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Abstract: The main goal of all image and signal compression methods is to minimize the number of bits required to represent
a digital image, while preserving an acceptable level of image quality. Image data are amendable to compression due to the
spatial redundancies they exhibit and also because they contain information that, from a perceptual point of view, can be
considered irrelevant. Many standard and non-standard image compression techniques have been developed to compress
digital images. These techniques exploit some or all of these image properties to improve the quality of the decoded images
at higher compression ratios. In this paper we have used Adapted Wavelet Signal compression method for different random
signals and image. The proposed method improves the compression ratio in Matlab-Graphical User Interface window.
Keywords: Different Random Signals and Images, Adapted Wavelet Transform, Compression Method, Matlab-Graphical
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1. Introduction
The advances in multimedia technologies, demand for
transmission and storage of voluminous multimedia data has
dramatically increased an d, as a consequence, data
compression is now essential in reducing the amount of data
prior storage or transmission. Compression techniques aim
to minimize the number of bits required to represent image
data while maintaining an acceptable visual quality. Image
compression is achieved by exploiting the spatial and
perceptual redundancies present in image data. Image
compression techniques are classified into two categories,
lossless and lossy. Lossless techniques refer to those that
allow recovery of the original input data from its compressed
representation without any loss of information, i.e. after
decoding, an identical copy of the original data can be
restored. Lossy techniques offer higher compression ratios
but it is impossible to recover the original data from its
compressed data, as some of the input information is lost
during the lossy compression.
These techniques are designed to minimize the amount
of distortion introduced into the image data at certain
compression ratios. Compression is usually achieved by
transforming the image data into another domain, e.g.
frequency or wavelet domains, and then quantizing and
lossless encoding the transformed coefficients. In recent
years much research has been undertaken to develop
efficient image compression techniques. In this paper we
have used adaptive wavelet techniques for compression of
images and signals. Statistical parameters of image data
have been used in a number of image compression
techniques. These techniques offer promising visual quality

at low bit rates. However, the application of statistical
parameters of the transformed data in image compression
techniques has been less reported in the literature.
Therefore, the statistical parameters of the transformed
image data and their application in developing novel
compression algorithms used. The performance of image
compression techniques can also be significantly improved
by embedding the properties of the Human Visual System
(HVS). Due to the space–frequency localization properties
of wavelet transforms, wavelet based image codes are most
suitable for embedding the HVS model in their coding
algorithm.
2. Image Compression Coding
Image compression coding is to store the image into bitstream as compact as possible and to display the decoded
image in the monitor as exact as possible. Now consider an
encoder and a decoder as shown in Fig. 1. When the encoder
receives the original image file, the image file will be
converted into a series of binary data, which is called the
bit-stream. The decoder then receives the encoded bit-stream
and decodes it to form the decoded image. If the total data
quantity of the bit-stream is less than the total data quantity
of the original image, then this is called image compression.
The full compression flow is as shown in Fig. 1.

Figure 1: The Basic Flow of Image Compression Coding
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•

The compression ratio is defined as follows:
Cr �

n1
,
n2

(1)

Where, n1 is the data rate of original image and n2 is
that of the encoded bit-stream.
In order to evaluate the performance of the image
compression coding, it is necessary to define a measurement
that can estimate the difference between the original image
and the decoded image. Two common used measurements
are the Mean Square Error (MSE) and the Peak Signal to
Noise Ratio (PSNR), which are defined in (1.2) and (1.3),
respectively.
f (x,y) is the pixel value of the original image, and f’(x,y)
is the pixel value of the decoded image. Most image
compression systems are designed to minimize the MSE and
maximize the PSNR.
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1976 Croisier, Esteban and Galand introduce filter
banks for decomposition and reconstruction of a signal.
Flanagan, Crochiere and Weber introduce roughly the
same idea in speech acoustics, called sub-band coding.
1982 Jean Morlet uses Gabor wavelets to model
seismic signals.
Morlet Wavelet
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•

1987-1993 Stephane Mallat and Yves Meyer created
the multi resolution theory which resulted in the
Discrete Wavelet Transformation.

•

1988 Ingrid Daubechies developed an orthonormal,
compactly supported family of wavelets. These
wavelets were created through iterative methods, not
as with explicit functions.

(2)

WH
PSNR � 20 log 10

1909 Alfred Haar introduced the first compactly
supported family of functions. These are the Haar
basis.
1946 Gabor introduces a family of non-orthogonal
wavelets with unbounded support. These wavelets are
based on translated gaussians.

(3)

The general encoding architecture of image compression
system is shown is Fig. 1.2. The fundamental theory and
concept of each functional block will be introduced in the
following sections.

