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ABSTRACT

This paper addresses the issue of perceptual image quality assess-
ment. By using Bayesian Networks, we propose a Bayesian com-
posed quality measure (B-CQM). This metric can assess quality in
images degraded by combined noise injection and frequency dis-
tortion. It presents some advantages with respect to the original
CQM approach, such as to uphold the stochastic nature of the sub-
jective quality assessment and easier inclusion of the effect of new
experimental data in the metric model by just updating its proba-
bility tables. Some examples are provided in order to verify the
behavior of the proposed metric.

1. INTRODUCTION

The performance of image processing systems usually depends
on some quality assessment, which is associated with the used
system model. Commonly criteria based on mean-square error
(MSE) are used, even though the mismatch between MSE and hu-
man visual perception is well known [1, 2]. The previous aspects,
along with the fact that many systems are intended for human con-
sumers, have been stimulating research efforts in perceptual im-
age quality metrics, i.e., objective measures that reflect in some
sense the human perception of image quality. Early contributions
to this field can be traced back to the research of Weber, Fechner
and Michelson [3] on quantifying image contrast. Nevertheless,
since the image patterns used in their definitions are rather simple,
the so-called Weber-Fechner and Michelson contrast measures do
not adequately describe perceived contrast in real-world images
[2–4]. Another approach has been proposed by Hess and Pointer,
in which a contrast metric is defined in the frequency domain, tak-
ing into account the perception dependencies on spatial frequency.
However, the Hess and Pointer metric cannot capture the local na-
ture of contrast changes [3, 4]. As an attempt to overcome such
problems, Peli has developed a metric that combines sequence and
frequency domain information [3]. Experimental results indicate
a superior performance of Peli’s approach as compared with other
strategies (Michelson, King-Smith and Kulicowski contrast mea-
sures) [5]. In [4], the authors have proposed a strategy to assess the
quality of restored images, in which the frequency distortion and
noise injection are considered decoupled psychovisual effects. In
order to quantify those effects, a noise quality measure (NQM) and
a distortion measure (DM) have been developed. The NQM out-
performs the signal-to-noise ratio (SNR) as well as weighted SNR
(WSNR). A recent paper [6] has shown experimental evidences
that DM does not perform well. Thus, the authors have proposed

a distortion quality measure (DQM), which consists of the NQM
block function with modified inputs (Fig. 1). Furthermore, a com-
posed quality measure (CQM) is derived as a function of DQM
and NQM from experimental data. The CQM has been used to as-
sess quality of images degraded both by frequency distortion and
noise injection. Although a subjective quality assessment presents
an important factor of uncertainty, the CQM has been represented
deterministically in the same way as other image quality measures.
Such an uncertainty stems from the peculiarities in the neurophys-
iology and cultural aspects of the enrolled subjects. This paper
proposes an alternative approach for the CQM by using Bayesian
networks [7] aiming to model this inherent uncertainty in image
quality assessment. This paper is outlined as follows. Section
2 summarizes the CQM features and the experimental procedure
used in [6]. Section 3 presents the basic concepts about Bayesian
netwoks with emphasis on those aspects that are of major inter-
est for the intended application. Section 4 details the proposed
approach as well as presents some experimental results. Finally,
concluding remarks are presented in Section 5.

2. IMAGE QUALITY ASSESSMENT EXPERIMENT

This section addresses the composed quality measure (CQM) as
well as the experimental procedure used to derive it, both defined
in [6]. The referred procedure is summarized as follows:

i) a set of 81 images, which are degraded by frequency distor-
tion and noise injection in different levels, is obtained from
the original “Lena” image;

ii) the NQM and DQM for each test image is assessed as de-
picted in Fig. 1, where x, x̂ and x̂′ are the original image,
test image and a noiseless version of the test image, respec-
tively;

iii) each of the images is randomly ranked seven times by sub-
jects (20-50 years old, both sexes, corrected or normal vi-
sion), according to Table 1;

iv) a 15 inch monitor with 800×600 pixel resolution is used;

v) the viewing distance is about 60 cm.

