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A neural network based compression coding for remote sensing images
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Abstract

To compress remote sensing images at a fixed ratio, a novel coding scheme is proposed in which pixels

are divided into three types. And different prediction and quantification are adopted for each type,in which a two-

layer neural network based on Levenberg-Marquardt algorithm is chosen for prediction model, and a competitive

neural network is selected for quantification. Compression experiments on remote sensing images of Great Wall,

Mount Everest,and Hong Kong indicate the validity and effectiveness of our algorithm. Moreover,the MSE of the

proposed method is higher than distance-weight method and least mean square error method, and the computation

complexity of our method is O(n).
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