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Abstract

The quality of a digital image degrades from the moment it is captured to the moment it is displayed
to the human observer. Image quality assessment plays an important role in the field of image processing.
Measuring the quality of an image is a difficult process since human perception is affected by physical
and psychological parameters. Therefore many techniques have been developed in objective quality
assessment to overcome the disadvantages of a subjective evaluation.

This work compares several image quality measures to evaluate gray-scaled and coloured images
under different noise and/or distortion conditions.

The motivation for this thesis is the evaluation of image quality measures according their perfor-
mance. The main goal is to compare those quality measures in order to conclude which are the most
sensitive to quality variation, and consequently, more effective in detecting flaws in the quality. To
achieve such goal, different statistical methods were used, in particular Clustering Analysis and Analy-
sis of Variance.

In summary, this work aims to present a statistical approach, according to the performance of the
quality measures, in alternative to the approaches based only in the characteristics and properties of
the measures or based in a subjective evaluation of image quality.
Keywords: Image processing; image quality; quality measures; clustering; analysis of variance.

1. Introduction

The image concept results from different points of
view and perceptions. In conceptual terms, image
was studied by Plato and Aristotle, with both ar-
guing that image was a merely projection of the
mind. Later, image went from an idea to a visual
representation. In 1826, Joseph Nicáphore Niepce
produced the first photograph and, in 1957, Russel
Kirsh produced the first digital image. The defi-
nition of image represents a huge mark in history
as it rapidly became an important mode of expres-
sion, until nowadays that it is used for very different
purposes. In particular, the development of digital
images enabled the growth in image processing ap-
plications.

The data of image processing are in the form of
images, such as photographs, medical images, satel-
lite images and so on. One of the most important
areas in image processing is image quality. Digi-
tal images are subject to distortions from the mo-
ment they are captured to the moment they are dis-
played. The distortions can occur during the acqui-
sition, compression, transmission and reprodution,
any of which may result in a degradation of the vi-

sual quality. Measuring the quality of the image is
an important process, it is a complicated and hard
one. Many techniques are proposed to quantify the
quality of an image, but none is considered to be a
perfect one.

There are two kinds of quality measures for an
image: subjective and objective. Subjective evalu-
ation is based on the observers opinion of the im-
age’s visual quality. However, in pratice, this type
of evaluation has some disadvantages: it can be af-
fected by physical and psychological parameters of
the observer, usually is too time-consuming and it
is an expensive process. Therefore, the amount of
research in objective quality assessment has been
growing. The main goal in objective evaluation is
to develop quantitative measures that can automat-
ically predict image quality. The many advantages
of this type of evaluation explain why image quality
measures (IQMs) are so important in image process-
ing applications. First, IQMs can be used to eval-
uate and adjust image quality; second, IQMs can
be used to optimize algorithms, for example can be
useful in an image restoration process.

The most frequently used measures are Mean
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Square Error (MSE), Signal to Noise Ratio (SNR)
and Peak Signal to Noise Ratio (PSNR). The
above measures are attractive because they are sim-
ple and easy to compute. However, these measures
are not very well matched to perceived visual qual-
ity, according to Girod (1993) and Wang and Bovik
(2006, 2009). In the recent years, a large number of
studies concerning the development of quality as-
sessment methods that take advantage of known
characteristics of the Human Visual System (HV S)
have appeared (Wang and Bovik, 2006, pp. 18–26).
A specific example of this group of measures is a
Strutural Similarity Information Measure (SSIM),
described in (Wang, Bovik, et al., 2004).

Thus, IQMs have become very popular and new
metrics are continuously proposed. A brief sum-
mary of more than one thousand metrics were given
by Pedersen and Hardeberg (2009). These met-
rics arise from different ideas, and they have been
created for different purposes. The metrics have
different implementations and so they have differ-
ent results in image quality evaluation, therefore
it is important to evaluate their performance and
identify which IQMs can accurately predict the im-
age visual quality. Examples of this kind of sur-
veys were given by Avcibas et al. (2002), Eskicioglu
and Fisher (1995), Al-Najjar and Chen (2012), and
Sheikh, Sabir, et al. (2006) and others.

