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Abstract
CT scan or MRI reports are medical images which require large 
storage occupying larger bandwidth for transmission increasing the 
cost. These special images use different compression techniques 
or methods such as lossless compression or lossy compression. 
Medical communities have adopted lossless compression over 
lossy compression, since lossless compression offers exact 
recovery of data (image) but yield a low compression ratio where 
as lossy compression which does not give complete recovery of 
data but gives a high compression ratio are yet to be accepted.
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I. Introduction
Medical images such as CT scan and MRI reports play an 
important role in providing detailed information of patient injuries, 
fractures and other critical issues related to different disease and 
discomfort. Daily CT and MRI report of thousands of patients 
are produced by the hospital, clinics and diagnostic centers and 
is made available online for medical emergencies. However these 
images face major challenges due to the size of medical image 
data sets during transmission and storage. For instance each MRI 
and CT image requires an average of 5 to 12 Mbytes and a single 
X-ray may require as much as 24 Mbytes. This occupies larger 
bandwidth and time for its transmission, increasing the cost. As we 
see, many MRI and CT medical images contain large backgrounds 
(up to 50% of the image size), which are not used in the diagnosis. 
These image backgrounds, even though it appears totally uniform, 
it contains random noise and artifacts inherited somewhere in the 
image acquisition. Total removal of this noise substantially reduces 
the required image data and improves any compression algorithm 
resulting in no loss of data in any part of the image which is 
actually used for diagnoses, i.e., “lossless”.  Lossless compression 
is often preferred over lossy compression because exact recovery 
can be achieve using lossless implementation and also we have a 
perception that lossy methods may introduce unknown artifacts 
leading to diagnostic error, a minor loss of formation may risk a 
patient‟s life. Lossless compression yield exact recovery of the 
image but offers a low compression rate typically less than 2:1. On 
the other hand lossy compression can achieve high compression 
ratio of 50:1 or more, but it cannot completely  recover the original 
data. Thus to obtain high compression rate, lossy method can be 
implemented. The compression ratio of an image typically affects 
the picture quality, the higher the compression ratio, the poorer 
the quality of the resulting image whereas lower the compression 
ratio, the better is the quality of the resulting image  Wavelets are 
useful in medical imaging where image degradation is not tolerated 
but can be used to remove noise in an image. Wavelet transform 
compacts image energy into smaller numbers of coefficients and 
have good localization characteristics in the spatial-frequency 
domain, which are ideal for compression. They decompose input 
images into a series of lower resolution images and their associated 
detail images. In wavelet domain, the image is represented by a set 

of basis functions. If the basis functions are different, the image 
presentation will also be different. In fact there is no single wavelet, 
which will always provide the best performance. Since there are 
many wavelet filters available, each with the different set of basis 
functions, the choice of wavelet filters is an important factor to 
gain a good coding performance. The intent of this paper is to 
compare energy retained in the reconstructed image by applying 
different types of wavelet filters belonging to orthogonal wavelets. 
The wavelet filters used are Haar, Daubichies, Symlet, Coiflet. 

II. Wavelet Filters Comparison
Important properties of wavelet filters in digital image compression 
are compact support (leading to efficient implementation), 
symmetry (useful in avoiding errors/ artifacts at the borders of 
the wavelet sub-bands and lead to linear phase filter), orthogonality 
(allow fast algorithm), regularity, and degree of smoothness (related 
to filter order or filter lengths). The different wavelet filters make 
different trade-off between how compactly the basis functions 
are localized in space and how smooth they are. Regularity is 
sometimes used in filter evaluation. These are not sufficient 
criterion to determine the quality of image compression. In this 
paper, three types of wavelet families are used to investigate the 
performance of image compression. They are Haar, Daubichies 
and Symlet wavelet. 
Haar wavelet is one of the oldest and simplest wavelet. Therefore, 
any discussion of wavelets starts with the Haar wavelet. Daubichies 
wavelets are the most popular wavelets. They represent the 
foundations of wavelet signal processing and are used in numerous 
applications. These are also called Maxflat wavelets as their 
frequency responses have maximum flatness at frequencies 0 and 
π. This is a very desirable property in some applications. The 
Haar, Daubichies, Symlet and Coiflet are compactly supported 
orthogonal wavelets.
These wavelets along with Meyer wavelets are capable of perfect 
reconstruction. The Haar, Daubichies, Symlet and Coiflet are 
compactly supported orthogonal wavelets. The fig. 1, shows the 
families of Wavelet.

Fig. 1: Wavelet Families, (a). Haar. (b). Daubichies (c). Symlet 
(d). Coiflet 

III. Wavelet Analysis
Wavelet analysis can be used to divide or decompose the 
information of an image into approximation and detail sub-signals. 
The approximation sub-signal shows the general trend of pixel 
values, and three detail sub-signals show the vertical, horizontal 
and diagonal details or changes in the image. Images are treated 
as 2D signals as they change horizontally and vertically. As shown 
in fig. 2, 2D wavelet analysis uses the same, mother wavelets 
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but requires an extra step at every level of decomposition. 1D 
analysis filters out the high frequency information from the low 
frequency information at every level of decomposition, so only 
two sub-signals are produced at each level. Discrete Wavelet 
analysis is computed using the concept of filter banks. Filters of 
different cut-off frequencies analyse the signal at different scales. 
Resolution is changed by the filtering, the scale is changed by 
upsampling and downsampling. At every level, four sub-images 
are obtained; approximation, vertical detail, horizontal detail and 
diagonal detail. 
Fig. 2, Decomposition of the Image The sub-signal produced from 
the low filter will have a highest frequency equal to half that of the 
original. According to Nyquist sampling the change in frequency 
range means that only half of the original samples need to be 
kept in order to perfectly reconstruct the signal. More specifically 
this means that upsampling can be used to remove every second 
sample. The scale has now been doubled. The resolution has also 
been changed, the filtering made the frequency resolution better, 
but reduced the time resolution. The approximation sub-signal 
can then be put through a filter bank, and this is repeated until the 
required. In 2D, the images are considered to be matrix of pixel
(or intensity) values having N rows and M columns. At every 
level of decomposition the horizontal data is filtered, then the 
approximation and details produced from this are filtered on 
columns. 
Fig. 3, shows using wavelet analysis shows how the image changes 
vertically, horizontally and diagonally. 

