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Face recognition Based on Super-resolution Method Using
Sparse Representation and Deep Learning

Ohseol Kwon'

ABSTRACT

This paper proposes a method to improve the performance of face recognition via super-resolution
method using sparse representation and deep learning from low-resolution facial images. Recently, there
have been many researches on ultra-high-resolution images using deep learning techniques, but studies
are still under way in real-time face recognition. In this paper, we combine the sparse representation
and deep learning to generate super-resolution images to improve the performance of face recognition.
We have also improved the processing speed by designing in parallel structure when applying sparse
representation. Finally, experimental results show that the proposed method is superior to conventional
methods on various images.
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Fig. 3. Flowchart of proposed algorithm, (a) cascade sparse coding and (b) nonlinear neuron layer,
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Fig. 4. Results of super—resolution according to scale factor and algorithms; (a) input, (b) bi—cubic, (c) SC, (d) CNN,
and (e) Proposed method.
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Fig. 5. Comparisons of resuls of super—resolution algorithms for facial images. (a) input image, (b) Bicubic method,
(c) SC method, (d) CNN method, and (e) proposed algorithm,
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Table 1, The performance of PSNR for proposed algo—
rithm and conventional algorithms

Algorithms
Image —
Bicubic SC CNN Proposed
1 33.15 33.65 32.06 34.32

30.01 30.94 29.06 31.92

30.37 31.18 26.67 31.97

Table 2, Face recognition rate(%) for Extended Yale B

images
Scaling Algorithms
factor | Bicuhic SC CNN | Proposed
x2 79.90 79.14 76.44 80.73
x3 56.85 66.52 64.11 74.92
x4 41.03 51.76 54.02 64.35
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