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ABSTRACT

In this paper, a multi-resolution analysis is proposed for im-
age quality assessment. Structural features are extracted from
each level of a pyramid decomposition that accurately repre-
sents the multiple scales of processing in the human visual
system. To obtain an overall quality measure the individual
level metrics are accumulated over the considered pyramid
levels. Two different metric design approaches are introduced
and evaluated. It turns out that one of them outperforms our
previous work on single-resolution image quality assessment.

Index Terms— Multi-resolution analysis, feature extrac-
tion, image quality assessment, communication systems.

1. INTRODUCTION

Image quality can most precisely be judged by humans them-
selves. That is why subjective experiments are considered to
be the most precise perceptual quality metrics. However, this
type of metrics generally is not applicable in environments
that require real-time processing. Hence, automated metrics
are needed which we refer to as objective perceptual quality
metrics. Also, in a communication system, metrics must not
rely on the original, transmitted image, since it is not avail-
able at the receiver. Hence, a metric needs to base its qual-
ity prediction either solely on the received image or addition-
ally make use of extracted low-bandwidth features from the
transmitted image. The former metric type we refer to as no-
reference and the latter as reduced-reference (RR) metrics.

In this paper, we concentrate on the design of a RR objec-
tive perceptual quality metric. We summarise briefly our pre-
vious work on subjective and objective quality assessment for
single-resolution images. In particular, a subjective experi-
ment and an objective metric, based on extraction of structural
degradations, are discussed. This approach is supported by
the fact that the human visual system (HVS) is highly adapted
to extraction of structural information [1]. The goal of this pa-
per then is to extend the method to a multi-resolution analysis,
by using a Gaussian pyramid, in order to account for the mul-
tiple scales of processing in the HVS [2]. Two different metric
design approaches will be discussed and evaluated.

The paper is organised as follows. Section 2 discusses
single-resolution quality assessment. Section 3 introduces the
multi-resolution metric design. In Section 4, an evaluation of
the metrics is presented. Section 5 concludes the paper.

2. SUBJECTIVE & OBJECTIVE IMAGE QUALITY

2.1. Subjective experiments

The impact of different image distortions on human percep-
tion and also the quality prediction performance of an objec-
tive metric can be verified by conducting subjective experi-
ments. This was done at the Blekinge Institute of Technology
involving 30 non-expert viewers. The experiment procedures
were designed according to ITU-R Rec. BT.500-11 [3]. A set
of 7 reference monochrome images of dimensions 512× 512
was chosen to account for different textures and complexity.
The images were encoded into Joint Photographic Experts
Group (JPEG) format. A simple simulation model of a wire-
less system was used in order to generate a set of 40 distorted
images. In particular, blocking, blur, ringing, and intensity
masking artifacts have been observed in different degrees of
severity. The test persons were shown the set of 40 distorted
images along with their reference images. The experiment re-
sulted in a set of Mean Opinion Scores (MOS), one for each
image, as a measure of subjective quality.

2.2. Single-resolution objective quality metric

The HVS is highly adapted to extraction of structural infor-
mation [1]. To obtain information about structural degrada-
tion in the images that can subsequently be mapped to per-
ceptual image quality, an objective metric has been designed
based on extraction of five structural features fi, in particular,
blocking [4], blur [5], edge-based and gradient-based image
activity [6], and intensity masking. In order to obtain a de-
fined and finite feature space, the feature measures were nor-
malised into an interval using an extreme value normalisation

fi,k =
f̃i,k − min

k=1,···,K
{f̃i,k}

δi
, i = 1, · · ·, I (1)



where the denominator is computed as

δi = max
k=1,··· ,K

{f̃i,k} − min
k=1,··· ,K

{f̃i,k}. (2)

Here, K is the number of images in the set and I is the num-
ber of features. Resulting from the normalisation we have
∀i, k : 0 ≤ fi,k ≤ 1. The individual feature measures are ac-
cumulated resulting in a single value, the normalised hybrid
image quality metric (NHIQM)

