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Abstract

Deciding for the appropriate algorithm is one of the key issues in
face recognition systems, especially for an embedded system as the
Raspberry Pi. As we know, the Raspberry Pi functions as a small
computer that contains limits of computation and memory capacity.
Therefore, face recognition algorithms mainly affect operational
efficiency of overall system, especially in real-time video detection. In
this paper, we evaluated efficiency of three famous algorithms in both
training and test phases. The face recognition algorithms are
Eigenfaces, Fisherfaces, and Local Binary Patterns Histogram (LBPH).
Our experimental results of these three algorithms will help you to

select the face recognition algorithm, which eminently suitable for your

system on a Raspberry Pi.

Keywords: Eigenfaces, Fisherfaces, Local Binary Pattern Histogram,

Face Recognition Algorithms, Raspberry Pi
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