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Abstract:
Thousand pictures requires a very large amount of storage. So the science of
digital image compression is used to reduce the storage requirements for these images
Wavelet tansforms require fillers that combine a number of desirable
properties, such as orthogonally and symmetry. The design possibilities for wavelets
are Imited because they can not simultancously passes all these desirable properties.
The relanvely new field of multi-wavelets show promise in removing some of the
limitetions of wavelets. multiwavelets offer more design options and hence can
comoine all desirable transform features. The few previousty published results of
multiwavelet based image compression have mostly fallen short of the performance
crjored by the current wavelel algorithms.
This paper attempts to given an understanding of the multiwavelet transform
oy using particular application of wavelet techniques to compress color image data.
Two tvpes of quality measure tests are used, quality measure, by demonstrating the

final results with different bit quantization levels, and quantitatively measure, by
comparing the decoding results, using the Peak-signal-to-Noise-Ratic “PSNR” test.

Introduction: have been developed and the body of
The rapid  expansion  of the literature on image coding is huge. A
internet and fast advancement in color number of methods have been
imaging technologies have made presented over the years to perform
digital color images more and more image compression. They all have one
reading available to professional and a common  goal:  to  alter the
amateur users. The large amounts of represcntalion ol tformation
image collection available from a contained in an image so that it can be
variety of  sources such as digital represented sufficiently well with less
camera, digital video, scanner, the mformation [2]. Most of these methods
Internet.. .etc. Have posed increasing are cssentially based on the extraction
technical  challenges to  computer and retention of the most important
systems 0 store/transmit and (visual) information of the image.
index/manage  the  image  data Generally image compression
effectively and cfficiently 10 make invoives reducing the size of image
such collections easily accessible |1]. data file. while retaining necessary
For more than 30 years, image information, The reduced filed is called
coding/compression have been studied the compressed file and is used to
so that the storage and transmission reconstruct the image. resulting in the
challenge is tackled by it Also the decompressed tmage [3].
significant advancements have been Multiwavelets are only now
nuade. Many cfficient, suceesstul and hepinning 1o approach the maturity of
effective imége—coding techniques development of their scalar counter
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parts. Few paper that have
the MIEe  COmpression
properties if multiwavclet suggest that
multiwavelets can sometimes perform
as well as, or better than scalar
wavlets{4.5.6]. Using multiwavelet, for
Image compression is a litlle more
complicated than other transform; the
coefficients arc computed in a
normalized two-dimensional adaptive
Haar basis. The algorithms presented
and employed in  this paper are
designed 1o work on color images.
Multiwavelet-based compression of
color images performs well composed
to methods based on wavelet and DCT
transforms. The digital color image
devices use RGB color space to
represent mage data, the multiwavelet
methods used here would be to
transform the RGB color data to a
luminance/chrominance color space
(YUV). The human eye is more
sensitive to high-frequency
information in the luminance values
corresponding to the “grayscale” data
of image. The luminance planes could
be guantized more severely, resulting
in good compression rates with good
visual quality.
Image Compression System:
Figure | show the compression
system, which is used in this paper.
This compression system consists of
two  distinct  structural blocks: an
encoder and a decoder
The Vindication for Using
Multiwavelet
There must be some vindications
to use multiwavelets in place of scalar
wavelets. Some reasons for potentially
choosing multiwavelets have been
mentioned in this paper.
1)The extra degrees of freedom
inherent in multiwavelets can be
used to reduce restrictions in the
filter propertics.
2)One  desirable
transform

tested

feature of

used In

any
image

L

COMPression 1s e amount of
cnergy compaction achieved.
3)Image compression results presented
in a paper by Strela and Walden
[10] show that the popular Bi19/7
scalar wavelet pives better results
than some older multiwavelets on
images like lena. More recent
results show that newer multifilters
can be compelitive with some of the
better filters like B19/7{6, 7]. Also, a
paper by Strela [9] presents results
t which at least one multiwavelel
dramatically outperformed scalar
wavelets on a synthetic test image.
4y Multiwavelets still compare
favorably because they can give
performance comparable to scalar
wavelets with shorter filters.
Iteration of Decomposition
Since multiwavelet decomposition
produce two lowpass subbands and

two highpass subbands in each
dimension, the organization and
statistics  of  multiwavelet subbands

differ from the scalar wavelet case.
The 2-D image data is replaced with
four blocks corresponding to the
subbands representing either lowpass
or highpass in both dimensions. These
subbands are illustrated Figure2 a. The
multiwavelels  used  here have  two
channels, so there will be two sets of
scaling coefficients and two sets of
wavelet coefficients. Since multiple
iterations over the lowpass data are
desired, the scaling coefficients for the
two channels are stored together. The
wavelet  coeliicients  for the two
channels are also stored together. The
multiwavelet decomposition subbands
are shown in Figure 2 b. For
multiwavelets, the L and H labels have
subscripts denoting the channel to
which the data corresponds,

