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Fig.1 Lena images. (A) Original uncorrupted image; (B) Corrupted image, noise density equals to 0.02;

(C) Reconstruction by the median filter; (D) Reconstructed by the proposed algorithm. All image sizes

equal to 256x256x8 bit

Table 1 Performance comparison of the two denoising methods (5x5 cross-shaped window)

I
(g‘l‘;%f)’ Methods SNR (dB) PSNR (dB) NMSE
Liver Proposed method 10.170 21.492 0.0116
(256x256) Median filtering 10.011 21.332 0.0468
SCC Proposed method 3.147 22.307 0.000800
(128x128) Median filtering 3.089 22.249 0.0139
Chromosome Proposed method 3.652 20.462 0.0631
(512x496) Median filtering 3.240 20.051 0.837
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Fig.2 Noise removal of biomedical images by using the proposed algorithm. (A) corrupted liver CT image;

(B) reconstructed liver CT image; (C) corrupted image of small cell carcinoma (SCC); (D) reconstructed

SCC image; (E) corrupted chromosome image; (F) reconstructed chromosome image. Noise density equals to

0.02 in each corrupted image.
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NOISE REMOVAL IN DIGITAL IMAGES BASED ON A WAVELET NEURAL NETWORK

CAI Nian, HU Kuang-hu, LI Fang-zhen, @ SU Wan-fang
(Center for System Biology, Institute of Biophysics, The Chinese Academy of Sciences, Beijing 100101, China)

Abstract: Noise is inevitably involved in biomedical images when imaging. It is an important issue
to remove the noise. Due to the excellent local feature and the adaptive self-learning ability, a wavelet
neural network was introduced in the field of noise removal in biomedical images. Several techniques
were used to optimize the learning process of the network and a novel denoising algorithm was
proposed. The experimental results showed that the algorithm was superior to traditional median filtering
in the field of noise removal in biomedical images. The results also indicated the robustness of the
proposed approach. The proposed algorithm can preserve fine details of the images and has excellent
fidelity.

Key Words: Wavelet neural network; Noise removal;, Median filtering;

Salt & pepper noise; Fidelity



