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Terrorists Face Recognition System with Color Skin

Detection and Eigen Face
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Linear discriminant analysis

Abstract

This paper aimed to introduce an alternative method for terrorists face recognition system based
on Eigenface in which commonly used nowadays. The 2D RGB images were used in this research. First,
HSV and Haar like feature were applied for face detecting occasionally. Second, Eigenface was used for
feature extraction and retrieved Eigenvectors. Third, calculate the distances between eigenvectors
retrieved from the test and training data using Euclidean method. Finally, the results from Eigenface
method and Linear Discriminant analysis were then compared. The Salt and Pepper noise were added in
all images used in this research. The results from the method used in this research based on Eigenface
yielded 100 percent accuracy without noise and 98.85 percent accuracy when noise was added. The Linear
Discriminant Analysis method gave 95.8 and 94.81 percent accuracy respectively. Hence, judging from
the percent of accuracy, it can be concluded that the method used in this research provided the best result
for the face recognition application.

Keywords : Eigenface, Eigen vector, Terrorists face recognition, Haar like feature, Euclidean Distance,

Linear discriminant analysis
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