NHIQM =
I∑

i=1

wi · fi (3)

where the weights wi can be adjusted according to the percep-
tual relevance the corresponding feature. In our case we de-
rived perceptual weights wp,i from the subjective experiments
as wp,1 = 0.77, wp,2 = 0.35, wp,3 = 0.61, wp,4 = 0.16,
wp,5 = 0.35. Specifically, these weights wp,i represent Pear-
son linear correlations of the corresponding features fi with
MOS. Also considered are uniform weights wu,i = 1, i =
1, · · ·, I to account for all features having the same impact on
the metric. We further define an absolute difference

∆NHIQM = |NHIQMd −NHIQMr| (4)

which provides us with an overall measure of structural degra-
dations between a distorted image and its reference image.
Finally, an exponential function is used to map the ∆NHIQM

values to predicted MOS as follows

MOSNHIQM = a eb ∆NHIQM (5)

Here, the exponential character of the prediction function ac-
counts for the non-linearities in the human visual system. The
metric design along with an evaluation of its prediction per-
formance are explained in more detail in [7].

3. MULTI-RESOLUTION METRIC DESIGN

3.1. Gaussian pyramid generation

The Gaussian pyramid is a convenient multi-resolution image
representation that mirrors the multiple scales of processing
in the human visual system [2]. A full Gaussian pyramid de-
composition is shown in Fig. 1 along with the level number-
ing and image dimensions for each level. In the following
an efficient iterative algorithm for the pyramid generation is
summarised from [8].

The pyramid consists of L + 1 levels with the image g0 in
the bottom being the original image in full resolution N ×N .
The higher level images gl, l = 1, · · ·, L, are low-pass filtered
and sub-sampled versions of the underlying images. The low-
pass filtering is performed using a generating kernel σ(m,n)
of size 5×5. The size has been chosen with respect to filtering
performance and low computational cost. Sub-sampling is
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Fig. 1. Full Gaussian pyramid decomposition.

done by a factor of two. Therewith, each image gl is obtained
from its predecessor gl−1 as

gl(u, v) =
2∑

m=−2

2∑
n=−2

σ(m, n) · gl−1(2u + m, 2v + n). (6)

For simplicity, the generating kernel is made separable

σ(m, n) = σ(m) · σ(n). (7)

Furthermore, the one-dimensional patterns σ(m) and σ(n)
have to be normalised

2∑
m=−2

σ(m) =
2∑

n=−2

σ(n) = 1 (8)

and must be symmetric

σ(i) = σ(−i). (9)

The density of image pixels is reduced by four from one level
to the next level up. Hence, an additional constraint called
equal contribution requires all pixels at a given level to con-
tribute the same total weight of 1/4. The above constraints
are satisfied when

σ(0) = a

σ(1) = σ(−1) =
1
4

(10)

σ(2) = σ(−2) =
1
4
− a

2
where a = 0.4. It should be noted that the algorithm was
slightly modified to fit our original image size of 512× 512.

For the multi-resolution analysis we considered a maxi-
mum of six Gaussian pyramid levels for the metric design.
Taking the original image resolution and the sub-sampling of
factor two into account, the highest level in the pyramid has a
resolution of 16× 16. Images of higher levels were not taken
into account since the feature extraction algorithms do not
work anymore on such a small number of pixels. An example
of the considered pyramid decomposition is shown in Fig. 2.
For better visualisation the downsampled images were ex-
panded to original size using the pixel replication technique.



Fig. 2. Gaussian pyramid decomposition of the first six levels (from left to right: g0 (512×512), g1 (256×256), g2 (128×128),
g3 (64× 64), g4 (32× 32), g5 (16× 16)).

3.2. Cross-level metric pooling

The paradigms of the objective metric design in Section 2.2
are used to calculate a quality metric across all levels of the
Gaussian pyramid. Specifically, level metrics are calculated
and then accumulated across all levels to obtain an overall
quality metric. Here, two different approaches were followed.
The first one, that we refer to as G1, basically calculates level
metrics NHIQMl,r and NHIQMl,d for both reference and
distorted image, respectively. The metrics are then pooled
across the levels as follows

NHIQMG1,r =
Lm∑

l=0

ρl ·NHIQMl,r (11)

NHIQMG1,d =
Lm∑

l=0

ρl ·NHIQMl,d (12)

with Lm being the highest level included in the metric and ρl

being level specific weights. The quality metric ∆NHIQMG1

across all levels can then be obtained as the absolute differ-
ence of NHIQMG1,d and NHIQMG1,r as

