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Abstract 

During transmission and the influence of environment, transmission channel, and other factors, images are inevitably 

contaminated by noise during acquisition, compression, and transmission, leading to distortion and loss of image 

information. In this project, the image corrupted by additive random noise can easily be denoised by using Daubechies, 

Symlets, Coiflets and BiorSplines Wavelets. 
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I. INTRODUCTION 

Owing to the influence of environment, channel, and other factors, images are inevitably contaminated by noise during 

acquisition, compression, and transmission, leading to distortion and loss of image information. With the presence of noise, 

possible subsequent image processing tasks, like video processing, image analysis, and tracking, are adversely affected [1]. 

Therefore, image denoising plays an important role in modern image processing systems. Image denoising is to urge 

obviate noise from a loud image, so on restore truth image. However, since noise, edge, and texture are high frequency 

components, it's difficult to differentiate them within the method of denoising and thus the denoised images could 

inevitably lose some details. Overall, recovering meaningful information from noisy images within the method of noise 

removal to urge high quality images may be a crucial problem nowadays. In fact, image denoising could also be a classic 

problem and has been studied for an extended time. However, it remains a challenging and open task. The foremost reason 

for this is often that from a mathematical perspective, image denoising is an inverse problem and its solution isn't unique. In 

recent decades, great achievements are made within the world of image denoising [2]. Over the past decade, wavelet 

transforms have received plenty of attention from researchers in many different areas. Both discrete and continuous wavelet 

transforms have shown great promise in such diverse fields as compression , image de-noising, signal processing, computer 

graphics , and pattern recognition to call only a few of . In de-noising, single orthogonal wavelets with a single-mother 

wavelet function have played an important role. De-noising of natural images corrupted by Gaussian noise using wavelet 

techniques is extremely effective thanks to its ability to capture the energy of a symbol in few energy transform values 

[3].Wavelets are of wide potential use in statistical contexts. The basics of the discrete wavelet transform are reviewed 

employing a filter notation that's useful subsequently within the paper. A 'stationary wavelet transform', where the 

coefficient sequences aren't decimated at each stage, is described [4]. Two different approaches to the event of an inverse of 

the stationary wavelet transform are begun. The appliance of the stationary wavelet transform as an exploratory statistical 

method is discussed, in conjunction with its potential use in nonparametric regression. How of local spectral density 

estimation is developed [5]. This involves extensions to the wavelet context of ordinary statistic ideas just like the 

periodogram and spectrum [6]. Denoising with the traditional (orthogonal, maximally decimated) wavelet transform 

sometimes exhibits visual artifacts like Gibbs phenomena within the neighborhood of discontinuities. The Cycle-Spinning 

averages the range of shifts; one circularly shifts the data and denoises the shifted data, then unshifts the denoised data. 

Applying this for each of range of shifts, and averaging the several results so obtained, produces a reconstruction subject to 

far weaker Gibbs phenomena than the sting based denoising using the traditional orthogonal wavelet transform[7]. Image 

Denoising may be a crucial a neighbourhood of diverse image processing and computer vision problems. The important 

property of an honest image denoising model is that it should completely remove noise as far as possible also as preserve 

edges [8]. One of the foremost powerful and perspective approaches during this area is image denoising using discrete 

wavelet transform (DWT). Innovative denoising techniques supported Stationary Wavelet Transform (SWT) have started 

being applied to Pulsed Thermography (PT) sequences, showing marked potentialities in improving defect detection. 

During this contribution, a SWT-based denoising procedure is performed on high and low resolution PT sequences[9]. 

Samples under test are two composite panels with known defects. The denoising procedure undergoes an optimization step. 

The wavelet de-noising scheme thresholds the wavelet coefficients arising from the standard discrete wavelet transform. 

Spatial domain methods aim to urge obviate noise by calculating the grey value of each pixel supported the correlation 

between pixels/image patches within the first image[10]. To urge an honest estimation image, image denoising has been 

well-studied within the sector of image processing over the past several years. Generally, image denoising methods are 

often roughly classified as spatial domain methods and transform domain methods. Generally, spatial domain methods are 

often divided into two categories: spatial domain filtering and variation denoising methods. 

 

II. IMAGE DENOISING BY DWT AND STATIONARY WAVELET 

In this paper, the image corrupted by additive random noise can easily be removed using Daubechies, Symlets, Coiflets and 

BiorSplines Wavelets methods. De-noising of natural images corrupted by Gaussian noise using wavelet techniques is 

extremely much effective due to its ability to capture the energy of a sign in few energy transform values. In this project, 
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four different wavelets are proposed to research the suitability of various wavelet bases and therefore the size of various 

neighbourhoods on the performance of image de-noising algorithms in terms of peak signal to noise ratio (PSNR). Initially, 

the grey scale image I1 of size NxM is corrupted by additive Gaussian noise. Then the additive Gaussian noise I2 could be 

denoised by Daubechies, Symlets, Coiflets and BiorSplines Wavelets. The similarities between the images I1 and I2 

evaluated by three metrics included in this work are: Mean Squared Error (MSE), Peak Signal to Noise Ratio (PSNR), and 

Signal to Noise Ratio (SNR). 
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Fig. (2.1):  Image noising and denoising process 

