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Abstract 
This paper presents a comparative study of performance of different wavelet bases in subjective 
coding of images. For equal total length of the analysis (decomposition) and synthesis (reconstruc-
tion} filters, biorthonormal wavelets perform much better than the orthonormal (i.e. asymmetrical) 
wavelets. Since the human visual system (HVS) de-emphasis the high frequency image components·, 
the subjective coding scheme tends to smooth out any roughness in the analysis wavelet. The shorter 
and hence less smooth wavelet of a biorthonormal pair should always be employed on the analysis 
side of the image coding scheme. 

1 Introduction 
Visual signals require both a large communication 
bandwidth to transmit and a large computer memory 
to store. To save cost in handling visual signals it is im-
portant that their bandwidth be compressed as much 
as possible. 
Current image coding techniques involve the transmis-
sion of the image into the more efficient, less redundant 
spatial frequency space. The Discrete Cosine Trans-
form (DCT) has become an international standard for 
low bitrate video coding [1]. Data or bandwidth com-
pression is achieved mainly by (i) discarding weak fre-
quency components whose amplitudes are below a cer-
tain visible threshold and (ii) by quantising the remain-
ing non-zero coefficients with as few bits as possible. 
Psychovisual image compression techniques involve the 
discarding of information that the human eye is un-
likely to see or to perceive. The aim here is to find 
an image compression algorithm which is optimised to 
match the human visual system (HVS). The technique 
will be adaptively tuned to the local characteristics of 
the image, such as the image activity or business and 
the luminance or brightness. In this paper we use the 
wavelet transform instead of the standard DCT for the 
following reasons : 

• Wavelet multiresolution decomposition is similar 
to the psychophysical and psychological models of 
HVS [2] [3]. The DCT is not a multiresolution 
transform, and is thus not well matched to human 
perception, and 

• Wavelet bases '1/Jjk possess excellent localisation 
properties in both spatial (through index k) and 
frequency domain (j) , and as a result most trans-
form coefficients are practically zero. It can there-
fore be expected to achieve a higher compression 
ratio than the DCT. By contrast the DCT actu-
ally destroys (blurs) edges and discontinuities in 
an image. 

Wavelets are characterised by a number of param-
eters, often mutually exclusive. These are spatial 
compactness, orthonormality, regularity or smoothness 
and symmetry or anti-symmetry. Symmetry or anti-
symmetry is not possible for real compactly supported 
orthonormal wavelets except for the Haar basis [4]. 
However, biorthonormal wavelet bases, can be symmet-
rical or anti-symmetrical in which analysis and synthe-
sis filters are different. They can also be designed to be 
compactly supported. 
In many applications, symmetry and compactness are 
the two most desirable features· of wavelets. In image 
coding, quantization errors are most prominent around 
edges in the images. These errors can be discerned by 
asymmetrical filters. Asymmetrical filters, therefore, 
require finer quantization, resulting in less image com-
pression. Symmetrical filters produce smaller border 
effects. The use of smooth wavelets may minimise the 
quantization errors in images. Smooth wavelets can 
be realized by using long filter coefficients. ·In image 
coding, however, short filters are desirable in order to 
keep down the computation time. These requirements 
preclude many other desirable properties and narrows 
down the choice of wavelets. 
This paper compares the performance of different 
wavelet bases in psychovisual image compression, us-
ing Mallat's algorithm. The paper also highlights the 
effect the frequency sensitivity of the HVS has on the 
choice of the wavelet basis for the analysis ( decomposi-
tion) side of the image coding scheme. 

2 Background theory of Wavelet 
Transform 

Wavelet transform is defined as 

1 J (X- b) Wf(x) = fo f(x)'ljJ -a-) dx (1) 
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This transform can be seen as a mathematical micro-
scope whose position zooms on the location b with a 
magnification ~ and whose optical characteristic is de-
scribed by the mother wavelet 'lj;(x). 
In most digital signal processing applications, we are 
only interested in the discrete dyadic wavelet transform 
in which scale and spatial translations vary as a power 
of 2. This dyadic transform is well matched to mul-
tiresolution analysis and fast computation. 

