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Abstract
A reliable quality measurement is a much needed tool for determin-

ing the type and amount of image distortion for the embedded zero
tree wavelet image coding based on perceptual techniques. Attempts to
improve quality measurement include incorporation of simple models of
the human visual system (HVS) and multi-dimensional tool design, it
is essential to adapt perceptually based metrics which objectively en-
able to asses the visual quality measurement. Our paper proposes an
objective quality metric based on various psychovisual models, yielding
the objective factor called Probability Score (PS) that correlates well
with visual error perception, and demonstrating very good performance.
Thus, we avoid the traditional subjective criteria called mean opinion
score (MOS), which involves human observers, are inconvenient, time-
consuming, and influenced by environmental conditions. Widely used
pixelwise measure, the peak signal to noise ratio (PSNR) cannot capture
the artifacts like blurriness or blockiness. The model therefore called
the Modified Wavelet Visible Difference Predictor MWVDP, is based
both on traditional psychometric function and the Daly model visible
difference predictor (VDP) and integrates various psychovisual models.

Keywords: DWT, image copression, image quality, visual perception, lumi-
nance masking, contrast masking, objectif quality measure PS
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1 Introduction

The last years have seen increasing efforts within the embedded wavelet coding
algorithms which not only provides very good compression performance, but
also has the property that the bitstream can be truncated at any point and
still be decoded to recreate a reasonably good quality image. Embedded ze-
rotree wavelet coding (EZW) introduced by J. M. Shapiro [11] and by A. Said
and W. A. Pearlman [5] using an algorithm based on set partitioning in hi-
erarchical trees (SPIHT) has proven to be a very effective image compression
method based on the PSNR measure. Minimizing such distortion measures
does not necessarily guarantee preservation of good perceptual quality of the
reconstructed images and may result in visually annoying artifacts despite the
potential for a good PSNR. This is especially true in low bit rate image coding
applications where the goal is to remove as much perceptual redundancy as
possible while introducing minimal perceptual distortion.
In digital image processing, great success has been obtained recently by a
class of perceptually based embedded wavelet image coding algorithms, such
as SPIHT, and EBCOT [7] algorithms. Some scheme didn’t incorporate the
optimal quantization model proposed by Watson. This model is based on a
psychovisual experiments of the 9/7 wavelets [6] which determinates an optimal
quantization matrix that yields a perceptually lossless compression quality. In
other schemes the integration of interesting HVS features are not considered,
like luminance and contrast masking [1], [10], [12], [15] and contrast sensitivity
function CSF [9], whose particular feature is to filter spatially all impercep-
tible frequencies by the human visual cortex. Exploiting this fact, we can
adapt image contrast (contrast masking), and remove considerable invisible
frequencies and still quantize efficiently with a perceptually improved quality
the reconstructed image. In addition, these techniques exhibit very desir-
able characteristics including very fast execution and perceptual optimization
embedded bitstream transmission. Although SPIHT based image coders are
effective at minimizing MSE, they are not explicitly designed to minimize per-
ceptual based distortions that are matched to the capacities of HVS.
The proposed model MWVDP is applyied for embedded zero tree wavelet im-
age coding based on perceptual tools called POEZIC [15] coder that incorpo-
rates various masking effects of human visual system perception which prior to
encoding, weights the wavelet coefficients according to their perceptual impor-
tance and reaches the targeted bit rate with an improving perceptual quality
versus that obtained by the SPIHT algorithm. Adopted visual models in our
algorithm are wavelet JND thresholds, luminance masking, contrast masking
(section 2), contrast sensitivity function CSF (section 3) and quantization er-
ror sensitivity function (section 4). The objective qultiy metrics is done in
section 5 and finally, section 6 gives a large discussion of the MWVDP results.
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Figure 1: Wavelet perceptual masking algorithm SetUp (top), contrast mask-
ing (bottom-left), and luminance and contrast masking (bottom-right).

