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Speckle Noise Reduction in SAR Images
using Wavelet Transform
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Abstract

It is difficult to analyse images because of multiplicative characteristics of speckle noises in
SAR images. In this paper, wavelet transform is proposed for restoring SAR images corrupted
by speckle noise. The multiplicative noise is transformed into a form of additive noise and then
the additive noise is denoised using wavelet thresholding selections such as VisuShrink,
SureShrink, BayesShrink and modified BayesShrink. Experimental results on several test images
show that the modified BayesShrink yields significantly superior image quality and better Peak
Signal to Noise Ratio(PSNR)
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Fig 1. 1-level Wavelet decomposition
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Fig 9. Result image obtained by applying thresholding
methods to Fig 7(b)
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(c) BayesShrink (d) Modified BayesShrink
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Fig 10. Result image obtained by applying thresholding
methods to Fig 8(c)
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Table 1. PSNR values of different denoised test images
Threshold Selections
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Horse | 6 05 | 21.009 | 21.069 | 24.222 | 24.422
Track

0.10 | 20.776 | 20.812 | 21.968 | 22.418
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0.10 | 25.216 | 25.201 | 25.546 | 25.611
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