2.1 Orthonormal wavelet basis 
It has been shown that the dilations and translation [4] 
[5] 

(2) 

of a mother wavelet 'lj;(x) can be used as an orthonor-
mal basis for multiresolution decomposition signals into 
octave subbands (by means of dilation) with an excel-
lent spatial location property (by means of translation). 
The translation index k is obviously measured in terms 
of the wavelet's support width. A signal f(x) is ap-
proximated at an octave scale 2j by its smoother ver-
sion which is obtained by filtering j(x) with lowpass 
<Pi. The difference between two successive smooth ap-
proximations at scale 2i-1 and 2j gives the detail signal 
at the scale 2i. 
In multiresolution analysis, one also defines the dila-
tions and translations of a scaling function <P(x) as 

Similarly, for fixed j, l/ljk form an orthonormal basis 
for lowpass space at scale 2i. A multiresolution anal-
ysis divides the L 2 (R) space into a series of successive 
approximation (lowpass) space Vj and their orthonor-
mal band pass complement spaces Wj [5], ie, 

· · · c V2 c V1 c Vo c V-1 c V-2 · · · 
VJ-1 = Vj ffi Wj, "V;· ..l Wj, and L 2 (R) = ffijWj 

Hence, if the wavelets 'lj;jk(x) span the space Wj and 
lowpass function l/ljk(x) span the space Vj, then the sig-
nal f(x) may be decomposed into detail signals at vari-
ous scale 2j and various locations k with corresponding 
coefficients djk and a coarse lowpass component with 
coefficients SJk, ie, 

where 

J 

f(x) = L L djk'l/Jik(x) + L SJkl/JJk(x) 
j=lk=O k=O 

djk = J f(x)'lj;jk(x)dx and 

S1k = j f(x)<PJk(x)dx. 

Wavelet bases associated with multiresolution analysis 
are characterised by the dilation equations [5] [6], 

l/J(x) = J2L:n h(n)l/1(2x- n) 
'1/J(x) = J2L:n g(n)'lj;(2x- n) (3) 

or equivalently 

~(w) = H(~)~(~) = rr:1 H(2-Pw) 
~(w) = G(~)~(~) (4) 

For compactness, only a finite number of coefficients 
h(n) and g(n) of the filters can be non-zero. Therefore 
H(w) and G(w) have to be trigonometric polynomial. 
From equation (3) it can be ready seen that 

(5) 
n n 

This is the very basis of Mallat's fast computation algo-
rithm for wavelet transform as shown in Figure 1. This, 
in our opinion, has triggered a haste of research work on 
wavelet based image coding without fully understand-
ing the underlying theory of the wavelet transform [6]. 

Figure 1: One-dimensional decomposition of pyramid 
scheme of a signal cj-1· 

For exact reconstruction it is easy to see from Figure 1 
that 

IG(w)l2 + jH(w)l2 = 1 (6) 

For biorthonormality between Vj and Wj and spaces 
[7], 

G(w) = e-iw H(w + 1r) (7) 

or equivalently 

g(n) = ( -1)nh(N- 1- n) (8) 

where N is the number of filter coefficients. G(w) and 
H(w) form a pair of quadrature mirror filters (QMF). 
Also (6) becomes 

IH(w)l2 + jH(w + 1r)j 2 
= 1 (9) 

2.2 Biorthonormal wavelet basis 
Symmetry and anti-symmetry is not possible for real 
compactly supported orthonormal wavelets except for 
the Haar basis [4]. However, in analysis and coding 
of image edges, linear phase filters are most desirable. 
Biorthonormal wavelet bases as shown in Figure 2, in 
which analysis (decomposition) and synthesis (recon-
struction) filters 'lj; and 1{; are different, can be symmet-
rical or anti-symmetrical [7]. They can also be designed 
to be compactly supported. We then have two multires-
olution lowpass ladders 