2 Wavelet Perceptual Masking Model SetUp

In this work, three visual phenomena are modeled to compute the perceptual
weighting model SetUp matrix: the JND thresholds [2], luminance masking
[15] (also known as light adaptation), contrast masking [15] and the contrast
sensitivity function CSF. This model correlates well with the cortical decom-
position. The JND thresholds are thus computed from the base detection
threshold for a subband. The mathematical model for the JND threshold is
obtained from the psychophysical experiments adopted by Watson correspond-
ing to the 9/7 biorthogonal wavelet basis [6], [2]. In image coding, the detection
thresholds will depend on the mean luminance of the local image region and,
therefore, a luminance masking correction factor must be derived and applied
to the contrast sensitivity profile to account for this variation. In this work,
the luminance masking adjustment is approximated using a power function
[15], here we adopt the model used in JPEG2000 with a factor exponent of
0.649 [15]. Another factor that will affect the detection threshold is the con-
trast masking also known as threshold elevation, which takes into account the
fact that the visibility of one image component (the target) changes with the
presence of other image components (the masker) [1], [10], [12], [15]. Contrast
masking measures the variation of the detection threshold of a target signal
as a function of the contrast of the masker. The resulting masking sensitivity
profiles are referred to as target threshold versus masker contrast functions.
In our case, the masker signal is represented by the wavelet coefficients of the
input image to be coded while the target signal is represented by the quantiza-
tion distortion. The final perceptual model as shown in figures ??, where the
computation algorithm of the wavelet JND thresholds, luminance masking,
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contrast masking and CSF are shown as illustration from the Lena wavelet
coefficients with respect to a given observation distance of V=4. The wavelet
JND thresholds JND(λ,θ,i,j) calculation process for each wavelet coefficient
v(λ, θ, i, j) at location (i, j) within a subband (λ, θ) , at level decomposition λ
and orientation are computed as follow in equation (1):

tJND(λ, θ, i, j) = al(λ, θ, i, j).ac(λ, θ, i, j).CSF (λ, θ, i, j) (1)

al(λ, θ, i, j) =
(V

λmax,LL,i
′
,j

′

Vmean

)aT
: The luminance masking adjustment;

ac(λ, θ, i, j) = max
{
1,

( |V(λ,θ,i,j |
JND(λ,θ).al(λ,θ,i,j)

)ε}
: The contrast masking adjustment;

Vλmax, LL, i
′
, j

′
: The DWT coefficient, in the LL subband, that spatially

corresponds to location (λ, θ, i, j);
λmax = 5, vmean = 128, ε = 0.6 and aT = 0.649;
i
′
= bi/2λmax−λc, j

′
= bj/2λmax−λc.

3 CSF Weighting Implementation Approaches

To optimize wavelets coefficients weighting and improve the visual quality of
the reconstructed image we take benefits of the contrast sensitivity function
CSF [13]. The CSF function describes in quantitative terms how good the hu-
man visual system HVS perceives a signal at a given spatial frequency. It sets
the contrast perception in relation with the spatial frequency usually measured
in cycles per optical degree, which gives the CSF a shape that is independent
of the viewing distance as shown in figure 2. Common to all compression tech-
niques is the fact that they focus on an improved coding efficiency, which is
not necessarily equivalent to an improved visual quality. The CSF function
transforms the wavelet decomposed image on an image which is perceptible
and remove all imperceptible frequencies that are invisible by the human visual
cortex. The viewing conditions were assumed as being fixed. This may not be
realistic, as an observer can look at the images from any distance. Neverthe-
less, fixing r and v is necessary to apply a frequency weighting. Therefore it is
shown that with a slight modification of the CSF shape and the assumption of
”worst case viewing conditions” a CSF weighting that works properly for all
different viewing distances and typical display media resolutions is the Daly
model. In the compression applications, the CSF can basically be exploited to
modify the wavelet coefficients before and after quantization, it shapes directly
the spectrum of the quantization noise. This strategy is opposed to the direct
algorithm that classically codes the detectable frequencies plus some redun-
dant ones which requires additional bits. Conventional CSF implementations
into wavelet based codec are based on a single invariant weighting factor per
subband [13]. The first one called invariant single factor weighting (ISF). The



Wavelet image coding measurement 2421

Figure 2: CSF function models: Mannos (left), Daly (right).

basic idea of the ISF weighting is to assign a single frequency weighting factor
per wavelet subband. This approach is simple and stills an efficient perceptual
weighting. The second approach weighting represents the DWT filtering which
matches exactly the shape of the CSF. It keeps the possibility of an orienta-
tion dependent weighting inside the subband and is adapted to the local signal
properties. The third approach is the mixed strategy which combines the fixed
and filtering algorithm, the former is compatible with low frequencies and the
latter is ideal for higher frequencies.

4 Quantization Error Sensitivity Function

The perceptual quantization is the operation used to quantize the wavelets co-
efficients in order to reduce the entropy manifested by the required bits budget
to transmit the compressed image. Compression is achieved by quantization
and entropy coding of the DWT coefficients. Typically, a uniform quantize is
used, implemented by division by a factor Q and rounding to the nearest inte-
ger. The factor Q may differ for different bands. Quantization of a single DWT
coefficient in band will generate an artifact in the reconstructed image. A par-
ticular quantization factor in one band will result in coefficient errors in that
band that are approximately uniformly distributed over the interval. The error
image will be the sum of a lattice of basis functions with amplitudes propor-
tional to the corresponding coefficient errors [2]. Thus, to predict the visibility
of the error due to a particular quantization step, we must measure the visibil-
ity thresholds for individual basis function and error ensembles. The wavelet
coefficients at different subbands and locations supply information of variable
perceptual importance to the HVS. In order to develop a good wavelet-based
image coding algorithm that considers HVS features, we need to measure the
visual importance of the wavelet coefficients. Psychovisual experiments were
conducted to measure the visual sensitivity in wavelet decompositions. Noise
was added to the wavelet coefficients of a blank image with uniform mid-gray
level. After the inverse wavelet transform, the noise threshold in the spatial
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Table 1: Error contrast sensitivity in the DWT domain for V = 4.
XXXXXXXXXXXXLevel

