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Abstract
This paper represents an outline of wavelets and its use in Image 
De-noising. The wavelets can be used for the removal of noise 
from digital images. Wavelets are functions that assure certain 
mathematical necessities and are used in place of data or other 
functions. Wavelet hypothesis represents possessions by breaking 
them down into many consistent component pieces, similar to 
pieces of jig-saw puzzle, when the pieces are scaled and translated 
wavelets, this breaking down process is wavelet decomposition 
or wavelet transform. This paper also describes the advantages 
of wavelets over Fourier Transformation and instead, wavelet 
transforms have an infinite set of possible basis functions which 
can be used for de-noising the digitized images. 
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I. Introduction 
Images provide visual depiction of the substance that is to be 
examined and allow the users to reflect on them later. They are a 
powerful data collection medium [1-2], that is stored easily and 
used indefinitely. With the advent of digital imaging, a whole new 
set of possibilities have opened up for professional and amateur 
users. The amateur users can now easily snap, store, edit and 
share images, while researchers and professional users rely on 
them to identify areas of interest, scrutinize details and present 
their findings effectively.
Image Enhancement (IE) transforms images to provide better 
illustration of the fine details. It is a necessary tool for researchers 
in a wide variety of fields including medical imaging, art studies, 
forensics and atmospheric sciences. For example forensic images/
videos employ techniques that resolve the problem of low 
resolution and motion blur while medical imaging benefits more 
from increased contrast and sharpness. Wavelets are functions 
that satisfy certain mathematical requirements and are used in 
representing data or other functions. They must be oscillatory 
(waves) and have amplitudes which quickly decay to zero in both 
directions

II. Morlet Mother Wavelet
The wavelet analysis procedure is to adopt a wavelet prototype 
function, called an analyzing wavelet or mother wavelet.

 
Fig. 1: Morlet Mother Wavelet

Temporal analysis is performed with a slight, high-frequency 
edition of the prototype wavelet, while frequency analysis is 
performed with a dilated, low-frequency version of the same 
wavelet. Because the original signal or function can be represented 
in terms of a wavelet expansion data operations can be performed 
using just the corresponding wavelet coefficients. And if you further 
choose the best wavelets adapted to your data, or truncate the 
coefficients below a threshold, your data is sparsely represented. 
This sparse coding makes wavelets an excellent tool in the field 
of data compression [3]. Wavelet theory represents things by 
breaking them down into many interrelated component pieces, 
similar to pieces of jig-saw puzzle; when the pieces are scaled 
and translated wavelets, this breaking down process is wavelet 
decomposition or wavelet transform. 

III. Wavelet VS Fourier Transform

A. Similarities Between Fourier and Wavelet Trans-
forms
The Fast Fourier Transform (FFT) and the Discrete Wavelet 
Transform (DWT) are both linear operations that generate a data 
structure that contains log2n segments of various lengths, usually 
filling and transforming it into a different data vector of length 
2n. [3]. The binary logarithm (log2 n) is the logarithm to the base 
2. It is the inverse function of n→2n.
The mathematical properties of the matrices involved in the 
transforms are similar as well. The inverse transform matrix for 
both the FFT and the DWT is the transpose of the original. As a 
result, both transforms can be viewed as a rotation in function space 
to a different domain. For the FFT, this new domain contains basis 
functions that are sines and cosines. For the wavelet transform, 
this new domain contains more complicated basis functions called 
wavelets, mother wavelets, or analyzing wavelets. 
Both transforms have another similarity. The basis functions 
are localized in frequency, making mathematical tools such as 
power spectra (how much power is contained in a frequency 
interval) useful at picking out frequencies and calculating power 
distributions. 

B. Dissimilarities Between Fourier and Wavelet Trans-
forms
The most interesting dissimilarity between these two kinds of 
transforms is that individual wavelet functions are localized in 
space. Fourier sine and cosine functions are not. This localization 
feature, along with wavelets’ localization of frequency, makes 
many functions and operators using wavelets “sparse” when 
transformed into the wavelet domain. This sparseness, in turn, 
results in a number of useful applications such as data compression, 
detecting features in images, and removing noise from time series 
[3-4]. One way to see the time-frequency resolution differences 
between the Fourier transform and the wavelet transform is to 
look at the basis function coverage of the time-frequency plane. 
Fig. 2, shows a windowed Fourier transform, where the window 
is simply a square wave. The square wave window truncates the 
sine or cosine function to fit a window of a particular width. 
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Because a single window is used for all frequencies in the WFT, 
the resolution of the analysis is the same at all locations in the 
time-frequency plane. 