Figure 2: The General Encoding Flow of Image Compression

3. Wavelets: Brief History of Wavelets

Figure 4: A sample Daubechies Wavelet

•

1996 Sweldens, Calderbank and Daubechies propose
the lifting scheme for developing “second-generation”
wavelets that can be derived from FIR filters and map
integers to integers.

•

Continuous Wavelet Transform
The wavelets form a family. The basic form is called
the mother wavelet. All the daughter wavelets are derived
from this wavelet according to equation (5).

� s,� � t � �
Figure 3: Haar Scaling Function
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The two new variables, s and � are the scale and
translation of the daughter wavelet. The term s-1/2 normalizes
the energy for different scales, whereas the other terms define
the width and translation of the wavelet.
The Continuous Wavelet Transform (CWT) is defined
as follows. The asterisk denotes a complex conjugate
function.
� � s, � � � � f � t � � �s , � � t � dt

(6)

The inverse transform in the other hand is:
f (t ) � �� � � s, t � � s , � � t �d�ds

A very important fact about wavelets is that the
transform itself poses no restrictions whatsoever on the form
of the mother wavelet. This is an important difference to
other transforms. One can thus design wavelets to suite the
requirements of the situation.
•

•

•

•

•

Discrete Wavelet Transform: CWT has three major
problems. These problems make the continuous
wavelets hard to implement for solving any real
problem.
Redundancy: The basis functions for the continuous
wavelet transform are shifted and scaled versions of
each other. It is clear that these cannot form a very
orthonormal base.
Infinite solution space: The result holds an infinite
number of wavelets. This makes it even harder to solve
and in the other hand, it makes it hard to find the
desired results out of the transformed data.
Efficiency: Most of the transforms cannot be solved
analytically. Either the solutions have to be calculated
numerically, which takes an incredible amount of time,
or they can be calculated through optics etc. In order
to use the wavelet transform for anything rational, we
must find very efficient algorithms.
Wavelet Discretization: The redundancy in the
continuous wavelets can be fixed. First the continuous
variables s and � are discretized so that the mother
wavelet can only be scaled and translated in discrete
steps. The discretized values of t are made dependent
on s in such a manner, th at low frequency
components are sampled less often. As a result of the
discretization we get a new equation for deriving
daughter wavelets.
� j,k �t � �

� t � k �0 s0j �
��
�
s0j
s0j �
�

Figure 5: Discretized Samples in the Time-space
Domain –Dyadic Sampling

(7)
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S0 is usually assigned a value of 2 and t0 the value of
one. This results in dyadic sampling. The picture (1) tries to
show, how the samples are located in the discretized timescale space.

•

Wavelet series decomposition: A transform performed
with the discrete wavelets is called the wavelet series
decomposition. For this transform to be of any major
use, the transform must be invertible. It can be proven
that if equation (11) is satisfied, the transform is
invertible. When A=B the same wavelet can be used
to do the transformation in both directions. When the
equality holds we have a so called tight frame.
A f

2

� � f , � j ,k

2

�B f

2

A � 0, B � �

(9)

j,k

If we also require that all the discretized wavelets form
an orthonormal basis, the following has to be true for all
values of j, k, m, and n.

��

j,k

(t ) � *n ,m (t )dt � �( j � n )�(k � m)

(10)

Meaning that the equation is true only if j=n and k=m.
Orthogonality is not essential for discrete wavelets to work,
and sometimes it is not required, as it reduces the flexibility
of the wavelets.
•

Wavelets as a band-pass filter bank: The regularity
condition ensures a band-pass like spectrum for the
mother wavelet in the frequency domain. The wavelet
discretization we made, used scales that were related
to powers of s0. But what happens when a signal is
compressed in time? A familiar result in mathematics
and signal processing is shown in equation (11).

F � f � at �� �

1 ˆ ���
f� �
a �a�

(11)

This tells that when the signal is compressed to half of
its original width, its spectrum is made twice as wide and
the components of the spectrum are all transposed to
frequencies twice as high as the original. This allows for
covering the whole spectrum, because we can design the
mother wavelet in such a way that these band-pass filters
form a “chain” in which each filter is overlapping a little
with the previous and the following one.
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Figure 6: Wavelet Filter Bank

We further distinguish two sub sampling modes, namely
“global” and “local”. For global sub sampling the local sub
sampling strategy depends on the start of the signal relative
to the left and upper border (for horizontal and vertical
transformation, respectively) of the bounding box of the
object shape. In this case, sub sampling is always done at
even or odd offsets, respectively, from the border.
From a local perspective, this may result in local even
or local odd. The final algorithm of these techniques is shown
in figure 7.

