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Abstract A blind deblurring method of remote sensing images based on local maximum and minimum intensity priors is
proposed to solve the motion blur problem. The sparsity of local pixel intensity of remote sensing image is used as a prior
condition in this method, and a simple iterative threshold shrinkage method is applied to solve the latent image and blur
kernel, then we obtain the deblurred image using by non-blind deconvolution algorithm. The experimental results show
that the proposed method can improve the computational efficiency. For both optical and near-infrared remote sensing
images, it can availably restore the texture details of the images, suppress artifacts, and improve the subjective effect and
objective evaluation index for the restored images.
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Fig. 1 General image degradation model
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Fig. 2 Local minimum pixel intensity histograms of clear images and corresponding blurred remote sensing images, the size of local

blocks is 45X 45.

(a) Local minimum pixel intensity histogram of clear and blurred optical remote sensing images; (b) local

minimum pixel intensity histogram of clear and blurred infrared remote sensing images
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Local maxmum pixel intensity histograms of clear images and corresponding blurred remote sensing images, the size of local

(a) Local maxmum pixel intensity histogram of clear and blurred optical remote sensing images; (b) local

maxmum pixel intensity histogram of clear and blurred infrared remote sensing images
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Algorithm 1: blind deblurring algorithm
Input: blurred image g, initial kernel &

For i=1: max_iter do

u<g, f<p
Repeat
For j=0:J-1 do
Solve for N, and IV, via Equ.(16) and
Equ.(18)
Obtain flp and flm via Equ.(14) and Equ.(17)
Update @ viaEqu.(19)
Compute D via Equ.(20)
Update a2 via Equ(22)
End for

Be2p
Until > B

Solve blur kernel k via Equ.(23)
End for

Output: intermediate latent image & and blur kernel 12
K4 FEEA R
Fig.4 Flowchart of blind deblurring algorithm
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Table2 Average PSNR and SSIM for infrared remote sensing
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Algorithm PSNR /dB SSIM Algorithm PSNR /dB SSIM
Krishnan-11 28.0531 0.8162 Krishnan-11 26.9228 0.7250
Pan-14 28.1885 0. 8146 Pan-14 27.7964 0.7631
Bai-18 26.9992 0.7735 Bai-18 27.7964 0. 6490
Wen-20 28.2138 0. 8182 Wen-20 28.2262 0.7736
Proposed algorithm 28.5728 0. 8206 Proposed algorithm 28. 3441 0.7683
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