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SVM Support Vector Machine
LBP Local Binary Patterns

VGG Visual Geometry Group
ResNet Residual Network

ASM Active Shape Model

IRRNet Image Reconstruction and Recognition
Relu Rectified Linear Unit

FC Fully Connected Layer

TP True Positive

NP True Negative

FP False Positive

FN False Negative

CNN Convolutional Neural Network
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Abstract

Facial recognition is a verification system that works very quickly and
effectively. It is faster and more convenient than other biometric
technologies, such as fingerprints or retinal scanning. The facial
recognition system relies on fewer touchpoints than entering passwords
or personal identification numbers. It is compatible with multi-factor
authentication to allow an additional security verification step. Based on
these advantages and risks facing the security and stability of computer
systems and others in the world, it was necessary to work on devising
new automated methods for analyzing faces and detecting their various
features using a robot.

The research aims to present a new algorithm and methodology for face
recognition, by using a different set of algorithms that are used in image
processing, such as segmentation algorithms and data augmentation
method, and convolutional neural networks (CNN) were used to find out
the final results. The system was tested on a large number of images to
confirm the results of the research.

This algorithm was then trained and tested on 530 images, and the
results showed an accuracy of more than 97%.

key words:

Face recognition, digital image processing, segmentation and
classification, data augmentation algorithm, convolutional neural
networks.
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