4. Proposed Method
The Shape- Adaptive Wavelet Transform, There are several
propositions on how to perform the transformation of
arbitrarily shaped objects. Since the wavelet transformation
of rectangular regions has been very well researched, the
use of padding techniques would seem rewarding. By finding
the bounding box of an object and padding values into the
region that is not contained in the object-mask, the problem
of arbitrary shapes is reduced to a rectangular transformation.
However, because in this approach more pixels than
contained in the original object have to be coded, it is not
efficient. Additionally, perturbation of the frequency pattern
of the objects is artificially introduced and shows negative
impact on the performance of the BBA. For better efficiency
a way has to be found to deal with arbitrary shapes directly
and to transform them without producing overhead pixels.
In our test setup we use the shape adaptive to produce WPtransformations of arbitrarily shaped objects. In the following
we will outline the most eminent features of AWT and
introduce important terminology. AWT produces exactly the
required amount of coefficients and preserves coefficient
positions at the same time. It has been adopted for the
MPEG-4 Visual Texture Coding (VTC) module for coding
of still textures. Transforming objects of arbitrary shape
always involves the problem of having to transform odd sized
segments. When bi orthogonal filters are used, odd sized
segments can be transformed without any splitting in AWT.
Sub sampling in AWT can be done at even or odd position.
we will call sub sampling at even positions “even sub
sampling strategy” and sub sampling at odd positions “odd
sub sampling strategy”. Because odd-sized bi orthogonal
filters introduce a phase shift during the analysis step,
different sub sampling strategies have to be used for low
pass and high pass sub bands, i.e. if the low pass sub band is
sub sampled at even positions, the high pass sub band has to
be sub sampled at odd positions and vice versa. We denote
the sub sampling strategy for this kind of filters as “even
odd sub sampling” and “odd-even sub sampling”, where the
first part refers to the strategy used for the low pass sub
band and the second part refers to the strategy for the high
pass sub band. For orthogonal filters, the same sub sampling
strategy is applied for both sub bands.

Figure 7: Main Flow Diagram

5. Experimental Result
The proposed algorithm is coded with the MATLAB
programming language. The algorithm steps behind the
MATLAB GUI interface process are shown in fig. 7. So the
proposed program can be interpreted as a function to carry
out image and signal compression using adaptive Wavelet
Transform technique in MATLAB. Compression has been
used to measure the content of an images and signals, with
higher values indicating images which are richer in details.
Here the experimentation of the proposed technique over a
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Different random of sample images and signals and are
displayed in fig.
6. Conclusion
This paper provides an efficient representation for directional
image features, such as edges and lines in the image, as well
as different random signals by locally adapting the filtering
direction s to the image and signal content. In our
experiments, the AWT (Adaptive Wavelet Transform)
technique is used for compression the input signals and
images. As the results shows for signals as well as images
are compressed with respect to original input signal and
images. We have used here Matlab-GUI window for
performance of results.

Figure 10: Adaptive Wavelet for Mandrill Image

Figure 8: Adaptive Wavelet for Sine Wave

Figure 11: Adaptive Wavelet for Lena Image

References

Figure 9: Adaptive Wavelet for Rectangular Wave

[1]

Gonzalez RC, Woods RE: Digital Image Processing Prentice
Hall, Upper Saddle River, NJ; 2002.

[2]

Beghdadi A, Negrate AL: Contrast enhancement technique
based on local detection of edges. Comput Visual Graph
Image Process 1989, 46:162-274.

[3]

Amina Saleem, Azeddine Beghdadi and Boualem Boashash
“Image fusion-based contrast enhancement”, EURASIP
Journal on Image and Video Processing 2012, 2012:10.

[4]

Tang J, Peli E, Acton S: Image enhancement using a contrast
measure in the compressed domain. IEEE Signal Process
Lett 2003, 10(10):289-292

[5]

Tang J, Kim J, Peli E: Image enhancement in the JPEG
domain for people with vision impairment. IEEE Trans
Biomed Eng 2004, 51(11):2013-2023.

110
[6]

[7]

IJEE
Shivsubraman i Krishnamoorthy, K P Soman .
“Implementation and Comparative Study of Image Fusion
Algorithms”, IJCA (0 975 – 8 887) Volume 9– No.2,
November 2010.
Stark JA: Adaptive image contrast enhancement using
generalizations of Histogram equalization. IEEE Trans
Image Process 2000, 9(5): 889-896.

[8]

Burt P, Adelson T: The Laplacian pyramid as a compact
image code. IEEE Trans Commun 1983, COM-31:532-540.

[9]

N. Indhumadhi, G. Padmavathi “Enhance Image fusion
algorithm using Laplacian and Spatial frequency based
Wavelet Algorithm”, IJSCE(2231-2307) Volume 1, Issue5, November 2011.