In particular, the work done by Avcibas et al.
(2002) is the base motivation for this thesis. In
this work we chose several image quality measures
and present a statistical approach to compare their
performance to evaluate different types of images:
gray-scaled and coloured images under the influence
of noise and/or distortion. Our goal is to classify
IQMs into separate groups and evaluate their corre-
spondence in terms of how discriminating these are
to degradations. Such classification and evaluation
can be used to select the most appropriate IQMs
for a given problem.

The paper is organized in five sections: Intro-
ductory Concepts, Image, Simulation and Data,
Methodology and Results, Example of Application
and Conclusions. The current section serves as an
introduction to the topic at hand. In section Intro-
ductory Concepts the more important initial con-
cepts about image, distortions (noise and blur) and
quality measures are given. Section 3 (Images, Sim-
ulation and Data) outlines the images that are used
and how were constructed the different dataframes.
The exploratory analysis, the methodology, the re-
sults of statistical analyses and an application ex-
ample are presented in section Applications. The
last section, Conclusions, will give an insight to
what was achieved in this work, as well as future
work that could improve the results.

2. Introductory Concepts

2.1. Image

An image is a two-dimensional function given by
I(i, j), where I(i, j) corresponds to the intensity
pixel value for the pixel (i, j). For simplification,
an image I = [I(i, j)] can be enconded as a matrix
of size n×m, where i = 1, ..., n and j = 1, ...,m.

Some of the most frequently used types of im-
ages are: binary, gray-scaled and coloured images.
The pixels of binary images can take only two dis-
crete values, black (0) and white (1). In a gray-
scaled image, the intensity of the pixels range be-
tween 0 and 255, where value 0 represents black
and 225 represents white. Finally, the other type,
is coloured images, which is represented by a RGB
colour model. The colours Red, Green and Blue
are added together in various ways to reproduce a
broad array of colours.

Here, it will be used only gray-scaled and
coloured images.

2.2. Noise and Blur

As mentioned on the previous section, images are
produced to record useful information, but the pro-
cess of capturing an image is imperfect. The re-
sulting image is a degraded version of the original
image. The major types of degradation are: noise
and blur.

• Noise

Noise is a random variation of a image inten-
sity and is visible as grains in the image. It
is introduced in the image mainly during im-
age aquisition or transmission. Noise degrada-
tion means that the pixels in the image cap-
tured Î show different intensity values instead
of true pixel values (Verma and Ali, 2013).
The most common types of noise that arise in
an image are: Impulse Noise, Additive Noise
and Multiplicative Noise. In this work we only
consider two types of noise: Normal Additive
Noise and Speckle Multiplicative Noise, which
are described bellow.

Normal Noise (or Gaussian Noise):

This noise model is additive and follows a
Gaussian distribution, with expected value µ
and variance σ2. Each pixel in the noisy image
Î(i, j) is the sum of the true value I(i, j) and a
random Gaussian distributed noise value ε.

Therefore, the associated model is described in
expression (1).

Î(i, j) = I(i, j) + ε(i, j) (1)

where ε ∼ N (µ, σ2).
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The expression (1) can be expressed by matri-
ces, as

Î = I + ε (2)

where Î, I and ε are matrices with size n×m.
For coloured images I corresponds to a set of
three matrices R, G e B.

A particular case of this type of Noise is a
White Noise which is defined by expression (1)
where ε ∼ N (0, σ2), in other words, the ex-
pected value of the random variable ε is zero.

Speckle Noise:

The Speckle Noise is noticed when the returned
signal from the object has different size. This
type of noise is a granular noise that exists
mainly in medical images and satellite images
(Verma and Ali, 2013). The degraded image
is the result of the multiplication of a random
value S by pixel values of the original image.
The degradation can be expressed as

Î(i, j) = I(i, j) + S(i, j)× I(i, j) (3)

where S is a uniform random variable with ex-
pected value 0 and variance σ2.