∆NHIQMG1 = |NHIQMG1,d −NHIQMG1,r|(13)

The second method G2 takes a different approach. Here, the
level metrics NHIQMl,r and NHIQMl,d are used to first
calculate ∆NHIQMl

for each level as

∆NHIQMl
= |NHIQMl,d −NHIQMl,r|. (14)

The overall metric is then obtained by pooling the level met-
rics ∆NHIQMl

as

∆NHIQMG2 =
Lm∑

l=0

ρl ·∆NHIQMl
. (15)

For both G1 and G2 the final metrics can be mapped to pre-
dicted MOS using an exponential function (see Section 2.2).
It should be noted that in a communication system G1 has
the advantage that only a single value NHIQMG1,r needs
to be transmitted whereas by using G2, as many values of
NHIQMl,r have to be transmitted as levels are included in
the metric.

3.3. Perceptual relevance of pyramid levels

Similar to feature weights wp,i that account for perceptual rel-
evance of the features we can also define weights ρp,l, l =
0, · · ·, L that represent perceptual relevance of the pyramid
levels. These weights were calculated as Pearson linear cor-
relations between ∆NHIQMl

and MOS and are presented in
Table 1. The weights in the upper row were obtained by calcu-
lating ∆NHIQMl

using uniform feature weights wu. Similar,
the weights in the lower row were calculated using perceptual
feature weights wp for ∆NHIQMl

computation. We also de-
fine uniform weights ρu,l = 1, l = 1, · · ·, L for all level met-
rics having the same impact on the overall metric ∆NHIQMG

.

Table 1. Perceptual pyramid level weights.
ρp,0 ρp,1 ρp,2 ρp,3 ρp,4 ρp,5

wu 0.755 0.615 0.722 0.614 0.483 0.502
wp 0.803 0.661 0.673 0.598 0.434 0.496

4. PREDICTION PERFORMANCE EVALUATION

Metrics incorporating various numbers of pyramid levels have
been designed according to approaches G1 and G2. Predicted
MOS were obtained by deriving exponential mapping func-
tions for all metrics. A linear curve fitting between each MOS
and predicted MOS has been established. An example of the
curve fittings is shown in Fig. 3. The prediction accuracy
and monotonicity of all metrics were evaluated using Pearson
linear correlation coefficient rP,Lm and Spearman rank order
correlation coefficient rS,Lm , respectively. The results are re-
ported in Tables 2 and 3. Here, the subscripts Lm indicate the
number of pyramid levels that were incorporated in the met-
ric. For instance, a subscript Lm = 3 means that images up to
level 3 have been used (g0, g1, g2, and g3). Furthermore, the
parameters ρu and ρp indicate if uniform or perceptual level
weights were used and the parameters wu and wp indicate if
uniform or perceptual feature weights were used.

Before having a closer look at the tables, it should be
noted that in our earlier work on single-resolution metrics
(see Section 2.2) prediction accuracies were obtained as rP =
0.899 and rP = 0.894 using uniform feature weights wu and
perceptual feature weights wp, respectively [7]. These values
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Fig. 3. Left: Exponential curve fitting MOS vs ∆NHIQM,G2;
Right: Linear curve fitting MOS vs MOSNHIQM,G2.

are considered as benchmarks to evaluate the multi-resolution
metrics G1 and G2. For further comparison, we considered a
RR multi-resolution metric which is based on a natural image
statistic model in a 3-level wavelet decomposition [9]. Here,
we obtained a prediction accuracy of rP = 0.769.

In general one can derive from Tables 2 and 3 that G1 pro-
vides worse prediction performance the more pyramid levels
are included in the metric. In fact, the prediction accuracies
of rP,1 are similar to the results of the single-resolution met-
rics. The prediction accuracy and monotonicity drop dras-
tically when more levels are incorporated. This observation
accounts for all four combinations of feature weights w and
level weights ρ. In conclusion we can say that G1 does not
benefit from the multi-resolution analysis.

