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ABSTRACT  

Denoising of image is very important and inverse problem of image processing which is useful in the areas of image mining, image 

segmentation, pattern recognition and an important preprocessing technique to remove the noise from the naturally corrupted image by 

the different types of noises. The different wavelet families are one among the diverse methods for recovering infinite dimensional objects 

like curves, densities, images etc. The wavelet techniques are very effective to remove the noise also because of its capability to confine the 

power of a signal in little convert of energy values. This paper reviews on the existing various wavelets by using multiplicative and 

additional noise models which includes Salt and Pepper noise, Gaussian noise, Speckle noise. Further, it analyses, examines and compares 

various wavelet function families like Haar, Symlets, Coiflets, Daubechies, Meyer and Biorthogonal using different testing images. The 

experimental results shown to be precised in terms of SNR and varience in noise. The results consider the quantitative measures of 

comparing the denoised images as output of different wavelets based on the hard and soft thresholding and one level or two level 

decomposition. 
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INTRODUCTION AND BACKGROUND   

Wavelet analysis is a strong and new method in the field of image processing though its mathematical foundation had been started 
in the nineteenth century in the work of Joseph Fourier. The researchers progressively to scale based analysis twisted from 
frequency based analysis. In 1909, the wavelet came into survival by Alfred Haar. 

 
First of all Mallat and Daubechies has popularized and surveyed on wavelet transform in the late nineteen-eighties. Then Skeptics 
expressed this eminent field as causative useful tools to the upword toolbox of transforms. 

One of the important wavelet technique called as wavelet denoising has been sleet as the desired technique for the researchers to 

gradually move to generality from optimality [2].  

Image plays an important role in research and technology such as image processing. Denoising  the images has become a very critical 
exercise of inverse problems in image processing. Wavelet denoising using its families is a more successful kind of application of 
wavelet transforming. The blemish of signal acquisition devices is added with noises which can be reduced by estimator using prior 
information on signal properties. Noise is unwanted signal that hinders with the original signal and disgraces the visual quality of 
digital image. The main sources of noise in digital images are imperfect instruments, problem with data acquisition process, 
interference natural phenomena, transmission, denoising and  compression[26]. Image denoising forms the preprocessing step in 
the field of photography, research, technology and  medical science. In these fields, where somehow image has been degraded  and 
needs to be restored before further processing. 

 
Image denoising is still a challenging problem for researchers as image noising causes blurring and introduces artifacts. Different 
types of images inherit different types of noise and different noise models are used to present different noise types. Denoising 
method tends to be problem specific and depends  upon the type of  image and noise model. It  is a approach to get relieve of the 
awful effect of noise and to get better the signal-noise ratio. This means it is a way to maintain the significant information of the 
image while get rid of the insignificant part.  

As we go down, section II describes the related and proposed work  with the methodology used that is  Wavelet Families for 
denoising , section III noise models and types of noises, section IV gives technical approach for image denoising and future work and 
finally section V gives the selection method of Wavelet families for denoising  section VI gives image quality measures, section VII 
describes experimental work result and discussion of results and finaly section VIII describes conclusion and references. 
 

RELATED AND PROPOSED WORK 
 
Related Work 

In the modern years a lot of research has been done on the wavelet thresholding and the proper selection of threshold value for 
denoising the signals[4]-[6],[7],[16],[17],[20]. Here, the wavelet presents a suitable way for removing  noisy data from the corrupted 
image. Thus the motivational approach towards the wavelet transform is that it  is good at energy compaction. It also provides the 
tiny coefficient which occurs due to noise and large coefficient due to useful signal features [13]. 
 
Some other earlier applications of image denoising  in color image,  for instance, Han propose a palm-print-based identification 
system  in [3]. In this paper, the author shows the pre- processing steps including image-thresholding, border tracing and wavelet-
based segmentation.This preprocessing method is  proved to be effective and can be simulated in other scenarios as well. 
 