Under matrix form, a Speckle Noisy image is
modeled by equation (4).

Î = I + S ◦ I, (4)

where Î, I and S are matrices with size n×m;
and S ◦ I represents the element-wise multipli-
cation between S and I, and therefore it is a
matrix with size n×m too.

• Blur

Blur occurs in an image during the captured
process. Blurring can be caused by relative
motion between the camera and the original
image, or by an optical system that is out of
focus (Trigueirão, 2015).

The mathematical model that explains a
blurred image is more complex than the previ-
ous models regarding noisy images. The model
can be a linear or nonlinear functional, how-
ever here it is assumed a linear model, given
by (Biemond et al., 1990):

B(i, j) = h(i, j) ∗ I(i, j) + ε(i, j), (5)

where B(i, j) is the blurred image and I(i, j) is
the original image; h(i, j) is the blurring func-
tion (point spread function), ∗ indicates the

convolution operator and ε(i, j) is the additive
noise term.

There are different types of Blur. However,
here it is used only a Motion Blur. This kind of
blur occurs when, at the acquisition moment,
an object or the camera moved unexpectadly.

2.3. Image Quality Measures
The goal of objective Image Quality Assessement
(IQA) is to design mathematical models that are
able to predict the quality of an image accurately
and automatically. Based on the availability of a
reference image which is considered to be distortion-
free and have perfect quality, the objective quality
assessment methods can be classified into three cat-
egories:

• Full-Reference image quality assessment (FR-
IQA) – the reference image is fully available;

• Reduced-Reference image quality assessment
(RR-IQA) – the reference image is not fully
available;

• No-Reference image quality assessment (NR-
IQA) – the reference image is not available.

In this paper, we study only FR-IQA, in particu-
lar we have considered 19 image quality measures.
The 19 image quality metrics are summarized in
Table 1.

These quality metrics are categorized into five
groups according to the type of information they
use:

• Pixel Difference-based measures;

• Correlation-based measures;

• Edge-based measures;

• Human Visual System-based measures;

• Spectral Distance-based measures.

Table 1: List of the quality metrics.

Group Abbreviation Description

Pixel Difference-based
SNR Signal to Noise Ratio
PSNR Peak Signal to Noise Ratio
MSE Mean Square Error

Correlation-based
COR Correlation
CCOR Cross Correlation
CZE Czekanowski Distance

Edge-based
PRA Pratt Distance
ESMSE Edge Stability Mean Square Error

Human Visual System-based

HV S Absolute Human Visual System Error
HV S MSE Human Visual System MSE
SSIM Structural Similarity
I SSIM Improved Structural Similarity
V IF Visual Information Fidelity

Spectral Distance-based

SME Spectral Magnitude Error
SPE Spectral Phase Error
SPME Spectral Phase-Magnitude Error
B SME Block Spectral Magnitude Error
B SME Block Spectral Phase Error
B SMPE Block Spectral Phase-Magnitude Error
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The IQMs considered are described with detail
in Pratt (1978), Avcibas et al. (2002), Sheikh and
Bovik (2006), Wang and Bovik (2009), Pedersen
and Hardeberg (2009), Pedersen and Hardeberg
(2011) and Wu et al. (2012).

3. Images, Simulation and Data

This section is going to describe the construction of
the data sets.

The manipulation of the images for this work and
the calculation of the objetive measures were done
using the MATLAB software (MathWorks, 2016).
In particular, to calculate the selected measures we
used the simple MATLAB-based quality assessment
tool (Krasula et al., 2011, 2012). It provides an
intuitive graphical interface for loading the images,
calculating selected metrics and storing the data in
a text file.

Having the previous statistical evaluation work
done by Avcibas et al. (2002) in mind, it is obvious
that it was necessary to create of a useful dataframe
that could clearly express different types and levels
of degradtion.

