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Abstract
Design of image compression using discrete wavelet transform 
have been presented in this paper and Lifting schema of DWT 
has been recognized as a faster approach is used to perform the 
DWT to factorize the polyphase matrix of a wavelet filter into 
a sequence of alternating upper and lower triangular matrices 
and a diagonal matrix to achieve efficient compression. This 
leads to the wavelet implementation by means of banded-matrix 
multiplications. Algorithm follows a quantization approach that 
divides the input image in 4 filter coefficients and then performs 
further quantization on the lower order filter or window of the 
previous step. MATLAB software has been used to compress the 
input image. Qualitative analyses have been performed by obtaining 
the compressed version of the input image by DWT Technique and 
comparing it with the input image used. The compressed image 
has been reconstructed into an image similar to the original image 
by employing wavelet reconstruction. Quantitative analysis has 
been performed by checking attained Peak Signal to Noise Ratio 
(PSNR) and Compression Ratio of the compressed image.
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I. Introduction
Image compression is the application of Data compression on 
digital images. The objective of image compression is to reduce 
redundancy of the image data in order to be able to store or transmit 
data in an efficient form. Image compression can be lossy or 
lossless. Lossless compression is sometimes preferred for artificial 
images such as technical drawings, icons or comics. This is 
because lossy compression methods, especially when used at low 
bit rates, introduce compression artifacts. Lossless compression 
methods may also be preferred for high value content, such as 
medical imagery or image scans made for archival purposes. 
Lossy methods are especially suitable for natural images such as 
photos in applications where minor loss of fidelity is acceptable to 
achieve a substantial reduction in bit rate. The lossy compression 
that produces imperceptible differences can be called visually 
lossless. Run-length encoding and entropy encoding are the 
methods for lossless image compression. Transform coding, where 
a Fourier-related transform such as DCT or the wavelet transform 
are applied, followed by quantization and entropy coding can be 
cited as a method for lossy image compression. 
With the increasing use of multimedia technologies, image 
compression requires higher performance. To address needs 
and requirements of multimedia and internet applications, many 
efficient image compression techniques, with considerably 
different features, have been developed [4]. Traditionally, image 
compression adopts Discrete Cosine Transform (DCT) in most 
situations which possess the characteristics of simpleness and 
practicality. DCT has been applied successfully in the standard of 
JPEG, MPEGZ, etc. However, the compression method that adopts 
DCT has several shortcomings that become increasing apparent. 

One of these shortcomings is obvious blocking artifact and bad 
subjective quality when the images are restored by this method at 
the high compression ratios [2]. In recent years, many studies have 
been made on wavelets. An excellent overview of what wavelets 
have brought to the fields as diverse as biomedical applications, 
wireless communications, computer graphics or turbulence. Image 
compression is one of the most visible applications of wavelets. 
The rapid increase in the range and use of electronic imaging 
justifies attention for systematic design of an image compression 
system and for providing the image quality needed in different 
applications [4].
Data compression is the technique to reduce the redundancies in 
data representation in order to decrease data storage requirements 
and hence communication costs. Reducing the storage requirement 
is equivalent to increasing the capacity of the storage medium 
and hence communication bandwidth. Thus the development of 
efficient compression techniques will continue to be a design 
challenge for future communication systems and advanced 
multimedia applications. Data is represented as a combination 
of information and redundancy. Information is the portion of data 
that must be preserved permanently in its original form in order to 
correctly interpret the meaning or purpose of the data. Redundancy 
is that portion of data that can be removed when it is not needed 
or can be reinserted to interpret the data when needed. Most often, 
the redundancy is reinserted in order to generate the original data 
in its original form. A technique to reduce the redundancy of data is 
defined as Data compression. The redundancy in data representation 
is reduced such a way that it can be subsequently reinserted to 
recover the original data, which is called decompression of the 
data. Discrete Wavelet Transform (DWT) can be efficiently used 
in Image Coding Applications because of their data reduction 
capabilities. Unlike the case of Discrete Cosine Transform (DCT), 
DWT can be composed of any function wavelet that satisfies the 
concept of multiresolution analysis [1]. The multiresolution nature 
of the discrete wavelet transform is proven as a powerful tool to 
represent images decomposed along the vertical and horizontal 
directions using the pyramidal multiresolution scheme. Discrete 
wavelet transform helps to test different allocations using subband 
coding, assuming that details at high resolution and diagonal 
directions are less visible to the human eye. The main property 
of DWT is that it includes neighborhood information in the final 
result, thus avoiding the block effect of DCT transform. It also 
has good localization and symmetric properties, which allow for 
simple edge treatment, high-speed computation, and high quality 
compressed image [2]. The 2D DWT has also gained popularity 
in the field of image and video coding, since it allows good 
complexity-performance tradeoffs and outperforms the discrete 
cosine transform at very low bit rates [3].