In [24] the author  uses wavelets in association with threshold for denoising and also uses Visu Shrink, Universal,  Bayes Shrink, 
normal shrink and Sure Shrink are compared with their threshold function. These methods gradually increases  the SNR competently 
but depends on the nature of image. In [12] the author  proposed a method to remove the noise of QuickBird images based on the 
wavelet packet transform after analyzing the characteristics of wavelet packet transform. Experimental results show that wavelet 
packet transform performs effectively in removing the noise of QuickBird images compared with other methods. 
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Proposed Work 

The basic idea behind this paper  is the estimation of the uncorrupted image from  the distorted or noisy image, and is also referred 
to as image “denoising”. There are various wavelet families to help restore an image from noisy distortions. Selecting the 
appropriate method plays a major role in getting the desired image. The denoising methods tend to be problem specific. Each 
method is compared and classified in terms of its efficiency. In order to quantify the performance of the various denoising 
algorithms, a high quality images like Grapes, Leaves and Flowers are  taken and some known noise is added to it. This would then 
be given as input to the different wavelet method, which produces an image close to the original high quality image. The 
performance of each algorithm is compared by computing Signal to Noise Ratio (SNR) besides the visual analysis and PSNR. This 
paper considers the different images for testing and the  wavelets families namely : Haar, Symlets, Daubechies, biorthogonal, Meyer, 
Coiflets.  
 

 NOISE MODLES AND TYPES OF NOISE 
 
   Noise in imaging systems is usually either additive or multiplicative form  

The rule for an additive noise is    

U(a,b)=V(a,b)+N(a,b) 

The rule for multiplicative noise is 

U(a,b)=V(a,b)*N(a,b)  

where V(a,b) is the original image, N(a,b) is the noisy image where the noise is added to get the corrupted image U(a,b) and (a,b) 
represent the position of the pixel. 

 
  TYPES OF NOISE 

 
Various types of noise have their own characteristics and  are inherent in images in different ways.  

  
1.  Gaussian Noise  

 A noise which has its PDF equal to that of the normal distribution is called as Gaussian noise. This is also known as  the Gaussian  
distribution or most commonly known as additive white Gaussian  noise. Gaussian noise is defined as the noise with a Gaussian 
amplitude distribution. This Noise is also called as white which expresses the correlation of. 
 
2.  Impulse noise  

Impulse noise is  impulse in nature and called as salt and pepper noise. It is commonly a source because of the  errors found  in 
transmission. It considers only two standard values , a high value and a low value whose  probability is typically < 0.5. The tainted 
pixels are set alternatively to low to high giving the image ―Salt and Pepper or impulse like look. The rest of the pixels remain 
unchanged.  

 3.  Speckle Noise  

  Speckle noise is a type of  multiplicative noise. Such type of noise appears  in almost all coherent systems such as Ultrasound  
images, SAR images etc. The source of this noise is haphazard intervention between the consistent returns.  
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TECHNICAL APPROACH FOR IMAGE DENOISING 

Wavelet transform is a mathematical function that analyzes  the data according to scale or resolution.  Noise reduction using 
wavelets is performed by first decomposing the noisy image into wavelet coefficients i.e. approximation and detail coefficients. 
Then, by selecting a proper thresholding value the detail coefficients are modified based on the thresholding function. Finally, the 
reconstructed image is obtained by applying the inverse of Wavelet transform on modified coefficients. 

 
The two types of commonly used thresholding functions are Hard and Soft. If the input is larger the threshold then Hard threshold 
takes it otherwise it is set to be zero. Soft-thresholding function keeps the argument and shrinks it toward zero by the threshold. 
Soft-thresholding techniques provides more pleasant images than Hard threshold method. A result may still be noisy. Large 
threshold alternatively, produces  signal with more  number of zero coefficients. Thus directs to a smooth signal. So much awareness 
must be paid for the selection of optimal threshold.  

 
 
  
 
 
 
 
 
 
 
 
 

Fig 1.  Flow Diagram of the Proposed Work 
 

We are describing a flow diagram of our proposed work to compare the different Wavelet Families as shown in fig.1 
1. Load the Original Image. 
2. Make the Image noisy by adding selected noise. 
3. Select Type of Wavelet family to denoise the noisy image. 
4. Choose soft or hard threshold. 
5. Choose level of decomposition 
6. Get the denoised Image. 

