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Implementation of Face-recognition System Using
Auto-associate Learning of Hippocampus and RFID
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Abstract : Because of the recent development of radio frequency identification (RFID) technologies, various systems for RFID
have been proposed. and it expected to become pervasive and ubiquitous.offers tantalizing benefits for supply chain

management, inventory control, and many other applications.recently, however, has the convergence of lower cost and increased
capabilities made businesses take a hard look at what RFID can do for them. In this paper, We propose the real-time RFID
face recognition system using Hippocampus neuron modeling algorithm(HNMA) and PCA-LDA mixture algorithm. this system
store an extracted face-feature in tag and uses for individual authentication.
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Fig. 1. The adaptation of RFID biometric system.
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Fig. 2. The block-diagram of RFID biometric system.

DatebakE

THent Chent 0

a9 3. vEYE AR
Fig. 3. Network organization.

17 4. F(GemEasyLink 680SP).
Fig. 4. Reader(GemEasyLink 680SP).
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Fig. 6. Examples of the DAUFace database.
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Fig. 7. Examples of the ORL database.
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Fig. 8. Examples of the CMU AMP face expression database.
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Table 1. Recognition results with change of basis number(%o)

84.03 88.34

86.35 89.36 88.35
91.34 92.62 91.78
87.56 90.66 90.24

¥ 2.PCAYLDA E80| Fe)sBelw 23,
Table2. The class separability measurement of mixed method of
PCA and LDA.
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Fig. 9. Waiting for a tag.
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Fig. 10. A picture of authentication.
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