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ABSTRACT

The purposes of the research were 1) to study and compare the efficiency of
performance of detection algorithms which were three steps namely: Haar Cascades, Histogram
of Oriented Gradients (HOG) and Deep Learning, and there were four steps of face recognition
algorithms: Eigenfaces, Fisherfaces, Local Binary Pattern Histograms (LBPH) and Deep Learning;
and 2) to apply the suitable face detection and face recognition algorithms for a face
authentication system.

The research findings revealed that the efficiency of detection algorithms was Haar
Cascades which was the best step. and the LBPH yielded the highest accuracy for face detection
and face recognition. Haar Cascades achieved 100% accuracy to detect faces both on the Yale
face dataset and on the 100 random images from the Flickr-Faces-HQ dataset. The LBPH
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obtained an average accuracy of 98% on the Yale dataset. Haar Cascade and LBPH outperformed
other analyzed algorithms which were applied in a seminar registration system. The experimental
results showed that 90% of the participants can successfully verify their identity within the first
time. However, the participants were able to verify their identity with 100% success within two

attempts.

Keywords: Face Authentication, Face Detection, Face Recognition, Registration System
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