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Abstract For the long learning time and the easiness to occur wrong and high frequecy details of super-resolution(SR)
reconstruction algorithm which traditionally depends on external image database, this paper presented a single image SR
reconstruction method based on compressive sensing(CS) and support vector regression(SVR). SVR model is training
for degarded image itself to make full use of the self similarity of the image. In training stage, we firstly detected image
edge and classified image patch into low and high frequency blocks. Then we did image block sparse coding,and trained
a SVR model using image’s label vector and sparse representation matrix. Finally, we predicted the high resolution
(HR) image with SVR using this model in the testing stage. Experiments show that the proposed method is more rea-
listic than the method based on external library,and the edge is more clear than bicubic interpolation method.
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