· · · c V2 c V1 c Vo c v_l c V-2 · · · 
· · · c i/2 c i/1 c Vo c if_t c Y-2 · · · 
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Figure 2: The block diagram of biorthonormal wavelet 
basis. 

and their respective bandpass complement spaces Wj 
and W1. 
In the two biorthonormal bases above, orthonormality 
is cross-zigzag between the two multiresolution ladders. 
A lowpass space is not orthonormal to its own band-
pass complement, but instead to the complement of its 
counterpart in the other ladder, ie, 

V ..l W and V ..l W J J J J 

The two multiresolution hierarchies work together like 
a zipper to allow exact reconstruction at the end. The 
analysis is then similar to that in the previous section. 
For exact reconstruction, it is easy to see that 

H(w)H(w) + G(w)G(w) = 1 

For biorthonormality [4] [7] 

G(w) = e-iw H(w + 1r) 
G(w) = e-iw H(w + 1r) 

Equation (10) becomes to similar to (9), ie, 

H(w)H(w) + H(w + 1r)H(w + 1r) = 1 

(10) 

(11) 

(12) 

For regularity, H(w) and H(w) have to have a multiple 
zero at w = n . Solutions for (12) can only be in the 
form of a product of analysis and synthesis filters. For 
symmetry, the filters have to be linear phase and are 
functions of cosw. The solution for the product P(y) = 
q(cosw)q(cosw) is given by the Bezout's equation [4], 

K-1 ( ) P(y) = fo K-~+m ym +yKR(1- 2y) (13) 

where 2K = L + L, the sum of the filter lengths of 
the analysis and synthesis filters and y = sin2 ~. Var-
ious types of biorthonormal wavelet bases result from 
different choices of q (or ij) and R. 

2.2.1 B-spline biorthonormal wavelet bases 

For example, if we choose R = 0 and ij(cosw) = 1, 
we have the family of B-spline biorthonormal wavelets . 
That is 

fl(w) = e-ikw/2 (cos~)£. (14) 

and hence 

~(w) = e-ikw/2 (sinw/2) L 
w/2 
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(15) 

with k = 0 if L is even and k = 1 if L is odd. ~ is then 
a B-spline centered around 0 and ~ respectively. 
The greatest advantage of spline wavelet bases is that 
their filter coefficients are all rational being fractional 
powers of 2 and are therefore most efficient for fast com-
putation and hardware implementation. Furthermore, 
spline wavelets 1/J and scaling function </> are known ex-
actly in closed forms. The main disadvantage of spline 
wavelet bases is in the very unequal support width of </> 
and ~· The support widths of 1/J and{; are always equal 
and are (L+L-1). There are, however, a limited num-
ber of solutions for the factorization of P(y) in (13) in 
which q ~ ij and hence the analysis and synthesis filter 
are very close to oneanother and both are very close to 
an orthonormal filter. 

2.2.2 laplacian biorthonormal wavelet bases 

Among choices of biorthonormal wavelet for which R # 
0 in (13) , there exists a special choice of R for which 
the analysis and synthesis filters are very close to onean-
other and both are very close to an orthonormal filter. 
The popular Laplacian pyramid filter [8], 

( w)2 w H(w) = cos 2 (1 + 16asin2 
2) (16) 

can serve as the analysis filter of a biorthonormal 
wavelet basis. The corresponding synthesis filter which 
satisfies in (12) should satisfy the Bezout's equation. 
Therefore, 

H(w) = [cos~) 
2 

1 + 2(1 - 8a)sin2 '!L - 32a 1-sa sin4 '!L] 2 l+Sa 2 
(17) 

It can be readily verified that for a = 0 and a = 
- 1

1
6 , H ( w) reduces to a spline filter of order 2 and 

4 respectively. It can be shown that since </>(x) be-
comes smoother as a becomes progressively smaller 
than 0.0625 whilst ~(x) becomes smoother as a be-
comes progressively greater than 0.0275, it is intuitive 
to conclude that the best value of a for image coding is 
somewhere at the mid-range. A value of a = 0.050 was 
recommended from experimental results in [9]. At this 
value, both </> and ~ are very close to oneanother and 
very close to a Coiflet [4] as seen in Figure 3. 