First, we considered two different images, a gray-
scaled image(P ) and a coloured image (C) – Figure
1, which have been subject of two types of Noise
(Normal and Speckle) and one type of Blur (Mo-
tion).

Figure 1: The original images, P and C, respectively.

For each original image (Figure 1) three noise
groups were created by contaminating the images
with variance σ2 set at σ2 = 0.02, 0.3 and 0.7. The
images obtained are shown in Figures 2 and 3.

Figure 2: Images P and C with Normal Noise, σ2 = 0.02, 0.3
and 0.7),respectively.

Figure 3: Images P and C with Speckle Noise, σ2 = 0.02, 0.3
and 0.7),respectively.

In a similarly way three blur groups were created
by using a filter function with increasing support,
identified by level of distortion i = 1, 2 e 3. The
images obtained are represented in Figure 4.

Figure 4: Images P and C with Motion Blur, i = 1, 2 and 3,
respectively.

For each type and level of degradation, we have
considered groups of 10 test images. Then, the
IQMs are calculated for each setting of 10 im-
ages. Therefore, for each type of degradation, we
obtained dataframes with (19 × 10) × 3 = 570
obervations, given by df.gau, df.spe, df.blu,
df.gau.cores, df.spe.cores and df.blu.cores.

Table 2: Summary of the different datasets used.

Normal Noise

df.gau 570 observations
df.gau.cores 570 observations
df.total.gau 209 observations
df.total.gau.cores 209 observations

Speckle Noise

df.spe 570 observations
df.spe.cores 570 observations
df.total.spe 209 observations
df.total.spe.cores 209 observations

Motion Blur

df.blu 570 observations
df.blu.cores 570 observations
df.total.blu 209 observations
df.total.blu.cores 209 observations

Having these dataframes strutured, six more are
created. For the purpose of evaluating the IQMs
performance, the images (P and C) are contami-
nated with:

• Noise (Normal and Speckle) with variance σ2 ∈
[0, 1], every 0.1 units.;

4



• Motion Blur with eleven different levels of dis-
tortion – i = 1, ..., 11.

Note that the image obtained for noise with σ2 =
0 or distortion with i = 1, is exatly equal to the
original image.

With the contaminated images, the nineteen
image quality measures are calculated again.
So, in this case we obtained the dataframes
df.total.gau, df.total.spe, df.total.blu,
df.total.gau.cores, df.total.spe.cores and
df.total.blu.cores, with (11 × 19) = 209
observations each.

The names and the dimensions of the dataframes
are summarized in Table 2, and in Tables 3 and 4
the struture of the datasets are presented.

Table 3: Structure of the dataframes with 570 observations.

observation j variance i or level i measure a
y1 1 1
... ... ...
y190 1 19
y191 2 1
... ... ...
y380 2 19
y381 3 1
... ... ...
y570 3 19

Table 4: Structure of the dataframes with 209 observations.

variance i or level i measure 1 ... measure 19
1 y1 ... y199
2 y2 y200
... ... ... ...
10 y10 y208
11 y11 ... y209

4. Applications
In this Section we will present the exploratory anal-
ysis performed and the methodology used, as well
as the results obtained using the statistical methods
chosen for this study. And, at the end of this sec-
tion will be described an application example where
the main conclusions of this work are used.

4.1. Exploratory Analysis
The statistical analysis starts with an exploratory
analysis in order to find patterns in the data. For
instance, we used descritive analysis and produced
two type of graphics:

• Value of the Measure vs Variance or Value of
the Measure vs Level of Distortion;

• Median vs Mad.

For the first type we obtain series of measures
that increase or decrease with the variance or with
the level of distortion. The main conclusions, that
are expected, following the idea that the measures

are different and have different implementations, is
that the performance of the measures is influenced
by the image quality. For example, we present in
Figure 5 the series of the values of the of the mea-
sures that evaluate the quality of image P with Nor-
mal Noise.

Figure 5: Value of the measure, with the increasing of the level
of distortion - df.total.gau.

