In the present work, we used four spatial frequencies, three
orientations, and four spatial variances σx ¼ σy. Not all the
responses of the filter necessarily provide useful information. We
are interested only in the maximum responses of the filter applied
to the nerve region, then,

Xðx; yÞ ¼max
i

fjziðx; yÞjg ð9Þ

3. Phase-based probabilistic GVF (PGVF)

The performance of the GVF algorithm is based on edge
detection reliability. However, in the presence of noise, standard
edge detection techniques have several limitations. Recent studies
showed that the local phase information is robust to local changes,
specifically for electrocardiography images [20,21,15]. For our
application, phase-based edge detection shows an improvement
over traditional edge detection, as illustrated in Fig. 2. Therefore,
this concept can be applied to GVF, to reduce the noise effect and
improve the segmentation process. For that purpose, we incorpo-
rated the phase-based Monogenic signal in Eq. (3) by using Eq. (6)
that is,

gðx; yÞ ¼ f FAðx; yÞ ð10Þ

While using this new function leads to a better performance
than the standard method, it is still not enough since there exist
many hyperechoic and hypoechoic tissues apart from the nerves
that yield high edge responses in the images (e.g. Fig. 2). Secondly,
to keep the strong edges only in the nerve regions we used texture

information with a probabilistic process. Indeed, many types of
nerve regions in US images show the regular pattern (honeycomb-
like pattern); however, they are corrupted by noise. In that case it
is difficult to isolate the nerve region using texture information
alone. It is more advantageous to combine the texture features
with the local phase information using the probabilistic approach.
Hence, given a pixel location one can examine the value of the
likelihood function according to the texture features. This gener-
ates a probability map that indicates the confidence of the class
membership of each pixel to belong to the nerve zone. To this end,
the proposed energy function modifies the original GVF external
force by adding the phase information and the probability function
as follows:

ε¼∬ μj∇V j2þ j∇pf FAj2jV%∇pf FAj2 ð11Þ

where pðx; yÞ denotes the probability function. The derived solu-
tion of Eq. (11) is obtained using the Euler–Lagrange equation:

Vt ¼ μ∇V2%ðV%∇pf FAÞj∇pf FAj2 ð12Þ

pðx; yÞ is a weight function of the gradient vector field. It increases
the value of the gradient in the locations that have a high
probability of belonging to the region of interest, and reduces
the importance of the gradient when the probability is low. Let us
consider X ðx; yÞ as a feature vector representing the Gabor filter
response at the location (x,y) and pðx; yÞ is the likelihood function
at this location given as follows:

pðx; yÞ ¼ pðX jΘÞ ð13Þ

Generating the probability map pðx; yÞ requires selecting the
statistical model and estimating its parameters. The Gaussian mixture
model (GMM) is one of the most widely used probability models for
image segmentation, due to its efficiency for data representation with
a relatively small number of parameters. GMM is defined by a linear
combination of different Gaussian density functions:

pðxjΘÞ ¼ ∑
K

k ¼ 1
wkpðxjθkÞ ð14Þ

Fig. 3. Phased-based probabilistic GVF (PGVF) example. (a) The original image of a sciatic nerve block. (b) Expert annotation of the nerve region. (c) Traditional GVF vector
field obtained from (a). (d) Probability map of the original image (a). (e) PGVF obtained from the gradient function weighted by the probability map. (f) Evolving curve toward
the nerve block using the weighted GVF scheme.
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Exemple
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