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(Development of Learning Algorithm using Brain Modeling of
Hippocampus for Face Recognition)
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Abstract

In this paper, we propose the face recognition system using HNMA(Hippocampal Neuron Modeling Algorithm) which
can remodel the cerebral cortex and 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. One is feature-extraction and the other is leamning and recognition. In the feature extraction part, it can
construct good—classified features applying PCA(Principal Component Analysis) and LDA(Linear Discriminants Analysis) in
order. In the learning part, it can lable the features of the image data which are inputted according to the order of
hippocampal neuron structure to reaction-pattern according to the adjustment of a good impression in the dentate gyrus
region and remove the noise through the associate memory in the CA3 region. In the CAl region receiving the information
of the CA3, it can make long-term memory learned by neuron. Experiments confirm the each recognition rate, that are
face changes, pose changes and low quality image. The experimental results show that 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 existing methods.
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Structure of auto associate memory.
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Table 3. Comparisons of pose recognition rates with
learning algorithms and feature caculation method

(%).

5}%%% Nearest
. BP SVM .| HMM ‘| HNMA

£ A2 Neighbor
PCA 87.85 9066 | 9089 | 9196 | 9242
LDA 89.04 N74 | 91.8 | 9234 | 9303
ICA 83.66 90.15 | 9151 | 9209 | 9215
PCA+LDA 91.34 93.21 9388 | %421 97.94
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Table 4. The simulation result of facial recognition with
pose change.

o | Nearest
MGG Neighbor BP SVM | HMM | HNMA
1 91.34 9321 | 93 9421 97.94
2 93.49 %67 | B33 %67 9817
3 96.83 9500 | 9900 9817 | 100.00
4 9%.17 9800 | 9954 9844 | 100.00
5 96.85 9833 | 10000 | 10000 | 100.00
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Table 5. Comparisons of recognition rates with learning
algorithms(%).
G| Nearest
© BP | SVM | HMM | HNMA
R A Neighbor
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Table 6. Comparisons of face expression recognition rates with
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