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ABSTRACT

We present a biometric system performing both, veri cation a nd identi cation, implementing automatic face recognition . The algorithm is based on Elastic Bunch
Graph Matching [1]. EBGM is a technique that uses local information extracted with Ga bor Iters for discrimination. CSU implementation [2] was us ed as the
main reference of this work. The results are comparable with those of the state of the art.

1 Introduction 3 Evaluation and Results

Automatic Face Recognition is one of the most challenging pr oblems in computer vision. In In order to test the algorithm performance we followed the se miautomatic F ERET [4] eval-
the proposed system, the location of several ducial points from digital images of human uation protocol, in which eye coordinates are manually mark ed. In this way, the detection
faces via graph matching allows a second stage, Gabor-basedfeature extraction, in order to stage is avoided in the evaluation.

describe and represent human identities. A high level descr iption of the algorithm and most

outstanding results are presented next. The next chart shows a comparison in terms of RECOGNITION RATE, the percentage of

correctly identi ed individuals among the total registere d in the database. The two gures
compare our system against other EBGM implementations and state of the art algorithms.

2 Face Recognition System The three tests shown below are: different expressions, different illumination conditions and
temporal dependency between training set and probe set.
The image below shows a high-level description of the system , composed of ve principal

blocks.
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2.1 Detection

In this stage we used an existing face detector, included in the Machine Perception Toolbox
[3]- The algorithm is based on a statistical model and is impl emented using neural networks.
This tool also resolves eye detection.

4 Conclusions

From our work, some concluding remarks can be stated:

2.2 Normalization The results show that the algorithm is robust under differen t conditions.

The re nement in ducial points location does not offer adva ntages in terms of the
algorithm performance.

This step consists of a geometric transformation and an inte nsity adjustment of the image.
Additionally, an elliptic mask is applied to the image to rem ove background.

The power spectral density of the face images in our experime nts shows a dependency
with frequency that can be compensated when ltering with Ga bor wavelets. As a
result, the performance in authentication and identi cati on improves considerably.

2.3 Fiducial Points Location

Locating each point basically consists of two steps. Firstly, the point coordinates are esti-
mated taking into account the already known eye coordinates and a statistical model created
with a representative set of manually marked face images. Secondly, the estimate is re ned
comparing each point to the corresponding one in the model by maximizing a similarity

function.

Studies in frequency domain and alternatives to Gabor Iter bank might be considered
in future work.
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