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Face Recognition in Visual and Infra-Red Complex Images

Kwang-Ju Kim', Chulho Won""

ABSTRACT

In this paper, we propose a loss function in CNN that introduces inter—class amplitudes to increase
inter—class loss and reduce intra—class loss to increase of face recognition performance. This loss function
increases the distance between the classes and decreases the distance in the class, thereby improving
the performance of the face recognition finally. It is confirmed that the accuracy of face recognition for
visible light image of proposed loss function is 99.62%, which is better than other loss functions. We
also applied it to face recognition of visible and near-infrared complex images to obtain satisfactory results

of 99.76%.

Key words: Face Recognition, CNN (Convolutional Neural Networks), Deep Learning
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Fig. 4. LFW data sets,
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Fig. 8. Normalized images by MTCNN,
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