2.3 Extension to two-dimensional wavelet 
analysis 

A multiresolution decomposition of a signal f(x,y) of 
L2 (R2 ) is a sequence of subspaces of L2 (R). The ap-
proximation of a signal f(x,y) at resolution 21 is equal 
to its orthonormal projection on the basis space 

<I>j(x, y) = 2- 1</>(2-ix- m, 2-iy- n) 
= </J]m(x)</>jn(Y) m,n E Z 2 (18) 

Australian Journal of Intelligent Infonnation Processing Systems Autumn 1995 



48 

scaling function mother wavelet 

(a) 

-A-+ Analysio B-splinc 

L•2 

__/\__ ~ Syntl~esis 8-splinc 

_)\__ + AnalysisLaplaci'" 

a~ O.OSO _)\__ + SynlhesisL•pl•d'" 

aw0.050 

scaling runction mother wavelet 

(b) 

Figure 3: Characteristics of some typical wavelets, 
(a) for Daubechies and Coiflet orthonormal wavelet 
bases and (b) for B-spline and Laplacian biorthonor-
mal wavelet bases respectively. 

Similarly, we define 2-D separable wavelets 

w1 (x, y) = <jJ(x)'l/;(y) for GH component , 
w2 (x, y) = 'l/;(x)<fJ(y) for HG component, and (19) 
w3 (x, y) = V;(x)'lj;(y) for GG component. 

As in one-dimensional cases, a 2-D image can be decom-
posed as shown in Figure 4 into a lowpass approxima-

' tion plus three difference images from the inner prod-
ucts, i.e., a quad-tree, 

Ci-l =< f(x, y), Pj(x, y) > 
d~ =< f(x , y), w~(x , y) > (20) 
d~ =< f(x,y), w~(x,y) > 
dj =< f(x,y), wj(x,y) > 

where w1(x,y) = 2-iw(2-ix, 2-iy) . 
In two dimensions, the wavelet transforms can be com-
puted by a separable extension of the one-dimensional 
decomposition algorithm [5] . At the first step (j = 1) 
a signal is decomposed into 0 1 , dL d~ and d~. This 
algorithm is illustrated by the block diagram in Figure 

HH 2 GH 2 

GH 1 

HG 2 GG 2 

HG 1 GGt 

Figure 4: Decomposition of an image into a quad-tree 
for J = 2. 

columns 

Figure 5: Two-dimensional decomposition of a pyramid 
scheme of a signal cj~l · 

5. Firstly, the rows of a signal Co are convolved with 
one-dimensional filters H and G, and every other row 
is retained; then the columns are convolved with the 
filters H and G, and every other column is retained. 
The filters H and G are quadrature mirror filters. The 
wavelet transform is then computed by repeating this 
process for 1 ::::; j ::::; J. 
If the signal is an image, where the original image 0 0 
has an N x N array of pixels, then every array 0 1 , 

d}, di and dr consists of If x If elements. It can be 
represented by an image of one quarter the size of the 
original. More conveniently, the notation of the decom-
position and reconstruction of an image are changed 
from C1, d}, dJ and dJ to HHj, GH1 , HGi and GGi 
respectively. 

3 Psychovisual compression of 
wavelet coefficients 

It is well known that the human visual system (HVS) 
has a band pass sensitivity characteristic S(w) with a 
peak sensitivity t>etween 3 to 3.5 cycles per degree ( cpd) 
as shown in Figure 6. The sensitivity is reduced slightly 
at low frequencies but drops off very sharply at the 
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higher frequencies. Therefore low amplitude high fre-
quency ccmponents may be discarded. The visibility 
of errors is a function of the local luminance (Weber's 
law) and the local activity (AF) of the scene. The lat-
ter is also known as spatial masking effect. Errors are 
less visible in bright and busy (in term of edges and dis-
continuities) areas of the image. In these area, coarse 
quantization may be used resulting in fewer bits per 
pixel and a better compression ratio. 