In practice, more than one
decompositicn is performed on the
Image data. Successive iterations are
performed on the lowpass coefficients
from the previous stage to further
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the number of lowpass
cocilivients  process  yields  better
energy compaction is performed on the
image Jaa. Since the Jowpass
cozfticients contain most of the
original signal enerpy. this iteration
process vields beller  energy

compaction. After a certain number of
iterations, the benefit gained in energy
compaction becomes rather negligible
compared to the extra computational
effort.  Usually five levels of
decomposition are used  in current
wavelet-based compression schemes
[8. 11]. Experiments performed for this
paper indicate that two levels are
sufficient for multiwavelets, with gains
in PSNR diminishingly rapidly with
decomposition depth increasing above
2. A single level of decomposition with
a symmetric-antisymmetric
multiwavelet is roughly equivalent to
two levels of wavelet decomposition.
Thus a  2-level  multiwavelet
decomposition effectively corresponds
o 4- level  scalar  wavelel
decomposition. Since tests indicate that
the improvement from depth 4 to depth
6 for scalar wavelets is negligible, 2-
level multiwavelet decomposition can
be considered comparable to 3-level
sealar wavelet decomposition. Sealar
wavelet transforms give a single
quarter-sized lowpass subband from
the original larger subband, as seen in
figure 2a.The multiwavelet
decomposition iterate on the lowpass
coefficients from the previous
decomposition, as shown in Figure 3.
In the case of scalar wavelets, the
lowpass quarter image is a single
subband. But when the multiwavelet
transform is used, the quarter image of
lowpass coefficients is actually a 2%2
block of subbands(the 1.l subband in
Figure 2b) Due to the nature of the
preprocessing and symmetric extension
method, data in these different
subbands becomes intermixed during
iteration of the multiwavelet transform.
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The intermixing of the multiwavelet
lowpass subbands leads o suboptimal
results.
Implementation Details

The multiwavelet results in this
paper were obtained using a separable
decomposition of the 2-D image data.
The approximation-preserving
prefiltering and signal extension
approach presented by Xia et al. [6]
was used. Figure 3 show a block
diagram of  each level of
decompuosition, including
preprocessing. The 2-D data is
processed first in rows, and then
columns. The processing of each row
or column involves splitting the 1-D
signal into even and odd subsets and
multiplying the resulting 2*1 vector by
the prefilter matrix. The data is then
extended symmetrically (filtered) and
down sampled. Subsequent iterations
for multiwavelets were performed only
on the L;L; subband of the previous
transform result. Similarly,
multiwavelet packets were
implemented by iterating on whole
subbands, this yicld that each subband
becoming a 4%*4 block smaller
subbands. Tests were performed both
with and without the use of the
coelficient shuffling method. For the
wavelet packet and multiwavelet
packet cases, a cost function approach
was used. This choice was made with
an eye toward computational
complexity, since the rate distortion
searching methods are much more
computationally  expensive  than  a
simple cost function method [11].
After the transform. No entropy coder
was used in these experiments. Since
the entropy coding process typically
just adds a roughly constant gain in dB
to the PSNR [R]L entropy cading is not
necessary for comparison of different
transform methods The reconstruction
method followed the opposite order of
steps: read in bit stream, perform
dequantize process to obtain quantized
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transform  cocflicients, and perform
inverse transform to obtain the
reconstructed image.

Results and Conclusion

Ihe results obtained by this paper
can be demonstrated through the
values of the bit-rate (BR), the Peak-
Signal-1o-Noise-Ratio (PSNR) and
Compression Ratio (CR). Image that is
used to demonstrate the coding results
is shown in figured. The adaptive
image is Lena image. The compressing
image with the multiwavelet, which
based upon the Haar transform, was
implemented on the above sample
image for different values of the
parameters.

The performance ol multiwavelet can
be evaluated in the following:
Multiwavelet yields higher speed of
computation, also, higher compression
ratio, comparing with the traditional
methods. The compression ratio of
multivwvavelet is almost twice with o

better image quality when we choose
the subbands of LL. The effect of
subbands of LI, HL. HH is a litte in
Image reconstruet process. comparing,
with the ellect of subbands of LL,
where we can reconstructed the same
image with the same CR, BR and
PSNR if we choose the subbands of LL
only. Also the ignored of subbands of
HH ( HIH2. H2 HI, H2 H2) has no
efleet on the reconstrueted image.

In comparing with scalar wavelet,
the multiwavelets used in this paper
give performance equal to the best
scalar wavelets in many cases. While
the scalar wavelet gives consistently
good performance for natural images.
in most cases a multiwavelet can be
selected which gives similar
performance with lower computational
complexity. This makes multiwavelets
a viable alternative to the conventional
scalar wavelets in many situations.
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Figl: Image compression system (a) encoder. (b) decoder
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Figure 2: Image subbands after a single-level decomposition
(a) for scalar wavelets
(b) for multiwavelet,
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Fig. 3: INustration of 2-D multiwavelet filtering with approximation-based
preprocessing
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R=6.2 bip,
PSNR=22.64

, BR=3 bpp, CR=2.6 b/p,
3 PSNR=24.78

BR=1.5 bpp, CR=5.3 b/p, PSNR=22.49 BR=0.87 bpp, CR=9.14 bip,
PSNR=21.74

Fig 4: decoded images reconstructed by using multiwavelet com pression over Lena image
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