Then a set of candidate functions is optimized to fit the result-
ing surface of averaged classifications (Fig. 2). The bidimensional
Gaussian function with non-correlated variables (1) has been cho-
sen among the considered functions due to its correlation coeffi-
cient (0.935770) and variance (0.174635) values with respect to
experimental data.
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Fig. 1. Blocks for assessing DQM and NQM (x, x̂ and x̂′ are the
original image, test image and a noiseless version of the test image,
respectively).

Table 1. Values used to rank images
Rank Perceived Quality

4 Excellent
3 Good
2 Regular
1 Bad
0 Unacceptable

The CQM model [6] is given by

CQM = k · exp
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where N and D denote NQM and DQM, respectively; µ1, µ2, σ2

1

and σ2

2 denote the means and variances of N and D, respectively;
and k is a normalization constant used to keep CQM values within
the 0 to 4 range (Table 1). In this deterministic approach, after
a CQM model has been obtained, the stochastic aspect of the ex-
periment becomes implicit. The data variance has been estimated,
but in practical terms it is no longer considered. Furthermore, if
additional experimental data are collected, the whole optimization
procedure must be repeated in order to estimate the new µ1, µ2,
σ1 and σ2 in (1). Such an approach can be justified by the need
of having a suitable quality assessment function to be used for pa-
rameter optimization in image processing systems.

In the next sections, we propose a Bayesian CQM (B-CQM)
that permits an easier inclusion of new statistical data, preserves
the random aspects of a subjective image quality assessment and
is also useful in optimization tasks.

3. BAYESIAN NETWORK BACKGROUND

Bayesian networks are directed acyclic graphs (DAG), which are
commonly used in expert systems and artificial intelligence appli-
cations due to their capability for modeling uncertainty by random-
ness and easily responding to changing conditions. The knowl-
edge of a particular field can be modeled by a Bayesian network,
in which each node represents a meaningful variable. From the
experimental data collected and/or stochastic assumptions, a pri-
ori conditional probabilities are assessed to define the Bayesian
network. When an evidence is observed, the a priori conditional
probabilities are used for determining the a posteriori probabil-
ities. Thus, a Bayesian network explicitly represents the condi-
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Fig. 2. Mean perceived quality as a function of the NQM and
DQM.

Table 2. Quality probabilities
Perceived Quality (Q) P (Q)

Excellent 0.080
Good 0.130

Regular 0.230
Bad 0.320

Unnacceptable 0.240

tional dependencies between different knowledge components and
provides a graphic visualization of the knowledge modeled [7].
Bayesian network basis rests on the well-known Bayes’ theorem
[8]:

P (Ai|B) =
P (B|Ai)P (Ai)

P (B|A1) + P (B|A2) + · · · + P (B|An)
, (2)

where P (A) is the probability of an event A, the set [A1A2 . . . An]
is a partition of the certain event and B is an arbitrary event.

Details about Bayesian networks can be found in [7, 9].

4. BAYESIAN COMPOSED QUALITY MEASURE

In order to use Bayesian networks for deriving a B-CQM, we
have used the experimental data obtained in [6] for the original
CQM, dividing both the NQM and DQM ranges into nine non-
overlapping sections. The limits of the referred sections have been
chosen in such a way that each section contains approximately the
same number of test images. The non-overlapping sections are
labeled by using numbers in an increasing order following the in-
creasing values of NQM and DQM.

Then, the quality probability is estimated (Table 2) as well
as the a priori conditional probabilities for the NQM and DQM
sections (Tables 3 and 4, respectively). Note that the referred
probabilities have been estimated using relative frequencies ob-
tained from the experimental data and not from a stochastic model.
We have used the NeticaTM Application v1.12 [10] along with the
probability values shown in Tables 2, 3 and 4 to implement the
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Fig. 3. Bayesian network initial state.

