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ABSTRACT

There are a wide variety of measures in the literature that
capture the ”coarseness” texture property. Some of them have
better ability to represent coarseness than the others. Further-
more, some of them are more robust against the variation of
other image features, like brightness, contrast, noise and size
of the image. In this paper, we propose to study the robustness
and the relationship with human coarseness perception of 17
classical measures of coarseness, in order to obtain a ranking
of measures. This ranking can be used to identify those mea-
sures that have the highest relationship degree with perception
and the least variation with the other image features.

Index Terms— Image features, textural features, human
perception, visual coarseness, fineness

1. INTRODUCTION

Texture is, together with color and shape, one of the most
used feature for image analysis. It is usual for humans to
describe visual textures according to some textural proper-
ties likecoarseness/fineness, orientationor regularity [1, 2].
From all of them, thecoarseness/finenessis the most popular
one, being common to associate the presence of fineness with
the presence of texture (let us remark that ”coarseness” and
”fineness” are opposite but related textural concepts). In this
sense, afine texture corresponds to small texture primitives
(e.g. the image in figure 1(A)), whereas acoarsetexture cor-
responds to bigger primitives (e.g. the image in figure 1(C)).

There are many measures in the literature that, given an
image, capture the fineness (or coarseness) presence in the
sense that the greater the value given by the measure, the
coarser/finer the texture is [3]. Though most of the measures
used nowadays were developed in the early nineties, they are
achieving a growing interest due to applications in fields like
image retrieval, where low level features like texture are the
basis for the description of visual content (e.g. MPEG-7 de-
scriptors) or for learning new concepts. In addition, new mea-
sures have been proposed during all this time.
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Hence, there are several options for choosing a coarseness
measure. The question is, which of them have better ability to
represent coarseness, i.e., to accomplish with human coarse-
ness perception? In particular, if we had a texture image set
ordered by human subjects according to the coarseness prop-
erty , we may expect a similar order if we use the computed
values. Furthermore, it is desirable that the value given by a
coarseness measure doesn’t change with the variation of other
image characteristic, like brightness, contrast, noise and size.

There are several papers in the literature where texture
measures are compared [4]. However, most of these ap-
proaches do not study only coarseness measures, but a vector
of measures as a whole (generally for classification purposes),
and they dont take into account information about human
perception of texture. One of the first papers where textural
measures are analyzed taking into account human percep-
tion was presented by Tamura [2]; nevertheless, Tamura’s
work evaluated the degree of relationship between a single
measure of coarseness and human perception. He does not
provide neither a comparison between different measures
of coarseness, nor an assessment about the robustness of
these measures. The same limitation is found in a similar
and more recent approach [5]. In other papers [6] the re-
lationship with human perception is analyzed and different
measures are compared, but they don’t use the coarseness
property. In [7] the authors do not identify as fundamental
the coarseness property, but they focused the study in terms
of image similarity, where object identification by subjects
in terms of background knowledge cancel the importance
of the object size (related to coarseness); in addition, as we
have already explained, there are other tasks, like image de-
scription or retrieval, where coarseness has come up as a
fundamental property. Moreover, in all these approaches that
analyze the goodness of texture measures considering the
human perception, the robustness against the image charac-
teristic (brightness, contrast, noise and size) is not taken into
account. From our knowledge, there are not studies in the
literature where the robustness and the relationship with per-
ception are analyzed together in order to compare different
coarseness measures.

In this paper, we analyze a set of 17 classical coarse-
ness measures taking into account the relationship with hu-



Fig. 1. Some examples of images with different degrees of
coarseness

man coarseness perception as well as the robustness against
brightness, contrast, noise and size. Thus, we will give a
ranking, that will allow to identify those measures that have
the highest relationship degree with perception and the least
variation with the other image characteristics. The rest of the
paper is organized as follows. The methodology used in our
comparative study is described in section 2. The results and
ranking are presented in section 3. Finally, the main conclu-
sions are summarized in section 4.

2. METHODOLOGY

In this section, we introduce the methodology used in our
comparative study of coarseness measures, which will be
based on both (a) a study of the robustness against brightness,
contrast, noise and size, (section 2.1), and (b) a study of the
relationship with human coarseness perception (section 2.2).
As result, a ranking of coarseness measures will be obtained.

From now on, we will noteP = {P1, . . . , PK}, with
K = 17, the set of coarseness measures analyzed in this
paper, that are shown in Table 1. This set includes classi-
cal statistical measures, frequency domain approaches, fractal
dimension analysis, etc. In our study, these measures will be
applied to a set of images; letI = {I1, . . . , IN} be the set
of N = 80 images selected in this paper as representatives
of the concept of coarsenes. Figure 1 shows some images ex-
tracted from the setI. The selection was done to cover the
different perception degrees of coarseness with a representa-
tive number of images. Furthermore, the images have been
chosen so that as far as possible, just one perception degree
of coarseness is perceived1. From now on, we will notemi

k

the value calculated by applying the measurePk ∈ P to the
imageIi ∈ I.

