Computer Science and Application & MLEI%5RH, 2011, 1, 73-76

Hans iXith

http://dx.doi.org/10.12677/csa.2011.12015  Published Online September 2011 (http://www.hanspub.org/journal/csa/)

L ocal Polynomial M odeling in the Application of | mage
| nter polation

Liyun Su', Qian Yang', Ruihua Liu*, Jiaojun Li?

'School of Mathematics and Statistics, Chongqing University of Technology, Chongqing
2School of Electronic Information and Automation, Chongging University of Technology, Chongging
Email: cloudhopping@163.com
Received: May 30th, 2011; revised: Jul. 21st, 2011; accepted: Jul. 29th, 2011.

Abstract: In this paper, we use method of local polynomial to deal with image. Firstly, we obtain low
resolution images by down-sampling from the high-resolution images, and then interpolate the obtained low-
resolution images and calculate the peak signal to noise ratio. To illustrate the feasibility of this method we
compare it with the traditional interpolation method. Experiments show that the method applied in this paper
has higher PSNR than traditional interpolation, thus this method of image interpolation is feasible and
effective.
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Figure 1. Process of image inter polation
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Figure 2. Comparison of inter polated images
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