 

 
 
 
SELECTION METHOD OF WAVELET FAMILIES FOR DENOISING 

 
In the wavelet based image denoising the wavelets selection is essential which decides the quality of the image as performance. 
There are great choices of wavelets in existence which depends on the selection of wavelet function. Thus wavelet selection of 
wavelet family depends on the resolution and size. Therefore, the best wavelet selection depends on the particular images to be 
denoised.In wavelet based image denoising, the signal to noise ratio  performance  mostly dependent on the wavelet selection. For 
the determination of  optimal wavelet- family, we have compared the quality of the image and  the signal to noise ratio and with the 
varience. This paper analyses, examines and compares various wavelet function families like Haar, Symlets, Coiflets, Daubechies, 
Meyer and Biorthogonal using different testing images [11] [26].  
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                                             a) Haar                      b) db4                           c) coif5 

    
     d) bior6.8                    e)sym4                   f) myr 

 
              

Fig 2.  The Wavelet Families introduced in our study 
 
Above used waveforms  can be treated to indicate the complete parts of the image. Haar wavelet is one of the simplest and old 
wavelet which has the compact maintenance that means it disappears outer surface of a finite interval. Therefore the discussion of 
the wavelets starts with Haar which is discontinuous in nature and bears a  resemblance to a step function[26].  
Daubechies can be seen as the star in the world of research of Wavelet which is called as compactly supported orthonormal 
Wavelets with biorthogonality and six coefficients. The names of the Daubechies family wavelets are written dbN, where N is the 
order, and db the surname  of the wavelet. The Daubechies, bior and Coiflets are compactly supported orthogonal Wavelets [26]. 
The Coiflet has 2M moments is equal to zero and the scaling function has 2M-1 moments is equal to zero. Biorthogonal Wavelet 
family shows the property of linear phase, which is needed for imag and signal reconstruction. By using two wavelet families, the  
properties can be derived on the basis of decomposition and  reconstruction in place of  the same single one [3]. The Meyer wavelet 
family are symmetric in shape. The choice of wavelets are based on their shape and their ability to denoise the image in a particular 
environment and application. 
 

IMAGE QUALITY MEASURES  
 
In order to assess the feature of  the denoised image the signal to noise (SNR) and Peak Signal-to- Noise Ratios (PSNR) of the images 
are calculated. SNR is calculated by a function as: 
 

Z=imdivide(x,xd) 
SNR=mean2(Z) 

Where imdivide(x,xd) divides each element in the array x which is noisy image by the corresponding element in array xd which is the 
denoised image and returns the result in the corresponding element of the output array Z. 
PSNR gives a measurement of the amount of distortion in image [1]. When PSNR provides higher value it indicates the smaller 
distortion. For n-bits per pixel image, PSNR is defined as:   

  10

2 1
20log

n

PSNR
RMSE


  

Where, RMSE is the root mean square difference between two images. The Mean Square Error (MSE) is defined as  
follows: 

1 1
2

0 0

1
( , ) ( , )

M N

m n

MSE y m n x m n
MN

 

 

   

 where x(m,n),y(m,n) are respectively the original and recovered pixel values at the m
th

 row and n
th

 column for MxN size image. 
PSNR is normally measured in decibels (dB), which measure the ratio of the peak signal and the difference between two images 
(error image). Logically, a higher value of PSNR is good because it means that the ratio of Signal to Noise is higher. So, if we find a 
denoised scheme having a high PSNR, we can recognize that it is a better one.  
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EXPERIMENTAL WORK RESULT AND DISSCUSSION OF RESULTS 
 
We have executed the MATLAB program and compared, analyzed various Mother Wavelets for denoising the images. Six Wavelets 
have been chosen from the different Wavelet Families like haar, db4, sym4,coif5, bior6.8 and myr for the estimation of the images. 
The images for testing are Grapes with Salt and Pepper noise , Leaves with Gaussian noise, and Flower with Speckle noise 
respectively. The denoising appears on the basis of the correct selection of wavelet from the by using various noise varience in terms 
of Visual quality,SNR and PSNR. The experimental results for all the six Mother Wavelet  have been analyzed for the test images. The 
results are shown in the Table-I, Table-II, and Table-III, measured in terms of SNR ( Signal to Noise Ratio) and varience. 
 