II. Discrete Wavelet Transform
Wavelet The Discrete Wavelet Transform, which is based on sub-
band coding, is found to yield a fast computation of Wavelet 
Transform. It is easy to implement and reduces the computation 
time and resources required. The discrete wavelet transform 
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uses filter banks for the construction of the multiresolution time-
frequency plane. The Discrete Wavelet Transform analyzes the 
signal at different frequency bands with different resolutions 
by decomposing the signal into an approximation and detail 
information. The decomposition of the signal into different 
frequency bands obtained by successive high pass g[n] and low 
pass h[n] filtering of the time domain signal.
The combination of high pass g[n] and low pass filter h[n] comprise 
a pair of analyzing filters. The output of each filter contains half 
the frequency content, but an equal amount of samples as the 
input signal. The two outputs together contain the same frequency 
content as the input signal; however the amount of data is doubled. 
Therefore down sampling by a factor two, denoted by 2, is applied 
to the outputs of the filters in the analysis bank.
Reconstruction of the original signal is possible using the synthesis 
filter bank. In the synthesis bank the signals are up sampled ( 2) and 
passed through the filters g[n] and h[n]. The filters in the synthesis 
bank are based on the filters in the analysis bank. Proper choice of 
the combination of the analyzing filters and synthesizing filters will 
provide perfect reconstruction. Perfect reconstruction is defined 
by the output which is generally an estimate of the input, being 
exactly equal to the input applied. The decomposition process can 
be iterated with successive approximations being decomposed 
in return, so that one signal is broken down into many lower 
resolution components. Decomposition can be performed as ones 
requirement. The Two-Dimensional DWT (2D-DWT) is a multi 
level decomposition technique. It converts images from spatial 
domain to frequency domain. One-level of wavelet decomposition 
produces four filtered and sub-sampled images, referred to as sub 
bands. The subband image decomposition using wavelet transform 
has a lot of advantages. Generally, it profits analysis for non-
stationary image signal and has high compression rate. And its 
transform field is represented multiresolution like human’s visual 
system so that can progressively transmit data in low transmission 
rate line. DWT processes data on a variable time-frequency plane 
that matches progressively the lower frequency components to 
coarser time resolutions and the high-frequency components to 
finer time resolutions, thus achieving a multiresolution analysis. 
The Discrete Wavelet Transform has become powerful tool in a 
wide range of applications including image/video processing, 
numerical analysis and telecommunication. The advantage of 
DWT over existing transforms, such as discrete Fourier transform 
(DFT) and DCT, is that the DWT performs a multiresolution 
analysis of a signal with localization in both time and frequency 
domain.
The image to be transformed is stored in a 2-D array. Once all 
the elements in a row is obtained, the convolution is performed 
in that particular row [2] . The process of row-wiseconvolution 
will divide the given image into two parts with the number of 
rows in each part equal to half that of the image. This matrix is 
again subjected to a recursive line-basedconvolution, but this time 
column-wise [2] . The result will DWT coefficients corresponding 
to theimage, with the approximation coefficient occupying the 
top-left quarter of the matrix, horizontalcoefficients occupying the 
bottom-left quarter of the matrix, vertical coefficients occupying 
the top-right quarter of the matrix and the diagonal coefficients 
occupying the bottom-right quarterof the matrix [3] .

 