S(O>) 

Figure 6: Typical sensitivity characteristic S(w) of HVS 
(solid line) and integrating sensitivity Sj of wavelet at 
scale 2i (dash line). 

The visible threshold used to discard weak transform 
coefficients in subband 2i with visual sensitivity Sj is 
[11], 

(21) 

where K is a proportionality constant to be determined 
from a subjective viewing of the quality of the recon-
structed image, djk are the wavelet coefficients at sub-
band 2i, and Nj is the sub band dimension. The value 
of K is increased until the level at which a difference 
between the original image and reconstructed image is 
just noticeable by a human viewer. The quantization 
step size for the coefficients in subband zi [10] is 

(22) 

where AF; is the activity function in the subband at 
scale 2J . 
Available sensitivity function S(w) from psychovisual 
experiments are usually expressed as a continuous func-
tion of one-dimensional spatial frequency. Current sub-
jective quantisation and thresholding schemes [11], for 
discrete cosine transform (DCT) coefficients have made 
use of the sensitivity function of the HVS to achieve a 
very high compression ratio. Since each DCT coefficient 
represents a single discret!sed frequency, the continu-
ous functions S(w) can be used directly. This is not 
so straight forward for wavelet transform coefficients. 
Each wavelet coefficient represents an octave subband 
with significant spectral overlapping with neighbouring 
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subbands. We therefore compute the sensitivity func-
tion for a wavelet at scale 2i as 

1 

Sj = ke [! J IS(wx,wy)I 2 1Wj(Wx,Wy)l 2 dwxdwy] 
2 

(23) 
where ke is an energy constant factor, S ( Wx, wy) is 
the HVS sensitivity function, '11 j(wx, wy) is the wavelet 
frequency response corresponding to a high pass filter. 
To calculate the sensitivity for the lowpass subband, 
Wj(wx,wy) is replaced by <I>j(Wx,wy). 
The activity function in (22), AF, in the wavelet coef-
ficient domain can be measured in terms of the deriva-
tive of the coefficient distribution, using the convolution 
output of a Laplacian edge detector. When adjusted 
for the 3 : 4 aspect ratio of the video images, the two 
dimensional Laplacian mask is given by 

[ 

-1.000 -2.777 -1.000 l 
ML = -1.563 12.679 -1.563 

-1.000 -2.777 -1.000 

Then, the activity functions is given by 

(24) 

(25) 

where ML®Xj(m, n) denotes the two-dimensional con-
volution output of the edge detector with Xj(m, n) be-
ing the wavelet transform coefficients at the subband 
scale zi, and q is a normalization factor derived from 
subjective viewing for an optimal reconstruction of the 
image. 
The non-zero wavelet coefficients, Xj (m, n), are then 
quantized to Xj(m,n) using the following operation 

Xj(m, n) < 0 
(26) 

where [x] is the closest integer value to x. The lowest 
quantised level is set half a step above the threshold 
level Tj to make the quantization step uniform [11]. 
The disparity between the lengths and coefficients of 
the analysis and the synthesis filters in a biorthonor-
mal basis results in a more expensive product imple-
mentation. The disparity in the frequency responses 
of the two filters also causes complications in a fre-
quency selective coding scheme such as the psychovi-
sual quantization and thresholding of wavelet coeffi-
cients used in this paper which is illustrated in Figure 
7. It is assumed, conventionally, that the quantization 
and thresholding are carried out on the analysis side. 

4 Simulation Results 
The first step of the simulation is to calculate the sub-
band sensitivity for the chosen wavelet at scale 2i . The 
simplest technique to obtain the subband wavelet func-
tion Wj(wx,Wy) in (23) computationally, is to use in-
verse wavelet transform followed by a Fourier transform 
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Figure 7: The block diagram of proposed psychovisual 
image compression scheme. 

of a unit impulse coefficient being placed appropriately 
in the subspace at scale 2j. For example a unit im-
pulse in subband GG4 at spatial coordinate (47,47) as 
shown in Figure 8 will produce the wavelet w4 (x, y) and 
its spectrum of w4(wx, Wy) as shown in Figure 9 and 10 
respectively. 

