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Abstract: To further improve the effect of the super-resolution reconstruction (SRR) of remote sens-
ing images and reduce its time-consuming, a three level training BP Neural Network (BPNN) was es-
tablished. The research was focused on the acquisition of training samples, selections of input-output
training samples, and the design of BPNN structure and training algorithm. A remote sensing image
degradation model was set up. Then, training sample images were got by undersampled and subpixel-
shifted method. The input-output training sample images were selected by variance comparison. Fi-
nally, three groups remote sensing images with different super-resolution mapping modes were used as

the input-output training samples for the same BPNN. The net was continuously trained and learned
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three cycles, and image size and spatial resolution were improved three times. Experimental results

indicate that the three level training BPNN for the SRR of remote sensing image can obtain better SRR

effect and higher spatial resolution in the process of fitting remote sensing image SRR mapping, and

the Peak Signal to Noise Ratio(PSNR) is improved about 6 dB than that of other ordinary super-reso-

lution algorithm. For preserving more image details and reducing reconstructing time, it is more suit-

able for practical applications of remote sensing images.

Key words: three level training BP neural network; remote sensing image, image reconstruction; su-

per-resolution
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Fig. 1 Degradation model of remote sensing image
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