From the analysis of the Figure 5, it is also pos-
sible to conclude that some measures are more ac-
curate than others regarding image evaluation.

On the other hand, the graphics Median vs Mad
enable the possibility to group measures according
to their performance. Again, for example, Figure 6
show the graphic Median vs Mad for the image C
with Speckle Noise.

Figure 6: Median vs Mad - Speckle Noise (coloured image).

Figure 6 indicates the proximity of the following
measures:

• SSIM , PRA and V IF

• CCOR and I SSIM

• SPME and B SPME

• MSE and SME

• ESMSE, SPE and B SPE.
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The same kind of analysis is done for all types of
considered degradations, and the main conclusions
are that the measures have different performances
depending on the variation of the image quality and
that the measures can be grouped regarding their
performance.

4.2. Methodology and Results

Having in mind the principal conclusions that re-
sulted from the exploratory analysis and in order to
do a statistical analysis it is necessary to consider
a specific methodology. Specifically, the methods
that are used in this work are Analysis of Variance
and Clustering Analysis.

According to the initial intuition to group the
IQMs regarding their performance (increasing or
decreasing), the stastitcal analysis begins with clus-
tering analysis, more specifically with hierarchical
clustering.

The hierarchical clustering is about forming
groups of objects in a clustering tree. The re-
sult of this application can be seen throught a tree
structure, where each steps of the algorithm shows
the grouped elements (Johnson and Wichern, 2007;
Kaufman and Rousseeuw, 2008).

Using Clustering of Time Series data, and consid-
ering that the series are the curves shown in Figure
5, that vary in a given range T = [0, 1], and con-
sidering the dataframes with 209 observations (see
Table 2), the following steps are taken:

1. Scale the data;

2. Calculate the distance matrix – using DWT
distance and Correlation distance (for more
details about these distances see, for example
Zhang et al. (2006);

3. Application of a hierarchical clustering
method.

In Figures 7 - 12 the Dendrograms with respect
to the hierachical clustering application are shown.

Figure 7: Normal Noise Dendrogram - 5 Clusters (gray-scaled
image).

Figure 8: Speckle Noise Dendrogram - 5 Clusters (gray-scaled
image).

Figure 9: Blur Motion Dendrogram - 8 Clusters (gray-scaled
image).

Figure 10: Normal Noise Dendrogram - 5 Clusters (colour im-
age).

Figure 11: Speckle Noise Dendrogram - 6 Clusters (colour im-
age).

Figure 12: Blur Motion Dendrogram - 6 Clusters (colour image).

Observing the figures, it is possible to conclude
that the number of clusters depends on the type of
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the degradation in study and the type of the image
(gray-scaled or coloured).

By knowing how the objects (IQMs) are dis-
tributed in the different groups some conclusions
could be drawn. The first division separates increas-
ing performance measures from decreasing perfor-
mance measures, for all situations. Moving down
in the trees, it can be seen that the IQMs are in dif-
ferent groups according to their performance: the
measures that have a better performance (more ac-
curate to avaliate quality) are separated from all
measures with a constant performance.

Therefore it is necessary to evaluate the groups
formed, and for this purpose the Analysis of Vari-
ance (ANOVA) is a better statistical tool.

ANOVA is used to compare the means of more
than two independent Normal distributed groups
(Cook and Weisberg, 1999; Neter et al., 1996;
Ross, 2009). The non-paramentric equivalent of
the ANOVA is the Kruskal-Wallis test, and it is
used when the data does not verify the assumptions
of the parametric test (normality of the population
and homogeneity of the variance) (Conover, 1971;
Spurrier, 2003).

First, it is important to define the hypothesis of
the different tests that are used in this work.

1. Equals mean values in each group:

H0 : µG1
= ... = µGN

vs H1 : ∃i 6=j : µGi
6= µGj

(6)
where µGi is the mean value of the mesaure i
into a fixed group G, and N is the total number
of measures in group G.