 
Fig. 1: Line based Architecture for DWT

III. Lossy Image Compression
When hearing that image data are reduced, one could expect that 
automatically also the image quality will be reduced. A loss of 
information is, however, totally avoided in lossless compression, 
where image data are reduced while image information is totally 
preserved. It uses the predictive encoding which uses the gray level 
of each pixel to predict the gray value of its right neighbour [8]. 
Only the small deviation from this prediction is stored. This is a first 
step of lossless data reduction. Its effect is to change the statistics 
of the image signal drastically. Statistical encoding is another 
important approach to lossless data reduction. Statistical encoding 
can be especially successful if the gray level statistics of the images 
has already been changed by predictive coding. The overall result 
is redundancy reduction, that is reduction of the reiteration of the 
same bit patterns in the data. Of course, when reading the reduced 
image data, these processes can be performed in reverse order 
without any error and thus the original image is recovered. Lossless 
compression is therefore also called reversible compression. Lossy 
data compression has of course a strong negative connotation and 
sometimes it is doubted quite emotionally that it is at all applicable 
in medical imaging. In transform encoding one performs for each 
image run a mathematical transformation that is similar to the 
Fourier transform thus separating image information on gradual 
spatial variation of brightness (regions of essentially constant 
brightness) from information with faster
variation of brightness at edges of the image (compare: the grouping 
by the editor of news according to the classes of contents). In 
the next step, the information on slower changes is transmitted 
essentially lossless (compare: careful reading of highly relevant 
pages in the newspaper), but information on faster local changes is 
communicated with lower accuracy (compare: looking only at the 
large headings on the less relevant pages). In image data reduction, 
this second step is called quantization. Since this quantization 
step cannot be reversed when decompressing the data, the overall 
compression is ‘lossy’ or ‘irreversible’.

IV. Various Wavelets Used For Image Compression
Several families of wavelets that have proven to be especially 
useful are included in the wavelet toolbox. This paper has used three 
wavelets: Haar and Daubechieswavelet for image compression. 
The details of these wavelet Families have been shown below: 
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A. HAAR Wavelets
Haar wavelet is the first and simplest. Haar wavelet is discontinuous, 
and resembles a step function. It represents the same wavelet as 
Daubechies db1.

Fig. 2: Haar Wavelet Function Waveform

B. Daubechies Wavelet 
Ingrid Daubechies, one of the brightest stars in the world of 
wavelet research, invented what are called compactly supported 
orthonormal wavelets -- thus making discrete wavelet analysis 
practicable. 
The names of the Daubechies family wavelets are written dbN, 
where N is the order, and db the “surname” of the wavelet. The 
db1 wavelet, as mentioned above, is the same as Haar wavelet. 
Here is the wavelet functions psi of the next nine members of 
the family:

Fig. 3: DB Wavelet Function Waveforms

V. Algorithm For Image Compression Using DWT

Fig. 4: Multilevel Decomposition Using Low Pass and High Pass 
Filters for Image Compression Using Wavelets

Algorithm follows a quantization approach that divides the input 
image in 4 filter coefficients as shown below, and then performs 
further quantization on the lower order filter or window of the 
previous step. This quantization depends upon the decomposition 
levels and maximum numbers of decomposition levels to be 
entered are 3 for DWT.
DWT exploits interpixel redundancies to render excellent 
decorrelation for most natural images. Thus, all (uncorrelated) 

transform coefficients can be encoded independently without 
compromising coding efficiency. In addition, the DWT packs 
energy in the low frequency regions. Therefore, some of the high 
frequency content can be discarded without significant quality 
degradation. Such a (course) quantization scheme causes further 
reduction in the entropy (or average number of bits per pixel). 
Lastly, it is concluded that successive frames in a video transmission 
exhibit high temporal correlation (mutual information). This 
correlation can be employed to improve coding efficiency.
The aforementioned attributes of the DWT have led to its 
widespread deployment in virtually every image/video processing 
standard of the last decade, for example, JPEG (classical), 
MPEG- 1, MPEG-2, MPEG-4, MPEG-4 FGS, H.261, H.263 and 
JVT (H.26L). Nevertheless, the DWT still offers new research 
directions that are being explored in the current and upcoming 
image/video coding standards.

VI. Performance Parameters
DWT based image compression has been performed to get the 
desired results of the proposed work. The work has been be 
done in MATLAB software using image processing and Wavelet 
toolbox that helps to exploit the various features of wavelet based 
image analysis and processing. Input image is to be compressed 
to a certain level using DWT based lifting and quantization 
scheme explained above by maintaining a good signal to noise 
ratio. Qualitative analysis have been performed by obtaining the 
compressed version of the input image by DWT Technique and 
comparing it with the input image used. Indexed images would 
be used for processing and compression. The compressed image 
are reconstructed into an image similar to the original image by 
specifying the same DWT coefficients at the reconstruction end by 
applying inverse DWT. Quantitative analysis have been presented 
by measuring the values of attained Peak Signal to Noise Ratio 
and Compression Ratio at different decomposition levels. The 
intermediate image decomposition windows from various low 
pass and high pass filters. 
1. PSNR: Peak Signal to Noise ratio used to be a measure of image 
quality. The PSNR between two images having 8 bits per pixel 
or sample in terms of decibels (dBs) is given by:
PSNR = 10 log10
Mean Square Error (MSE) 
Generally when PSNR is 40 dB or greater, then the original and 
the reconstructed images are virtually indistinguishable by human 
observers. 
2. Compression Ratio