Orientation
A H D V

1 0.0859 0.0976 0.0904 0.0976

2 0.1304 0.1311 0.1010 0.1311

3 0.1613 0.1416 0.0895 0.1416

4 0.1600 0.1188 0.0597 0.1188

5 0.1226 0.0734 0.0280 0.0734

Figure 3: Watson error sensitivity function for WES V = 4.

domain was tested. A model that provided a reasonable fit to the experimental
data is done in table 1. As shown in figure 3 (for a viewing distance of 4) error
sensitivity increases rapidly with wavelet spatial frequency, and with orienta-
tion from low pass frequencies to horizontal/vertical to diagonal orientations.
Its reverse form yields the wavelet JND thresholds matrix.

5 Objective quality metrics

The wavelet transform is one of the most powerful techniques for image com-
pression, because of its similarities to the multiple channel models of the HVS.
The DWT decomposes the image into a limited number of spatial frequency
channels (5 decomposition levels and 3 orientations Horizontal, Vertical and
Diagonal), which approximates well the cortical decomposition.

Despite this limitation the quality measure still a goal of the wavelet visible
difference predictor WVDP [4] to visually optimize the visual quality perfor-
mance of the image coding schemes. Based on these multiple channel models
we have developed a new objective metric based on wavelet decomposition and
the Watson model called wavelet error sensitivity WES model introduced in
section 4. This have conducted us to a wavelet based image quality metric,
namely, psychometric function PF as shown in figure 4, and modified wavelet
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Figure 4: Wavelet image quality measure: Psychometric function PF.

Figure 5: Modified wavelet visible difference predictor MWVDP Model.

visible difference predictor MWVDP as illustrated in figure 5. These metrics
are used in this paper to predict visible differences between the original and
degraded images with respect to the detect ability of errors for a given per-
ceptual threshold of the WES model within each wavelet channel. For each
wavelet coefficient within all channels and error detection probability is then
computed based on psychometric function [13], and then using a Minkowski
summation of all error probabilities from low to high frequencies we obtain a
visible difference map VDM, which yields the probability scale PS measure.

Figure 5 shows the component parts of the MWVDP model, which is based
on the VDP [14] image quality assessor. It performs respectively wavelet trans-
formation, wavelet detection thresholds, luminance and contrast masking, mu-
tual masking, errors calculation, probability computation based on psychome-
tric function, Minkowski summation, and finally yields probability score PS.
The original and the noisy images are first transformed to the DWT domain
using a 5 wavelet level decomposition based on the 9/7 Biorthogonal wavelet
basis. The differences between the original and noisy images (the wavelet er-
rors) are tested against a wavelet JND threshold to check if the errors are
under or bellow this threshold. In other hand we verify if errors are or not
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visible. A psychometric function (2) and its improved version the MWVDP
equation (3) are then applied to estimate the error detection probabilities for
each wavelet coefficient and convert these differences, as a ratio of the wavelet
JND thresholds, to sub-band detection probabilities. This factor means the
ability of detecting a distortion in a subband at location in the DWT field.

P PF
(λ,θ,i,j) = 1 − exp

(
−

∣∣∣ D(λ,θ,i,j)

JND(λ,θ,i,j)

∣∣∣β)
(2)

PMWV DP
(λ,θ,i,j) = 1 − exp

(
−

∣∣∣ D(λ,θ,i,j)

TUN(λ,θ,i,j).JND(λ,θ,i,j)

∣∣∣β)
(3)

Where D(λ,θ,i,j) denotes the quantization distortion detection at location (λ, θ, i, j),
DWT denotes the Wavelet JND thresholds, TUN(λ,θ,i,j) denotes mutual con-
trast masking and is computed as the minimum of contrast masking of the
original and degraded images, JNDMWV DP

(λ,θ,i,j) as computed in equation (4) de-
notes the MWVDP mutual contrast masking and is computed as the minimum
of DWT threshold elevation of the original and degraded images, it’s based on
alteration that weights the wavelet coefficients.