2. Mean values of all groups are equal:

H0 : µ1 = ... = µN vs H1 : ∃i 6=j : µi 6= µj (7)

where µi is the mean value of the measures
from group i, and N is the total number of
groups.

It should be noted that the statistic tests are a F
test or a Kruskall-Wallis test with k− 1 and N − k
degrees of freedom. A low p-value (high F value) for
those tests (6) and (7) indicates one should reject
the null hypothesis in favor of the alternative.

In this work we have opted to carry out compar-
ison tests at the 0.05 significance level. Thus, any
test resulting of a p-value under 0.05 would be sig-
nificant, and, therefore, one would reject the null
hypothesis in favor of the alternative.

The p-values are higher than 0.05 and very close
to 1, for all the cases, and this fact indicates that
we should acept the null hypothesis. Therefore, we
can conclude that the obtained clusters are coher-
ent i.e., the measures within each group have equal
performance.

However, the low p-values in Tables 5 and 6, for
the hypothesis test (7) show that the groups have a
different performance in image quality evaluation,
with the exception of the gray-scaled image with
Motion Blur where the p-value obtained is 0.999
and so in this case the groups of the image quality
measures have a similar performance.

Table 5: P-values for hypothesis test (7) – gray-scaled image.

p-value
Normal Noise 0.001
Speckle Noise 0.050
Motion Blur 0.999

Table 6: P-values for hypothesis test (7) – coloured image

p-value
Normal Noise 0.002
Speckle Noise 0.06
Motion Blur ' 0

Having a low p-value, the next step is to do a
multiple comparison procedure. For the parametric
case, we used the statistical Tukey’s test which is
a comparison test to the set of all pairwise means
of every measure. In the non-parametric case the
equivalent test is called a Multiple Comparison Test
(Neter et al., 1996).

The results show again a division between
increasing and decreasing measures. For the
grayscaled images the measures PRA, SSIM ,
I SSIM and V IF are the ones with calculated val-
ues more distant to the others measures. For the
coloured images, the respective measures are PRA,
SSIM and V IF .

To finalize the statistical analysis, the dataframes
with 507 observations (see Table 2) are considered,
to do the following test of hypothesis:

H0 : µ1 = µ2 = µ3 vs H1 : ∃i6=j : µi 6= µj
(8)

where µ1, µ2 e µ3 are the mean value for each level
of degradation considered, and i = j = 1, 2, 3.

The main goal is the identification of these image
quality measures which are most consistent and ac-
curate of the degradation due to noise and blur.

For this case, a low p-value in hyphotesis test (8)
indicates that the measure in study is very sensitive
to the variation of the degradation.

For each cluster, the p-values are compared and
we choose the lowest p-value, and the respective
measure represented the “better” measure, for that
group, to evalute image quality. These measures
are represented by the green colour in Tables 7 and
8.
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Table 7: More accurate measures for each cluster and type of degradation – gray-scaled image.

Clusters
A B C D E F G

Normal Noise
COR
CCOR

PRA

SSIM

I SSIM
V IF

MSE
HV S

HV S MSE

SME

CZE
B SME
SPME
B SPME

ESMSE
SPE
B SPE

Speckle Noise
COR
CCOR

PRA

SSIM

I SSIM
V IF

MSE
HV S

HV S MSE
SME
B SME

CZE

SPME
B SPME

ESMSE
SPE
B SPE

Motion Blur

SSIM

I SSIM
CCOR
PRA

V IF B SPE
B SPME

SPE

SPME
HV S MSE

MSE
HV S
COR

SME

ESMSE
CZE

B SME

Table 8: More accurate measures for each cluster and type of degradation – coloured image.

