FREBERHLEE ¢ LA ERERSE

A AP 48 48 B A R R

BRMARRAZHAE(Z)

The Study of Biometric Identification Technology and Applications by Neural
Networks (III)
i E 458 0 NSC 88-2213-E-009-052
BATHAMR 87T F8 A1 BZEB88FTHI3 A

EHAHASFE

-~ PxXHE

JE R E RS G A MR T RE L %L
RSB RA S EE  MAMRERE
EBELABKZERNEL R E LR
SHRRIER - AFE TR SHERREG
e MmN AR Y R E
BEREZS AARLE > LRZAKF AR
1535 A R IBAL B 1% > BERA ALE
EO AR T AR AR B
AR A RPATHRUAE TR T A S
RHERE 0 ko AR BIEPERFRIT R
BRI EERE A AR RGET
ERALREE » ki —F ek o B AT
LRl RE X AR TR FiE
X ¢ http://www.csie.nctu.edu. tw
/~nnlab %% -

B 438 A MR TR - ALPER ~ FEA
EHEEE S L - AMR/E R

Abstract

The feasibility of using computer vision
to 1dentify biometrics has receved increasing
attention. Biometric identification techniques
can be applied to many practical applications
in the area of automation and mformation
security. This project has combining various
technicues of Neural Network to develop a
fully functional biometrics identification
system. This system consists of the
following subprojects:
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1. Static face recognition,
2. Detect human faces in a secjuence of
1mages,

3. Facial expression and morphing.
The system detects the face location
approximately in a secuence of 1mages and
then locates the face by the skin color
information. A static face recognition
subsystem 1s employed to recognize the
located face and judge the person is a legal
user or not. If the system fail to recognize the
face, a face morphing subsystem then used to
normalize the face expressions for recognizing
again.

Keywords: Biometric Identification, Face
Recognition, Neural Networks, Morphing,
Face Detection
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