Fig. 2: Time-Frequency Tiles and Coverage of the Time-Frequency 
Plane in Fourier Functions

An advantage of wavelet transforms is that the windows vary. 
In order to isolate signal discontinuities, one would like to have 
some very short basis functions. At the same time, in order to 
obtain detailed frequency analysis, one would like to have some 
very long basis functions. A way to achieve this is to have short 
high-frequency basis functions and long low-frequency ones. This 
happy medium is exactly what you get with wavelet transforms. 
Figure 3 shows the coverage in the time-frequency plane with one 
wavelet function, the Daubechies wavelet [5-6].

Fig. 3: Time-Frequency Tiles and Coverage of the Time-Frequency 
Plane in Daubechies Wavelet Functions

One thing to remember is that wavelet transforms do not have 
a single set of basis functions like the Fourier transform, which 
utilizes just the sine and cosine functions. Instead, wavelet 
transforms have an infinite set of possible basis functions. Thus 
wavelet analysis provides immediate access to information that 
can be obscured by other time-frequency methods such as Fourier 
analysis.

VII. De-noising by Wavelet Thresholding
Threshholding is a simplest procedure of Image Segmentation 
where individual pixels in an image are marked as Object. 
Wavelet thresholding is a popular approach for de-noising due 
to its simplicity. In its most basic form, this technique operates 
in the orthogonal wavelet domain, where each coefficient is 
threshold by comparing against a threshold; if the coefficient is 
smaller than the threshold it is set to zero, otherwise, it is kept or 
modified [7,11]. A systematic theory was developed mainly by 
Donoho and Johnstone. They have shown that various wavelet 
thresholding schemes for de-noising have near optimal properties 
in the minimal sense and perform well in simulation studies of 
one dimensional curve estimation.

V. Hard and Soft Thresholding
Two standard thresholding policies are: hard-thresholding, (“keep 
or kill”), and soft-thresholding (“shrink or kill”). In both cases, the 
coefficients that are below a certain threshold are set to zero. In 
hard thresholding, the remaining coefficients are left unchanged
Thard(w) =  0,                if |w| ≤ T,
         w,                                  if |w| > T.
In soft thresholding, the magnitudes of the coefficients above 
threshold are reduced by an amount equal to the value of the 
threshold
 Tsoft(w) =  0,                            if |w| ≤ T,
 sgn(w)(|w| − T  ),              if |w| > T.
We can say that in both cases each wavelet coefficient is multiplied 
by a given shrinkage factor, which is a function of the magnitude 
of the coefficient. In soft thresholding, the estimates are biased 
large coefficients are always reduced in magnitude; therefore, 
the mathematical expectations of their estimates differ from the 
observed values. The reconstructed image is often over smoothed 
[12-13]. On the other side, a disadvantage of the hard thresholding 
is its abrupt discontinuity: estimates have a larger variance and 
may be highly sensitive to small changes in the data. In practice, 
especially when the noise level is high, hard thresholding yields 
abrupt artifacts in the reconstructed image. Due to this, in image 
processing applications the soft thresholding is usually preferred 
over the hard one. Various threshold policies have been proposed, 
which are a compromise between the classical hard and soft ones, 
like, e.g., the “hyperbola” function 
Thyper(w) = sgn(w)√w2 − T2 for |w| > T,
and Thyper(w) = 0 otherwise; it attenuates large coefficients less than  
soft thresholding, and is continuous. Other shrinkage functions 
that are less ad hoc result from Bayes rules. 

VI. Conclusion
We provide the brief summary of wavelets and the threshold 
techniques which illustrate that efforts are made to develop many 
efficient filtering schemes to suppress noise. Wavelets can be used 
for de-noising the images and are essential to reduce the noise as 
much as possible to retain the fine details and edges in the images 
as well. Wavelets are very important having low computational 
complexity so that the de-noising operation is performed in a short 
time for real time applications and also for online applications
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