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Super-Resolution Restoration of Low Quality Face Images
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Abstract How to improve the resolution of face images is a classic problem in computer vision. During video
surveillance, since the target person is faraway from the camera, the result is often a low-resolution face image.
Aiming at this problem, we propose a face super-resolution restoration algorithm combining principal component
analysis (PCA) and maximum a posteriori probability (MAP). Firstly, we get the characteristics of the high-
resolution face database based on the PCA model. Secondly, we calculate the representation coefficients of the input
low-resolution face images on these features by MAP and reconstruct the corresponding high-resolution features.
Thirdly, we make the constraint enhancement of the reconstructed features. Finally, we obtain the final super-
resolution restoration images based on the average vector of high-resolution face database. In order to verify the
effectiveness of this algorithm, we make the experiments that the images in the AR face database are amplified four
times using this method and other methods. The result of this method is superior to other methods in either visual
effects or evaluation indicators. This algorithm not only improves the resolution of face images, but also maintains
the edge information of the image better.

Key words image processing; super-resolution; maximum posterior probability; principal component analysis;
constraint enhancement; AR human face database
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Fig. 1 Face image decomposition
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Table 1 PSNR values of different algorithms

Image Bicubic method EigTran method ScSR method SRCNN method Proposed method
m-42-01 28.06 25.14 28.75 29.57 29.11
m-50-01 27.77 25.36 28.35 29.00 29.18
w-41-01 30.96 21.92 31.83 32.18 32.42
w-47-01 29.17 25.54 29.95 30.48 30.56
w-49-01 30.54 24.53 31.08 31.49 31.68
Average 29.30 24.50 29.99 30.54 30.59
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Fig. 8 Low-resolution face image processing without glasses. (a) Original high-resolution images;

(b) low-resolution input images; (c¢) train set-1; (d) train set-2
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Fig. 9 Low—resolution face image processing with glasses. (a) Original high-resolution images;

(b) low-resolution input images; (¢) train set-1; (d) train set-2
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