I• 
I• 

·-

Figure 8: Impulse in subband GG4 at coordinate 
(47, 47) in a 512 x 512 image plane. 

Figure 9: The wavelet functions of Daubechies wavelet 
with L = 2. 

A comparison of the compression performance of var-
ious wavelet bases using subjective coding of wavelet 
coefficients is given in this simulation. In particular 
we used Mallat's recursive algorithm (5] for the mul-
tiresolution signal decomposition. The block diagram 
of simulation is illustrated in Figure 7. 
The sensitivity function S(w) = (0.31 + 0.69w)e-0·29w 

which has a peak sensitivity at 3 cpd (12] and 4 de-
compositions is used for this simulation. The sim-
ulation results for the sensitivity factors in equation 

Figure 10: The magnitude spectrum of Fourier trans-
form of Daubechies wavelet with L = 2. 

(23) are shown in Tables 1 and 2 for Daubechies and 
Coiflet orthonormal bases, and B-spline and Laplacian 
biorthonormal wavelet bases respectively, where the 
lowest sensitivity, corresponding to the lowest subband 
HH4 , is normalized to unity. 

Daubechies Coiflet 
L=2 L = 2 

subspaces sensitivity sensitivity 
HH4 l.OOOOOOE+OO 1.000000E+00 
GH4 1.066019E+00 1.068043E+00 
HG4 1.071904E+00 1.074101E+00 
GG4 9.334352E-01 9.375153E-01 
GH3 6.835704E-01 6.848811E-01 
HG3 6.06644 7E-01 6.076077E-01 
GG3 4.438673E-01 4.455534E-01 
GH2 2.810389E-01 2 .806499E-O 1 
HG2 2.103552E-Ol 2.093875E-01 
GG2 1.071843E-01 1.068400E-01 
GH1 6.820634E-02 6.722051E-02 
HG1 4.319433E-02 4.221768E-02 
GG1 1.127662E-02 1.096641E-02 

Table 1: Sensitivity factor of Daubechies and Coiflet 
orthonormal wavelet bases. 

The standard "Lenna" image of dimension 512 x 512 is 
used to test the algorithm. The bit-rate of entropy cod-
ing is set to be 0.40 bpp. Table 3 shows the simulation 
results for the reconstruction of the image represented 
by the weighted peak signal-to-noise ratio (WPSNR) 
for various wavelet bases. 
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B-spline Laplacian 
L=2&L=4 a = .0.050 

subspaces sensitivity factor sensitivity factor 
HH4 1.000000E+OO l.OOOOOOE+OO 
GH4 1.046088E+00 1.075661E+OO 
HG4 1.026732E+OO 1.082916E+OO 
GG4 9.379980E-01 9.436668E-01 
GH3 5. 731459E-01 6.956916E-01 
IIG3 4.849805E-01 6.171581E-01 
GG3 3.545625E-01 4.529856E-01 
GH2 1.645937E-01 2.891827E-Ol 
HG2 1.150454E-01 2.140844E-01 
GG2 5.104159E-02 1.100431E-01 
GH1 2.473013E-02 6.951839E-02 
HG1 1.526704E-02 4.282755E-02 
GG1 2.612977E-03 1.121723E-02 

Table 2: Sensitivity factor of B-spline and Laplacian 
biorthonormal wavelet bases. 

wavelet bases WPSNR [dB] filter length 
c/J and ijj 

Daubechies 
L=2 38.48 4+4 
L=3 38.68 6+6 
L=4 38.71 8+8 
L=6 38.85 12 + 12 

near linear phase 
L=4 39.15 8+8 
L=6 39.45 12 + 12 
Coifiet 
L=2 38.51 6+6 
L=4 39.23 12 + 12 

B-spline 
L= 2&L= 4 40.05 3+9 

(ij= 1) 
L+L=8 39.22 9+7 

(q ~ ij) 
Laplacian 

a= 0.03125 36.93 5+7 
a= 0.05000 38.42 5+7 
a= 0.06250 38.98 5+7 
a= 0.07500 39.30 5 + 7 

Table 3: Performance of the reconstructed image using 
various wavelet bases, where entropy is set to be 0.40 
bpp. 