Table 3. NQM a priori probabilities – P (SN |Q)

Section # (SN ) Excell. Good Reg. Bad Unnaccep.
1 0.000 0.000 0.000 0.028 0.403
2 0.000 0.000 0.016 0.179 0.201
3 0.000 0.000 0.101 0.218 0.076
4 0.000 0.014 0.186 0.162 0.063
5 0.000 0.264 0.116 0.101 0.076
6 0.023 0.236 0.163 0.084 0.063
7 0.163 0.236 0.147 0.078 0.042
8 0.372 0.181 0.109 0.078 0.042
9 0.442 0.069 0.163 0.073 0.035

B-CQM approach. The resulting network initial state is shown in
Fig. 3. Thus, given an image with particular values of NQM and
DQM, we can assess the a posteriori perceived quality probabil-
ity by selecting the proper sections as in the examples depicted
in Figs. 4, 5 and 6. In Fig. 4, a test image is highly contam-
inated by noise (the assessed NQM belongs to Section 1) and
slightly frequency distorted (the assessed DQM belongs to Sec-
tion 9). The resulting network output node indicates an expecta-
tion of 88.7% of this image to be classified as unacceptable and
11.3% as bad. As the noise contamination decreases, maintain-
ing the same frequency distortion condition, we can verify that the
resulting outputs show a change in expectation bias towards better
quality (Figs. 5 and 6). The B-CQM output predicts the subjective
quality assessment from the experimental data available along with
NQM and DQM values, showing the probabilities of a particular
image being classified according to the quality rank and experi-
mental conditions adopted (Table 1 and Section 2, respectively).

The effect of new experimental data can be easily included in
the metric model by updating the probability tables, which is much
simpler than re-optimizing the parameters of the CQM expression
(1) for any change in the data set.

The B-CQM can be applied to parameter optimization in im-
age processing systems by defining a performance measure as a
function of the B-CQM outputs. The following linear multivari-

Table 4. DQM a priori probabilities – P (SD|Q)

Section # (SD) Excell. Good Reg. Bad Unnaccep.
1 0.000 0.000 0.000 0.028 0.403
2 0.000 0.000 0.132 0.156 0.125
3 0.000 0.000 0.016 0.240 0.125
4 0.000 0.000 0.140 0.190 0.076
5 0.000 0.125 0.202 0.112 0.056
6 0.023 0.083 0.209 0.112 0.063
7 0.326 0.250 0.124 0.039 0.056
8 0.349 0.264 0.093 0.056 0.049
9 0, 302 0.278 0.085 0.067 0.049

Fig. 4. B-CQM results for a test image highly contaminated by
noise and slightly frequency distorted.

able function (3) is shown as an example of a performance measure
based on B-CQM.
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, where Q, Sa and Sb denote the
quality rank and the assessed NQM and DQM sections, respec-
tively; ki are weighting constants.

For validation purposes, 8 images have been randomly cho-
sen from the set used in the CQM derivation experiment and sub-
jected to quality assessment, following the procedure previously
described in Section 2 items (iii) to (v). The correlation between
the B-CQM output (predicted quality) and resulting subjective
quality can be verified in Tables 5 and 6, respectively. In both
tables, the boldfaced quantities point out the perceived quality
classes of larger occurrence. Table 6 shows the quality assess-
ment provided by 10 subjects with the same characterization of
the group used in the CQM experiment, but distinct from that one.
Through the result analysis, we can confirm the good agreement
between the proposed model (B-CQM) and the perceived image
quality, in terms of the most expected quality classes, considering
the features of the experiment carried out.
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Fig. 5. B-CQM results for a test image moderately contaminated
by noise and slightly frequency distorted.

Table 5. B-CQM predicted quality (%)
Image # Excell. Good Reg. Bad Unnaccep.

1 3.76 57.50 21.60 12.20 4.96
2 0.00 5.94 49.20 35.80 9.09
3 0.00 0.00 0.00 14.20 85.80
4 0.00 0.00 45.50 44.40 10.00
5 0.00 0.00 33.10 54.50 12.40
6 0.00 25.90 44.50 24.60 4.94
7 0.00 0.00 5.08 78.40 16.50
8 0.00 0.00 0.00 19.20 80.80

5. CONCLUSIONS

In this paper a Bayesian approach for the composed quality mea-
sure (B- CQM) is proposed. The B-CQM presents some interest-
ing features in terms of modeling: the stochastic nature of visual
quality perception remains evident and new experimental data can
be included by just updating the probability tables. The B-CQM
can also be used for parameter tuning in image processing sys-
tems, by defining performance measures as a function of B-CQM
outputs. In addition, an experimental validation of the B-CQM is
presented.
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