Clusters
A B C D E F

Normal Noise
PRA
SSIM
V IF

I SSIM

COR

CCOR

SPE
ESMSE
B SPE

CZE
SPME
B SPME
B SME

MSE

HV S
HV S MSE

SME

Speckle Noise
I SSIM

CCOR

PRA
SSIM
V IF

SPE

ESMSE
B SPE

SPME
B SPME

MSE
HV S MSE

SME

COR
B SME
HV S
CZE

Motion Blur
I SSIM

CCOR

PRA
SSIM

V IF

SPE

SPME
B SPE
B SPME

HV S MSE

MSE
HV S
SME
COR

CZE
ESMSE
B SME

4.3. Application Example
The original image E (Figure 13) was contaminated
with Normal and Speckle Noise and Motion Blur.

Figure 13: Image E.

Here, for example, we only presented the case of
image E with Normal Noise (Figure 14).

Figure 14: Image E with Normal Noise, σ2 = 0.02 and σ2 = 0.2,
respectively.

The measures considered in this work are calcu-
lated and the respective results are presented in Ta-
ble 9.

Table 9: Values of the image quality measures that evaluate
image E with Normal Noise.

Normal Noise
Cluster Measure σ2 = 0.02 σ2 = 0.2

A
PRA
SSIM
V IF

0.21
0.22
0.27

0.17
0.05
0.10

B
I SSIM
COR
CCOR

0.94
0.97
0.99

0.67
0.87
0.96

C
SPE

ESMSE
B SPE

0.83
0.86
0.78

0.98
0.91
0.80

D

CZE
SPME
B SPME
B SME

0.10
0.22
0.31
0.15

0.25
0.39
0.53
0.43

E

MSE
HV S

HV S MSE
SME

0.01
0.02
0.001
0.02

0.06
0.22
0.08
0.20

The groups considered in this table follow the re-
sults obtained in this work for the coloured image
with Normal Noise (see Table 8).

According to the results, it is possible to conclude
that the measures that belongs to the same cluster
measure differences with values of the same order
of magnitude.

This result show that it is possible choose one
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measure by cluster to evaluate an image, making
the evaluation process of the image quality be faster
and more eficient.

5. Conclusions
The development of this work had many challenges
and by analysing its full development some conclu-
sions can be retrieved. The major challenge was to
construct a dataset suited to purpose a statistical
analysis to compare different image quality mea-
sures, but let us start from the beginning.

The first step was to investigate about image pro-
cessing. The focus of the study was the image qual-
ity problem. Having established and described the
principal elements (images, degradations and im-
age quality measures), the study proceeded with the
analysis of the constructed dataframes.

The work done in Avcibas et al. (2002) served
as the basis for the statistical approach. However,
the methodology followed is a new approach in the
study of evaluating image quality measures.

Regarding Clustering Analysis, we obtained clus-
ters with image quality measures for each type of
degradation and image (gray-scaled or coloured) in
study. Each cluster has measures with similar per-
formance with the increase of the degradation or
with the decrease of the image quality. It is possi-
ble to conclude that the clusters were different from
the theoretical groups of the measures.

Afterwards, the Analysis of Variance enabled
us to compare and evaluate the obtained clusters.
First, we have concluded that the clusters are co-
herent, and after we compared the measures in each
group to choose the ”better“ measure to represent
each cluster.

In summary, we obtained different clusters for the
different types of images and degradations. And,
mainly, with the choice of the more accurate mea-
sure in each group it will be possible to decrease
the computational time needed in evaluating image
quality.

The mentioned contributions can not be com-
pared to other studies with similar goals because
here we only worked with objective evaluation and
a slightly different approach.

5.1. Future work
Regarding future work, it would be interesting to
apply the statistical analysis used here, with differ-
ent degradations and different types of images, like
face images, textures, and others. Narrowing the
range of images, by type, the database dimension
will be increased and therefore the range of conclu-
sions about the “best” and more accurate measures
to evaluate image quality will be much “better” and
more complete.

Furthermore, one of the most important studies
that can be done after this objective evaluation is

a subjective evaluation. First, subjective experi-
ments can show if the selected IQMs regress well in
the observers opinion about the image quality. Ad-
ditionally, with results of two types of evaluation it
will be possible create models that explain how an
objective evaluation can predict a subjective opin-
ion.
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