JNDMWV DP
(λ,θ,i,j) =

{
max(JND,Alterationλ.C(λ,θ,i,j)) if C(λ, θ, i, j) > 0
max(JND,Alterationλ.2.‖C(λ,θ,i,j)‖) otherwise

(4)

The parameter β for each metric is chosen to maximize the correspondence
of the DWT probability error PXXX

(λ,θ,i,j) and the probability summation [9], [4].
Finally we calculate the probability score PS by summing all probabilities
within all wavelet subbands [13] as follows in equation (5):

PS = exp
(
−

∑
(λ,θ,i,j)

∣∣∣P(λ,θ,i,j)

∣∣∣ 1
β

)
(5)

Notate that the greater this factor is, the best the decoded image quality is.
This score means a quality factor which its greatest value ”1” when the coding
quality is excellent and at the opposite way it reaches a value around ”0” when
the coding quality is bad.

6 Experimental Results and Discuss

We apply the MWVDP quality metric to coders like EBCOT [7] and a per-
ceptually optimized wavelet embedded zerotree image coder POEZIC [3] using
8 bits per pixel gray scale images and compare it to the standard SPIHT [5]
coder. Selected 512x512 gray scale images in this paper are Lena, Barbara,
Zelda, Goldhill, Mandrill, and Boat. The metric MWVDP correlates well with
the mean opinion score MOS and gives significant evaluation instead of the
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Figure 6: POEZIC versus SPIHT: PS probability scores with bit rate at view-
ing distances (V=1, 3, 6, and 10) using modified wavelet visible difference pre-
dictor MWVDP metric; from the top to bottom figures results are for Goldhill
and Mandrill images.

PSNR measure. Figure 6 shows the PS measure with targeted bit rate for
the 512 x 512 Goldhill and Mandrill images encoded with both SPIHT and
POEZIC algorithms. At a very low bit-rate of 0.0625 bpp, the mouth, nose,
and eye regions are hardly recognizable in the SPIHT coded image, whereas
those regions in the POEZIC, coded image exhibit detailed visual information
and are perceptually recognizable. At a low bit-rate of 0.125 bpp, SPIHT still
decodes a very blurred image, while POEZIC begins to give acceptable visual
quality over the face region. Increasing the bit-rate to 0.25 bpp and 0.5 bpp,
the visual quality of the POEZIC coded images is still superior to the SPIHT
coded images. When the bit-rate of 0.5 bpp is reached, the POEZIC coded
image approaches uniform resolution and visual quality of the decoded SPIHT
image and its visually optimized version POEZIC are almost indistinguishable.
Figure 7 shows the MWVDP comparisons of the POEFIC and SPIHT com-
pressed Goldhill and Mandrill images with varying observation distance V for
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Figure 7: POEZIC versus SPIHT: PS probability scores with viewing distance
at 0.5 bpp, 0,125 bpp and 0.03125 bpp, using modified wavelet visible differ-
ence predictor MWVDP metric; from the top to bottom figures results are for
Goldhill and Mandrill images.

a given and fixed targeted bit rate at 0.015625 bpp, 0.0625 bpp and 0.25 bpp.
The probability score PS is given as a function of the viewing distance. In
comparison with SPIHT, significant quality gain is achieved by the POEZIC
coding algorithm versus the standard SPIHT classical algorithm. Our aim of
quality optimization is reached through the entire range of viewing distances.
This is consistent with the subjective quality. Figure 8 illustrates the POEZIC
and SPIHT compression versions of the Lena image with multiple targeted bit
rate for a fixed viewing distance of V=4 the image wide. At low bit-rates such
as 0.03125 bpp and 0.0625 bpp, POEZIC maintains acceptable quality at the
whole image versus the standard SPIHT coder. Again, a visually high-quality
uniform resolution image is obtained from the same bit stream with a sufficient
bit-rate of 0.5 bpp and so on. The wavelet quality measure results values of the
quality metric PS factor of both compressed Lena images (POEZIC ”Right”
and SPIHT ”Left” coders) are mentioned above each compressed image.
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7 Conclusion

Our quality evaluation system make a great part of a great project concerning
the real time video coding and quality assessing in a wireless GSM networks in-
frastructure. It can be applied to various embedded coders such EZW, SPIHT,
EBCOT and JPEG2000 and improve the perceptual quality measurement of
the predicted frames in wavelet video coding based on HVS quality properties.
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Figure 8: Lena image compression results. The images of the left column that
follow are for standard SPIHT only coded images. The images of the right
column that follow are for the Embedded ZeroTree Wavelet Image Coding
based on Perceptual Optimization Tools algorithm. The bit rates from top
to bottom are 0.03125 bpp, 0.0625 bpp, 0.125 bpp, 0.25 bpp and 0.5 bpp
respectively, at observation distance of V = 4.
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