On the other hand, for G2 generally prediction accuracy
and monotonicity increase with the number of levels included
in the metric. In particular, a strong increase can be achieved
by including images up to level g2 and even more for level g3.
It also is of additional benefit if perceptual feature weights wp

are used instead of uniform feature weights wu. The percep-
tual level weights ρp result in only a slight increase of predic-
tion performance as compared to the uniform level weights
ρu. Furthermore, including levels g4 and g5 into the metric
does not seem to have much impact on the perceptual quality.
This can be comprehended when looking at Fig. 2. Levels
g4 and g5 seem to be too abstract to provide information of
perceptual relevance. This fact is also supported by the small
perceptual level weights ρp,4 and ρp,5. Keeping the above in
mind, the best compromise between prediction performance,
computational complexity, and overhead, seems to be the in-
corporation of images up to level g2 or g3.

5. CONCLUSIONS

RR image quality metrics based on multi-resolution extrac-
tion of structural information have been designed. Two differ-
ent approaches G1 and G2 were evaluated. A superior quality
prediction performance has been achieved using G2, incorpo-
rating several pyramid levels in the metric. The use of per-
ceptual feature and level weights further enhanced the metric.
Previous work on single-resolution quality assessment could
be outperformed using the multi-resolution approach.

Table 2. Pearson linear correlation coefficient.
rP,1 rP,2 rP,3 rP,4 rP,5

G1 wu ρu 0.887 0.723 0.653 0.517 0.511
ρp 0.895 0.732 0.647 0.465 0.451

wp ρu 0.897 0.772 0.713 0.602 0.663
ρp 0.903 0.783 0.687 0.678 0.603

G2 wu ρu 0.902 0.923 0.922 0.923 0.924
ρp 0.903 0.924 0.924 0.928 0.930

wp ρu 0.897 0.933 0.943 0.944 0.938
ρp 0.899 0.933 0.943 0.947 0.944

Table 3. Spearman rank order correlation coefficient.

rS,1 rS,2 rS,3 rS,4 rS,5

G1 wu ρu 0.925 0.78 0.667 0.584 0.605
ρp 0.917 0.772 0.638 0.480 0.469

wp ρu 0.907 0.809 0.747 0.632 0.695
ρp 0.900 0.799 0.698 0.657 0.592

G2 wu ρu 0.902 0.921 0.929 0.937 0.945
ρp 0.897 0.927 0.929 0.934 0.940

wp ρu 0.858 0.929 0.951 0.951 0.945
ρp 0.862 0.921 0.951 0.950 0.950

6. REFERENCES

[1] Z. Wang et al, “Image quality assessment: From error
visibility to structural similarity,” IEEE Trans. on Image
Processing, pp. 600–612, April 2004.

[2] E. H. Adelson et al, “Pyramid methods in image process-
ing,” RCA Engineer, vol. 29, no. 6, 1984.

[3] ITU-R, “Methodology for the subjective assessment of
the quality of television pictures,” Rec. BT.500, 2002.

[4] Z. Wang et al, “No-reference perceptual quality assess-
ment of JPEG compressed images,” in Proc. of IEEE
ICIP, Sept. 2002, pp. 477–480.

[5] P. Marziliano et al, “A no-reference perceptual blur met-
ric,” in Proc. of IEEE ICIP, Sept. 2002, pp. 57–60.

[6] S. Saha and R. Vemuri, “An analysis on the effect of im-
age features on lossy coding performance,” IEEE Signal
Processing Letters, pp. 104–107, May 2000.

[7] U. Engelke and H. J. Zepernick, “Quality evaluation in
wireless imaging using feature-based objective metrics,”
in Proc. of IEEE ISWPC, Feb. 2007, pp. 367–372.

[8] P. Burt et al., “The laplacian pyramid as a compact image
code,” IEEE Trans. on Comm., vol. 31, no. 4, Apr. 1983.

[9] Z. Wang and E. P. Simoncelli, “Reduced-reference image
quality assessment using a wavelet-domain natural image
statistic model,” in Proc. of SPIE Human Vision and Elec-
tronic Imaging, Mar. 2005, vol. 5666, pp. 149–159.


	Title: Multi-resolution Structural Degradation Metrics for Perceptual Image Quality Assessment
	Author: Ulrich Engelke, Hans-Jürgen Zepernick
	Conference: Picture Coding Symposium
	Year: 2007
	Publisher: EURASIP
	City: Lisbon