 Mother 
Wavelet 

 Threshold  Level Variance 0.2 0.3 0.4 0.5 0.6 

Haar 

Soft 
Threshold 

1  

SNR 

0.94 0.96 0.968 0.968 0.69 

2   1.29 0.98 1.979 0.982 0.988 

Hard 
Threshold 

1  0.96 0.9623 0.965 0.969 0.969 

2  4.16 0.9816 0.979 0.982 0.988 

db4 

Soft 
Threshold 

1   6.01 5.85 5.18 4.3 3.46 

2  1.68 1.33 1.17 1.09 1.03 

Hard 
Threshold 

1  10.36 5.87 5.17 4.31 3.46 

2  10.15 1.31 1.178 1.08 1.04 

sym4 

Soft 
Threshold 

1  7.00 6.66 5.71 4.68 3.73 

2  1.79 1.39 1.22 1.12 1.06 

Hard 
Threshold 

1  12.65 6.65 5.69 4.66 3.74 

2  12.10 1.39 1.22 1.117 1.05 

bior6.8 

Soft 
Threshold 

1  7.71 7.1 6.00 4.87 3.86 

2  1.69 1.33 1.17 1.08 1.04 

Hard 
Threshold 

1  13.46 7.11 6.00 4.82 3.88 

2  12.53 1.34 1.16 1.08 1.03 

coif5 

Soft 
Threshold 

1  7.98 7.27 6.09 4.90 3.88 

2   1.69 1.31 1.16 1.07 1.02 

Hard 
Threshold 

1  13.56 7.25 6.11 4.95 3.87 

2  12.14 1.34 1.16 1.08 1.03 

Meyr 

Soft 
Threshold 

1  8.25 7.5 6.24 4.99 3.92 

2  1.71 1.32 1.14 1.05 1.01 

Hard 
Threshold 

1  13.49 7.48 6.24 5.00 3.93 

2  11.84 1.32 1.14 1.06 1.02 
 
 

TABLE-I SALT & PEPPER NOISE:GRAPES 
 
The Table-I presented the results of denoising  of the image Grapes  in terms of SNR withSalt 
and Pepper noise. The Wavelets coif5, bior6.8 and myr  gives the better SNR at lower noise 
varience with hard thresholding at 1 level decomposition for the image Grapes with Salt and 
Pepper noise . While, these Wavelets also gives better SNR by adding higher noise varience 
with hard thresholding at 1 level decomposition for the images Grapes with Salt and Pepper 
noise .But the quality of the denoised image is better with these Wavelets by applying soft 
or hard thresholding at level 2 decomposition. Haar gives about same SNR by adding various 
variences also. The Mother Wavelet db4 and sym4 gives nearby same SNR at lower as well 
as at higher noise varience. 
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Fig 3. Performane of Wavelets using  values of Table-I 
                                                                                                                     PSNR=29.21db 

 

          a)original image                  b)noisy image ,var-0.2                c)Denoised image , bior6.8 

PSNR=30.67db                            PSNR=28.54db                         PSNR=30.07db 

 

      d)bior6.8_soft ,var=0.2        e)coif5_hard  var=0.6             f)db4_hard var=0.3  
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                                                          TABLE-II GAUSSION NOISE : LEAVES 

The Table-II presented the results of denoising of the image Leaves in terms of SNR with Gaussian noise. The Wavelet myr gives 
better signal to noise ratio at lower noise varience with soft as well as hard thresholding at 1 level decomposition for the image 

 

 

PSNR=28.54db                                       PSNR=29.49db                                     PSNR=29.51db 

