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1-PASS SPATIALLY ADAPTIVE WAVELET
THRESHOLDING FOR IMAGE DENOSING
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Abstract

This paper propose the 1-pass spatially adaptive wavelet thresholding for image
denosing. The method of wavelet thresholding for denosing, has been concentrated on
finding the best uniform threshold or best basis. However, not much has been done to
make this method adaptive to spatially changing statistics which is typical of a large class
of images. This spatially adaptive thresholding is extended to the overcomplete wavelet
expansion, which yields better resuits than the orthogonal transform. Experiments show
that this proposed method does indeed remove noise significantly, especially for large noise
power. Experimental results show that the proposed method outperforms level dependent
thresholding techniques and is comparable to spatial Wiener filtering method, 2-pass
spatially adaptive wavelet thresholding method in matlab.
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Fig. 1 Three level wavelet decomposition of lena.
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Fig 1. Results of different Denosing method for Image and

snr values

Level Proposed
snri | dependent. | Oracle | Wiener | -2+Pass 0P
method
threshold

10 17.63 2091 | 16.79 | 17.81 17.95
125 18.58 2264 | 19.02 | 18.02 19.30
15 19.28 24,27 | 21.06 | 21.06 21.52
175 20.02 2572 | 22.81 22.87 22.98
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Fig 3. Comparing results of denosing method for lena
corrupted by noise snr = 15,
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