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Abstract

This article presents a method aiming at quantify-
ing the visual similarity between an image and a class
model. This kind of problem is recurrent in many appli-
cations such as object recognition, image classification,
etc. In this paper, we propose to label a Self-Organizing
Map (SOM) to measure image similarity. To manage
this goal, we feed local signatures associated to the re-
gions of interest into the neural network. At the end of
the learning step, each neural unit is tuned to a par-
ticular local signature prototype. During the labeling
process, each image signature presented to the network
generates an activity vote for its referent neuron. Facial
recognition is then performed by a probabilistic deci-
sion rule. This scheme offers very promising results for
face identification dealing with illumination variation
and facial poses and expressions.

1. Introduction

Over the past two decades, face recognition has been
an important research subject in the pattern recognition
field that has been extensively investigated. Due to its
potential commercial applications, such as surveillance,
human-computer interactions, vision systems and video
indexing, identifying human faces remains a challeng-
ing problem. The main difficulties are due to illumina-
tion constraints, facial expressions and orientations.
Whereas holistic matching methods use the whole face
region and face feature-based methods consider local
regions as the eyes, nose and mouth, we investigate the
“bag of features” representation [3] which models an
object by a set of local signatures. Based on interest
point detection, we assume that the relevant salient bio-
metric information is sufficiently redundant whatever
view is considered. For each salient point, we focus
on its near influence area to describe the signal singu-
larity. The edge descriptor should then compute a sta-
ble signature, regarding geometric transformation. This
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large amount of training information is then organized
thanks to a Self Organizing Map [8]. A decision rule
based on conditional probability is then defined, using a
learning by example strategy from facial feature stimu-
lation on SOM neurons.

This paper is organized as follows. In section 2, we
first present our face recognition scheme based on SOM
learning from local descriptions. Section 3 is presents
some experimental results that illustrate the perfor-
mances of the proposed method. And finally, conclu-
sions are drawn.

2. Supervised face classification scheme
2.1. System architecture

As underlined in [4], a classification scheme is gene-
rally composed of three main steps: pre-processing, fea-
ture extraction and classification. In our approach, the
pre-processing step consists in detecting some salient
points in the image to be compared, reducing thus the
zones of interest to a limit number of regions conside-
red as perceptually relevant. From each detected salient
point, a salient patch is extracted and a local feature vec-
tor is calculated. Each local feature vector is then fed
into a SOM network resulting in a neural activity map
composed of all winning cells, as shown in our previous
study [10]. Finally, to complete the feature extraction
step of our classification scheme, the obtained activity
map is used in order to label each SOM unit by measur-
ing the frequency of SOM prototype appearance, indi-
vidual by individual. Assessing the similarity between
a test image and an individual model is then reduced to
compute a new decision rule from a maximum a poste-
riori probability (MAP) using previous labeled neuron
stimulations. The different computational steps used in
this method are detailed in the next sections.

2.2. Regions of interest description

According to the active vision mechanisms [7], the









Figure 5. ORL and YALE image samples

Figure 6. Face recognition results.

| Approach | ORL | YALE
ICA’ 93.75% 71.5%
Eigenfaces 97.5% 71.5%
Kernel eigenfaces | 98% 75.8%
Fisherfaces 98.5% 91.5%
Kernel fisherfaces | 98.75% 93.9%
Our method 98.67%(+0.12) | 94.44%(+4.15)

Table 1. Classification rate comparison.

ORL and YALE databases. The respective standard de-
viation are 0.12 and 4.15. These performances appear
when the SOM size achieves 1225 units. With this con-
figuration, the learning SOM process clusters more pre-
cisely the different face signatures and the individual
frequency labeling proposes a better classification re-
sult. From a size of 225 neurons, we perform more
than 80% of good recognitions but when this number
is upper than 1225, we are confronted to the classical
overlearning issue. Increasing the number of neurons
means growing the SOM learning time but the decision
result is still immediate, independently to the number of
persons and the learning examples.

3Independent Component Analysis

4. Conclusion

In this paper, we propose an original face recogni-
tion system using directly local signature information.
Based on the two main properties of SOM, which are
dimension reduction and topology preservation, this ar-
chitecture features all facial identities by neural activ-
ity counts. In order to quantify the visual similarity
between a test image and the global neural model, we
build a probabilistic decision rule. This solution imple-
mented for facial recognition gives us very promising
results. However, a growing and pruning strategy or
a hierarchical SOM could be useful to determine auto-
matically the SOM size from learning data.
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