 

 

 
III. EXPERIMENTAL RESULTS 

 
The performance of Daubechies, Symlets, Coiflets and BiorSplines Wavelets has been evaluated in terms of MSE, SNR 

and PSNR for different levels of added noise. The figures from 3.1 to 3.8 represent grey images, noisy images and denoised 

images by applying DWT and stationary wavelets. The different levels of noise and the corresponding MSE, SNR and 

PSNR of denoised images are tabulated in table3.1. The variation of MSE.SNR and PSNR for different levels of noise 

plotted in different charts3.1 to 3.4. 
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Figure (3.1) Noisy and denoised images of LENA using Daubechies wavelet with 2dB added noise using level-1 

decomposition. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3.2) Noisy and denoised images of LENA using Daubechies wavelet with 2dB added noise using level-2 

decomposition. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3.3) Noisy and denoised images of LENA using Daubechies wavelet with 5dB added noise using level-1 

decomposition. 
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Figure (3.4) Noisy and denoised images of LENA using Daubechies wavelet with 5dB added noise using level-2 

decomposition. 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

Figure (3.5) Noisy and denoised images of LENA using Daubechies wavelet with 8dB added noise using level-1 

decomposition. 

 

 

 
 Figure (3.6) Noisy and denoised images of LENA using Symlets wavelet with 2dB added noise using level-1 

decomposition. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3.7) Noisy and denoised images of LENA using Coiflets wavelet with 5dB added noise using level-2 decomposition. 
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S.No Wavelet 
Added noise 

Intensity 

Decom

position 

Level 

Noisy Image DWT based Denoised Image 
Stationary Wavelet based 

Denoised Image 

1 

Image: LENA MSE SNR PSNR MSE SNR PSNR MSE SNR 
PSN

R 

Daubechies 

2dB 
1 

0.0209 11.12 16.78 
0.0057 16.62 22.32 0.0032 18.53 24.51 

2 0.0038 19.45 25.11 0.0013 22.09 27.75 

5dB 
1 

0.0108 13.98 19.64 
0.0032 19.13 24.79 0.0015 21.49 27.15 

2 0.0023 20.76 26.46 0.0017 23.56 29.22 

8dB 
1 

0.0055 16.92 22.58 
0.0019 21.43 27.09 0.0010 24.02 29.68 

2 0.0017 21.98 27.64 0.0008 24.96 30.62 

2 Symlets 

2dB 
1 

0.0209 11.12 16.78 
0.0055 16.90 22.56 0.0038 18.44 24.10 

2 0.0024 20.43 26.09 0.0017 21.94 27.60 

5dB 
1 

0.0108 13.98 19.64 
0.0030 19.54 25.20 0.0020 21.12 26.78 

2 0.0017 21.90 27.56 0.0012 23.48 29.14 

8dB 
1 

0.0055 19.62 22.58 
0.0016 22.08 27.74 0.0011 23.74 29.40 

2 0.0012 23.25 28.91 0.0008 24.94 30.60 

3 Coiflets 

2dB 
1 

0.0209 11.12 16.78 
0.0054 16.94 22.60 0.0041 18.20 23.86 

2 0.0023 20.64 26.30 0.0017 21.79 27.45 

5dB 
1 

0.0108 13.98 19.64 
0.0029 19.62 25.28 0.0022 20.90 26.56 

2 0.0016 22.21 27.87 0.0012 23.40 29.06 

8dB 
1 

0.0055 16.92 22.58 
0.0016 22.23 27.89 0.0012 23.54 29.20 

2 0.0011 23.61 29.27 0.0008 24.89 30.55 

4 BiorSplines 

2dB 
1 

0.0209 11.12 16.78 
0.0057 16.74 22.40 0.0039 18.36 24.02 

2 0.0029 19.68 25.34 0.0017 21.97 27.64 

5dB 
1 

0.0108 13.98 19.64 
0.0030 19.43 25.09 0.0021 21.05 26.71 

2 0.0018 21.74 27.40 0.0011 23.66 29.32 

8dB 
1 

0.0055 16.92 22.58 
0.0016 22.06 27.72 0.0011 23.68 29.34 

2 0.0011 23.64 29.30 0.0008 25.26 30.93 

 

Table 3.1: The different levels of noise and the corresponding MSE, SNR and PSNR of denoised images 
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Chart 3.1: Variation of MSE, SNR and PSNR for Daubechies based denoised image 

 

 
                  

Chart 3.2: Variation of MSE, SNR and PSNR for Symlets based denoised image 

 

 
                   

Chart 3.3: Variation of MSE, SNR and PSNR for Coiflets based denoised image 
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Chart 3.4: Variation of MSE, SNR and PSNR for BiorSplines based denoised image 

 

IV. CONCLUSIONS & FUTURE SCOPE 

 
In this paper, initially the image is corrupted by an additive Gaussian noise; later the additive noise could be removed by using 

Daubechies, Symlets, Coiflets and BiorSplines Wavelets. The experimental results, which have been plotted for different noise 

levels for different wavelets with different decomposition levels, showed that the images are denoised effectively. However the 

performance of the algorithms can be improved by introducing neural networks, fuzzy logic and neuro fuzzy. 
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