VII. Simulations and Results
DWT based image compression has been performed to get the 
desired results of the proposed work. The work has been be 
done in MATLAB software using image processing and Wavelet 
toolbox that helps to exploit the various features of wavelet based 
image analysis and processing. Input image is to be compressed 
to a certain level using DWT based lifting and quantization 
scheme explained above by maintaining a good signal to noise 
ratio. Qualitative analysis have been performed by obtaining the 
compressed version of the input image by DWT Technique and 
comparing it with the input image used. Indexed images would 
be used for processing and compression. The compressed image 
are reconstructed into an image similar to the original image by 
specifying the same DWT coefficients at the reconstruction end by 
applying inverse DWT. Quantitative analysis have been presented 
by measuring the values of attained Peak Signal to Noise Ratio 



IJCST Vol. 4, ISSue 1, Jan - MarCh 2013

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  163

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

and Compression Ratio at different decomposition levels. The 
intermediate image decomposition windows from various low 
pass and high pass filters. Use of Haar wavelet and Daubechies 
Wavelet has been done and a comparitive analysis of the both is 
displayed.

A. Qualitative Analysis

1. DWT using HAAR Wavelets

(i). Level 1
Compression ratio
PERF0 =
 38.6190
Retained Energy
PERFL2 =
 99.9885
Elapsed time is 2.548000 seconds.

(a). Approximation and Detail Coefficients

(b). Qualitative Analysis

(ii). Level 2 
Compression ratio
PERF0 =45.1719
Retained Energy
PERFL2 =99.9868
Elapsed time is 3.985000 seconds.

(c). Approximation and Detail Coefficients

(d). Qualitative Analysis

(iii). Level 3 
Compression ratio
PERF0 =46.0973
Retained Energy
PERFL2 = 99.9864
Elapsed time is 2.798000 seconds.

(e). Approximation and Detail Coefficients



IJCST Vol. 4, ISSue 1, Jan - MarCh 2013  ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m 164   InternatIonal Journal of Computer SCIenCe and teChnology

(f). Qualitative Analysis

2. Using Daubechies 2 Wavelets

(i). Level 1
Compression ratio
PERF0 =39.6809
Retained Energy
PERFL2 = 99.9813
Elapsed time is 2.266000 seconds.

(a). Approximation and Detail Coefficients

(b). Qualitative Analysis

(ii). Level 2
Compression ratio
PERF0 = 47.2161
Retained Energy
PERFL2 =99.9781
Elapsed time is 2.313000 seconds

(c). Approximation and Detail Coefficients

(d). Qualitative Analysis

(iii). Level 3
Compression ratio
PERF0 = 47.9561
Retained Energy
PERFL2 = 99.9790
Elapsed time is 2.548000 seconds

(e). Approximation and Detail Coefficients
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(f). Qualitative Analysis

VIII. Quantitative Analysis
Comparative Analysis of Haar and DB2 For Image 
Compression
Tabular forms of result have been prepared from the simulations 
that give the values of PSNR and Compression Ratios at various 
levels of decompositions. Also, the elapsed time for every wavelet 
at every level of decomposition have been obtained and shown 
below.

Table 1: Quantitative Analysis of Image Compression Using haar 
and Daubechies Wavelets

IX. Conclusion and Future Scope
Lifting schema of DWT has been recognized as a faster 
approach 

The basic principle is to factorize the polyphase matrix of a • 
wavelet filter into a sequence of alternating upper and lower 
triangular matrices and a diagonal matrix.
This leads to the wavelet implementation by means of banded-• 
matrix multiplications

DWT exploits interpixel redundancies to render excellent 
decorrelation for most natural images. Thus, all (uncorrelated) 
transform coefficients can be encoded independently without 
compromising coding efficiency. In addition, the DWT packs 
energy in the low frequency regions. Therefore, some of the high 
frequency content can be discarded without significant quality 
degradation. Such a (course) quantization scheme causes further 
reduction in the entropy (or average number of bits per pixel). 
Lastly, it is concluded that successive frames in a video transmission 
exhibit high temporal correlation (mutual information). This 
correlation can be employed to improve coding efficiency.
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