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Abstract

Recently, the important of a personal identification is increasing according to expansion using each on-line commercial
transaction and personal ID-card. Although a personal ID-card embedded RFID(Radio Frequency Identification) tag is
gradually increased, the way for a person’s identification is deficiency. So we need automatic methods. Because RFID tag
is very small storage capacity of memory, it needs effective feature extraction method to store personal biometrics
information. We need new recognition method to compare each feature. In this paper, we studied the face verification
system using Hippocampal neuron modeling algorithm which can remodel the hippocampal neuron as a principle of a
man’s brain in engineering, then it can learn the feature vector of the face images very fast-and construct the optimized
feature each image. The system is composed of two parts mainly. One is feature extraction using NMF(Non-negative
Matrix Factorization) and LDA(Linear Discriminants Analysis) mixture algorithm and the other is hippocampal neuron
modeling and recognition simulation experiments confirm the each recognition rate, that are face changes, pose changes
and low-level quality image. The results of experiments, we can compare a feature extraction and learning method
proposed in this paper of any other methods, and we can confirm that the proposed method is superior to the existing
method.

Keyword : Hippocampus, Brain Modeling, Face recognition, NMF(Non—negative Matrix Factorization), RFID
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Table 1. Recognition result with change of basis
number(%).
DB
) ORL CMU AMP | DAUFace
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Table 2. The class separability measurement of mixed
method of NMF and LDA .
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Table 3. Comparisons of pose recognition rates with
learning algorithms and feature caculation
method(%).
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Table 4. Comparisons of recognition rates with learning

algorithms(%).
Tl
Nearest Hippoc
&4 Neighbor BP | SVM | HMM anfx?s
Ay
NMF 89.00 9256 | 9268 | 9263 | 9242
LDA 91.04 9365 | 9385 | 94.25 | 95.03
PCA 91.56 9381 | 9351 | 9388 | 9565
NMF+LDA 9355 9%.36 | 645 | 96.12 | 9910
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Table 5. The simulation result of facial recognition using
DAUFace database.

Bhdn} .
S Nt?arest BP | SvM | MM Hippoc
AN Neighbor ampus
NMF 86.63 8815 | 8951 | 90.09 | 9115
LDA 83.31 89.65 | 90.87 | 91.21 | 9245
PCA 87.00 8947 | 90.86 | 91.96 | 91.09
NMF+LDA 90.34 9220 | 9211 { 9434 | 9653
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