 

 

     g) haar_hard,  var=0.6              h) myr_hard, var=0.4                    i) sym4_hard, var=0.4 

FIG 4. Results of Image Grapes at 2 level decomposition with Salt & Pepper noise-

Comparing the results 

 

Mother 
Wavelet 

 Threshold  Level Variance 0.1 0.2 0.4 0.5 0.6 0.8 

Haar 

Soft 
Threshold 

1  

SNR 

1.019 1.014 1.008 1.001 0.999 0.999 

2   0.99 0.994 0.990 0.98 0.986 0.986 

Hard 
Threshold 

1  1.018 1.013 1.007 1.003 1.000 0.998 

2  0.99 0.994 0.991 0.98 0.987 0.98 

db4 

Soft 
Threshold 

1   1.28 1.30 1.34 1.39 1.43 1.45 

2  1.07 1.03 1.013 1.00 1.005 1.004 

Hard 
Threshold 

1  1.27 1.30 1.34 1.39 1.437 1.459 

2  1.07 1.04 1.012 1.00 1.005 1.003 

sym4 

Soft 
Threshold 

1  1.28 1.302 1.34 1.387 1.43 1.46 

2  1.069 1.038 1.015 1.006 1.004 1.004 

Hard 
Threshold 

1  1.28 1.31 1.34 1.39 1.432 1.45 

2  1.069 1.037 1.015 1.008 1.003 1.004 

bior6.8 

Soft 
Threshold 

1  1.37 1.417 1.503 1.59 1.68 1.72 

2  1.07 1.039 1.015 1.009 1.005 1.005 

Hard 
Threshold 

1  1.37 1.419 1.503 1.60 1.68 1.718 

2  1.08 1.041 1.019 1.007 1.004 1.004 

coif5 

Soft 
Threshold 

1  1.38 1.42 1.52 1.60 1.68 1.72 

2   1.08 1.04 1.018 1.007 1.004 1.003 

Hard 
Threshold 

1  1.37 1.42 1.51 1.60 1.67 1.71 

2  1.07 1.03 1.01 1.009 1.004 1.001 

Meyr 

Soft 
Threshold 

1  1.40 1.44 1.52 1.59 1.69 1.71 

2  1.08 1.04 1.014 1.007 1.002 1.000 

Hard 
Threshold 

1  1.40 1.43 1.52 1.60 1.67 1.71 

2  1.08 1.038 1.014 1.005 1.001 1.001 
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Leaves with Gaussian noise. The Wavelets coif5 and bior6.8 provides nearby same SNR at lower noise varience with soft as well as 
hard thresholding at1 level decomposition. The Wavelets db4 and sym4 provides nearby same SNR at lower noise varience with soft 
as well as hard thresholding at 1level decomposition. The Wavelets bior6.8, coif5 and myr provides same SNR at higher  noise 
varience with soft as well as hard thresholding. The Wavelets db4 and sym4 provides same SNR whereas haar provides 
comparatively less SNR at higher noise varience with soft as well as hard thresholding.   

 

 
 

FIG: Graph for Table-II 
                                                                                                                               PSNR=29.38db                                  

 

a) original image               b) noisy image,var=0.01      c) denoised image by bior6.8                                                                                                      

PSNR=28.47db                                 PSNR=28.46db                          PSNR=28.05db 

 

d) coif5_hard,var=0.02                e)db4_hard,var=0.02  f)harr_hard, var=0.09 

PSNR=28.05db                                  PSNR=28.97db 
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g) meyr_hard,var=0.09  i) sym4_hard,var=0.01 

FIG 5. Results of Image Leaves at 2 level decomposition with Gaussian noise 

 