Fig. 3: Analysis of Image using DWT

Fig. 4, shows analysis when inverse of DWT is applied to the 
detailed image (Approximation), synthesized image is obtained. 
To get the level of decomposition the approximation sub-image 
is decomposed. 

Fig. 4: Analysis of Image using IDWT

IV. Effect of Changing the Decomposition Levels
The higher the decomposition level the higher percentage of zeros 
obtained with no thresholding. This is because decomposing to 
greater levels means that a higher percentage of coefficients 
come from detail sub-signals. Detail sub-signals generally have a 
smaller range of values than the approximation sub-signals, ideally 
zero values. Therefore this pattern shows that as decomposition 

level increases, more detail is filtered out with value zero. The 
energy loss at the maximum threshold was higher at greater 
levels of decomposition. This again is because at higher levels 
of decomposition there is a higher proportion of the oefficients 
in the detail sub-signals. So a higher percentage of the energy 
is lost by removing all the detail. Fig. 5, shows the effect of 
decomposition at different level

Fig. 5: Decomposition at level 1, level 2 and 3

A. Calculation of Energy Retained and number of 
Zeros
When compressing with orthogonal wavelets the energy retained 
is 
100*(vector - norm(coeffs of the current decomposition, 2)) 
(vector - norm(original signal, 2)) 
The number of zeros in percentage is 
100* (number of zeros of the current decomposition) 
(number of coefficients) 
To change the energy retained and number of zeros values, a 
threshold value is changed. The threshold is the number below 
which detail coefficients are set to zero. The higher the threshold 
value, the more zeros can be set, but the more energy is lost. 
Thresholding can be done globally or locally. Global thresholding 
involves thresholding every sub-band (sub-image) with the same 
threshold value. Local thresholding involves uses a different 
threshold value for each sub-band. 

B. Energy Loss per percentage Zero Ratio
A second possible measure of the best result is the ratio of Energy 
Loss per percentage Zero. This can be calculated for each result 
by the following equation. 
Energy Loss per percentage Zero =100%-%Energy Retained 
%Zeros 
If these details are very small then they can be set to zero without 
significantly changing the image. The value below which details 
are considered small enough to be set to zero is known as the 
threshold. There are two types of threshold hard and soft threshold. 
The greater the number of zeros the greater the compression that 
can be achieved. The amount of information retained by an image 
after compression and decompression is known as the "energy 
retained" which is proportional to the sum of the squares of the 
pixel values. The compression ratio is equal to the size of the 
original image divided by the size of the compressed image. 
This ratio gives an indication of the compression achieved for a 
particularimage. The goal of image compression is to achieve the 
best possible quality of medical images for transmission or storage 
capacities. Lossless schemes preserve the original data whereas 
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Lossy schemes attempt to remove information from the image 
which the viewer won’t notice. Mostly lossy data compression 
formats suffer from generation loss which involves repeated 
compression and decompression of the file which might cause it 
to progressively lose its quality. If the energy retained is 100% 
then the compression is known as „lossless‟, as the exact image 
can be reconstructed. This occurs when the threshold value is 
set to zero then the details do not change. If there is a change in 
any value then energy will be lost and this is known as "lossy" 
compression. Ideally, the number of zeros and the energy retention 
during compression will be as high as possible. However, as more 
zeros are obtained more amounof energy is lost, so a balance 
between the two is needed. 

V. Result of Image Compression

Fig. 6: Abdomen Image

Abdomen Image
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Fig. 7: MRI Image

Table: MRI Image
E Type of 
Wavelet 
Filter 

Energy 
retained 
(%) 

Redundant 
Data (%) Zero (%) 

Haar 99.95% 0.05% 93.43% 
Daubichies 99.64% 0.35% 89.97% 
Symlet 99.8% 0.57% 93.65% 
Coiflet 99.65% 0.365% 89.52% 

Fig. 8: Brain Image
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Table: BRAIN I
Type of 
Wavelet 
Filter 

Energy 
retained (%) 

Redundant 
Data (%) Zero (%) 

Haar 99.95% 0.05% 93.43% 
Daubichies 99.48% 0.52% 93.56% 
Symlet 99.43% 0.57% 93.65% 
Coiflet 99.49% 0.51% 93.57% 

MAGE
Fig. 6, 7, & 8, shows the different image compression along with 
their retained energy, redundant data and zeros

VI. Conclusion
Based on the results obtained a conclusion is made that in case 
of abdomen image we seen that, the compression ratio of symlet 
filter is lower than that of daubichies, haar and coiflet filter, hence 
symlet wavelet filter gives better compression result for abdomen 
image. In case of MRI image, the compression ratio of daubichies 
wavelet filter is lower than that of symlet, haar and coiflet filter, 
hence daubichies wavelet filter gives better compression result 
for mri image, whereas in case of Brain image the compression 
ratio of daubichies wavelet filter is lower than that of symlet, 
haar and coiflet filter, hence daubichies wavelet filter gives better 
compression result for brain image, and Thus these could be utilize 
for storage and online transmission
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