The WPSNR is computed as follows. Firstly, the er-
ror image is calculated by subtracting the original from 
the reconstructed image. Secondly, the error image is 
transformed to the spatial frequency domain using an 
FFT. Next, this is multiplied by the frequency response 
of the HVS system. Finally, its output is transformed 
to the spatial domain by an inverse FFT to obtain the 
power of weighted error image (WMSE). The WPSNR 
is then computed by the following equation (10] 

WPSNR = 10log [ ~~:E] dB (27) 
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where 255 is the peak pixel value of the original 8 bit 
PCM image. 

5 Summary and Discussion 
Simulation results for subjective coding of images using 
orthonormal wavelet bases show that the length of the 
filters in general has only a slight effect on the WPSNR 
performance. Regularity or smoothness of the wavelet 
bases is therefore not as important as symmetry in im-
age coding. This is confirmed by thehigh values of WP-
SNR for the case of the near linear p)lase (less smooth) 
and Coifiet wavelets as can be seen in Table 3. 
The desirability of symmetry or linear phase filters in 
image analysis and synthesis is well known. However, 
the application of the human visual system sensitivity 
which de-emphasizes the high frequency components, 
tends to smooth out any roughness in wavelet bases 
and hence decreases the importance of smoothness of 
wavelet in subjective image coding. 
The important of symmetry or linear phase of the 
wavelet waveform is also demonstrated by the high WP-
SNR performance of biorthonormal wavelet bases, eg 
B-spline and Laplacian wavelets, compared to the or-
thonormal bases. The smoothing effect of the HVS 
used in the subjective coding of images, as explained 
above, also has an important implication· on the choice 
of wavelet for the analysis side. Because of this ef-
fect the shorter and hence less . smooth wavelet of a 
biorthonormal pair should always be employed for the 
analysis side, eg in Table 3 for the B-spline biorthonor-
mal pair L = 2 and L = 4. This observation can eas-
ily be verified by swapping the· analysis and synthesis 
wavelets. The result is reported in Table 4. It can be 
seen that the WPSNR takes a dramatic drop from the 
value 40.05 dB when L = 2 and L = .4. to the value 
36.38 dB when L = 4 and L = 2. 

As in Table 3. As in Table 3. Swapping 
the wavelet 

wavelet bases WPSNR [dB] WPSNR [dB] 
B-spline 

L = 2&L = 4 40.05 36.38 
(ij=1 ) 

L+L=8 39.22 39.04 
(q ~ ij) 

Laplacian 
a = 0.03125 36.93 39.16 
a= 0.05000 38.42 38.44 
a= 0.06250 38.98 37.63 
a= 0.07500 39.30 36.86 

Table 4: Effect on the coding performance by inter-
changing analysis and synthesis wav~lets. 

Similarly, the WPSNR values for the Laplacian 
biorthonormal wavelet pairs change significantly by the 
swapping. An exception is observed for the 'near-
orthonormal' B-spline biorthonormal pair and for the 
Laplacian biorthonormal pair for a = 0.050. This is 
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expected because in these two cases, analysis and syn-
thesis wavelets are very close to oneanother (see Figure 
3 (b)) and therefore the swapping has little effect. Fig-
ure 11 shows the original test image of Lenna. Figure 
12 and 13 show the reconstructed images psychovisual 
compression by using Coifl.et orthonormal wavelet basis 
for L = 2 and B-spline biorthonormal wavelet basis for 
L = 4 and L = 4 respectively. 

Figure 11: Original image Lenna coded by 8 bpp. 

Figure 12: Reconstructed image coded at 0.40 bpp 
using psychovisual compression of Coi:flet orthonormal 
wavelet coefficients for L = 2. 
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