Mother 
Wavelet 

 Threshold  Level Variance 0.2 0.3 0.4 0.5 0.6 

Haar 

Soft 
Threshold 

1  

SNR 

2.49 2.55 2.59 2.62 2.63 

2   3.892 3.95 3.97 3.98 4.01 

Hard 
Threshold 

1  2.49 2.55 2.593 2.62 2.63 

2  3.56 3.96 3.96 3.96 4.01 

db4 

Soft 
Threshold 

1   3.59 3.63 3.68 3.70 3.73 

2  4.59 4.61 4.64 4.63 4.66 

Hard 
Threshold 

1  3.58 3.64 3.68 3.71 3.73 

2  4.59 4.61 4.64 4.64 4.67 

sym4 

Soft 
Threshold 

1  3.65 3.69 3.65 3.77 3.79 

2  4.64 4.68 4.71 4.72 4.71 

Hard 
Threshold 

1  3.65 3.71 3.74 3.77 3.79 

2  4.66 4.67 4.69 4.72 4.72 

bior6.8 

Soft 
Threshold 

1  3.6 3.66 3.70 3.72 3.76 

2  4.66 4.69 4.70 4.72 4.72 

Hard 
Threshold 

1  3.6 3.65 3.69 3.72 3.74 

2  4.66 4.69 4.70 4.70 4.72 

coif5 

Soft 
Threshold 

1  3.58 3.64 3.67 3.71 3.73 

2   4.63 4.66 4.67 4.68 4.69 

Hard 
Threshold 

1  3.59 3.65 3.68 3.72 3.74 

2  4.63 4.66 4.67 4.69 4.71 

Meyr 

Soft 
Threshold 

1  3.58 3.64 3.69 3.72 3.74 

2  4.64 4.67 4.70 4.69 4.71 

Hard 
Threshold 

1  3.58 3.64 3.68 3.72 3.73 

2  4.65 4.68 4.69 4.69 4.72 

                                                          TABLE-III Speckle Noise: Flower 

The Table-III presented the results of denoising of the image Flower in terms of SNR with Speckle noise. The Wavelet bior6.8 gives 
better SNR at lower noise varience with soft as well as hard thresholding at 2 level decomposition for the image Leaves with Speckle 
noise. The Mother Wavelets db4,sym4,coif5 and myr provides nearby same SNR by adding lower noise varience whereas haar gives 
less SNR. The sym4, bior6.8 and myr gives same SNR at higher noise varience and db4 and coif5 gives same SNR at higher noise 
varience. 
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FIG: Graph for Table-III 
                                  PSNR=29.61db 

  

          a)original image    b) noisy image var=0.6   c)denoised image using bior6.8_hard 

 PSNR=29.60db   PSNR=29.60   PSNR=29.72 

 

       d)coif5_soft,var=0.6                     e) db4_soft ,var=0.6                 f)haar, var=0.05 
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  PSNR=29.60db            PSNR=29.60db 

 

    g) myr_soft, var=0.06           h) sym4_soft,var=0.06 

FIG 6. Results of Image Flower at 2 level decomposition with Speckle noise 

CONCLUSION 
  

This paper gives the comparative analysis of various mother wavelets using various testing images and data has been done using 
SNR  adding different noise varience to various types of noises and picture quality is considered as measures of quality with the help 
of MATLAB(R2008a). This study provides the selection of optimal wavelet to denoise the image. The effects of Haar, Symlets, 
Daubechies,  Coiflets, Meyer, Biorthogonal  wavelet function on three images with various types of noise have been analysed. The 
noise varience as well as visual  Quality of the image are also presented. In this paper, Peak signal to noise ratio (PSNR) is taken as 
the goal quality measure. We analyzed and examined  results  for various wavelet families and found that wavelet coif5,bior6.8 and 
myr provides the better SNR for the test image with salt and pepper noise, myr with Gaussian noise and bior6.8 with speckle noise at 
lower noise varience. The mother wavelet db4 and sym4 gives nearby same SNR with salt and pepper noise , coif5 and bior6.8 gives 
nearby  same SNR with Gaussian noise and db4,sym4,coif5 and myr gives same SNR with speckle noise at lower  varience. The fair 
image quality has been received by using bior6.8 for these test images. Thus the choice of best wavelet  in denoising image 
dependent on added noise, the image and desired image quality.  
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