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Abstract

Currently, conventional security methods including IC card or password type method are quickly switched into biometric
security systems in various applications and the electrocardiogram (ECG) has been considered as one of novel biometrics
way. However, conventional ECG based biometrics used lead II signal which conventionally used for formulaic signal to
heart disease diagnosis and it is not suitable for biometrics since it is rather difficult to find consistent features for heart
disease patents. To overcome this problem, we developed new biometrics system using ECG lead Il signals. For wave
extraction, signal peak points are extracted through AAV algorithm. For feature selection, extracted waves are categorized
into one of four wave types and total twenty two features including number of vertices, wave shapes, amplitude
information and interval information are extracted based on their wave types. Experimental results for thirty-six people
showed 100% specificity, 95.59% sensitivity and 99.17% of overall identification accuracy.
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