2.1. Study of the robustness

In this section, the methodology used to study the robustness
against changes in several image characteristics is described.

1Let us remark that it is not our intention to consider 3D aspects of mod-
eling textures [8], but the actual perception in a 2D image as would be ex-
pressed by a human user when looking at the static information present in
the image. In this framework, we understand coarseness as directly related
to width in number of pixels and, therefore, a zoom of an image (change in
scale) will have a higher coarseness.

2.1.1. Robustness against brightness, contrast and noise

In order to study the robustness of a coarseness measure
against brightness, contrast and noise, we will analyze the
stability of the measure when each characteristic is pro-
gressively changed. To change a given characteristic, a
parameterr, that is different in each case, will be set. In
the case of brightness,r is the value added to each pixel
of the image, that is, iff(x, y) is the original value of
the pixel, the value after change the brightness will be
g(x, y) = f(x, y) + r. In the case of contrast, the parameter
r is the multiplicative factor in the transformation defined
asg(x, y) = (f(x, y) − 128)r + 128. Finally, in the study
of noise, we will add a zero mean gaussian noise with the
standard deviation as parameter.

From now on, we will notemi,r
k the value obtained by ap-

plying the measurePk ∈ P to the imageIi ∈ I after chang-
ing the characteristic (brightness, contrast or noise) with the
parameterr. Ideally, the value of the measure should remain
almost constant when the parameterr varies slightly, that is,
we expect thatmi,r

k ≈ mi
k if r is small. But, for each measure

Pk ∈ P and each imageIi ∈ I, there is a critical value ofr,
that we will noterc, at whichmi,r

k starts to change dramati-
cally. Thus, this value delimits the interval of possible values
of r where the measure is stable.

In order to obtain this critical valuesrc, we firstly cal-
culate an accumulated error function defined asAEi

k(x) =∑r=x
r=0 (mi,r

k −mi
k). Then, the Laplacian of Gaussian filter

(LoG) is applied to this function, andrc is calculated as the
value where the first significant local maximum of the LoG
function is reached (a maximum is considering ”significant”
if it is at least a quarter of the global maximum). For each
measurePk and image inI, the interval[rs, rc] will give us
the set of values where the measure is stable, withrs being
the initial parameter value (corresponding to ”no change”).
For each measurePk, a ”range of stability” (RoS) for a given
characteristic will be calculated as the mean (overI) of the
lengths of those intervals. We will use this ”range of stabil-
ity” as a goodness measure of the robustness ofPk.

In the study of brightness, we have changed the parame-
ter r from 0 to -250 and from 0 to 250, in steps of -10 and
10, respectively. Then, two valuesrc are calculated, one for
positive values ofr and another one for negative values. To
study the contrast, the parameterr has been increased from
1 to 21.113 multiplying by 1.1, and has been decreased from
1 to 0.047 by dividing by 1.1. Thus, two valuesrc are cal-
culated (for increasing and decreasing cases). In the study of
noise, the parameterr (the standard deviation of the gaussian
noise) is changed from 0 to 15 in steps of 0.2. In this case,
only one value ofrc is calculated.

2.1.2. Robustness against image size changes

To analyze if the values obtained for each measure are in-
dependent of the image size, windows of different sizes are



taken from the images inI and the values of the measures
for these sizes are compared. For each image inI, a set of
100 equidistributed windows of each size are considered, us-
ing the mean of the measure values as the representative value
of this size. This way, we calculate this representative value
for each image with all the possible sizes between128× 128
and64× 64. For each image, we obtain the difference of the
values between all these possible sizes and we calculate the
percentage of this difference with respect to the value of the
original measure of this image (the one with size128× 128).
If this percentage is greater than the 5% in any case, we con-
sider thatPk is size dependent.

2.2. Study of the relationship with perception

The objective of this study is to identify the measures that
best accomplish the human coarseness perception. For this
purpose, we will compare the image ordering given by the
measures values with the ordering given by human subjects
To obtain human assesements about coarseness perception,
subjects will be asked to order the image setI according to
the perception degree of coarseness. Since the number of im-
ages is large and there are quite a lot of them with a similar
perception degree of coarseness, we allow to order the im-
ages by assigning them to classes, where each class has asso-
ciated a perception degree in increasing order. In particular,
20 subjects have participated in the poll and9 classes have
been considered.

For comparing with the order given by the pool, the val-
uesmi

k obtained for each measurePk ∈ P are ranked. Then,
a rank statistic is used for testing the relationship between the
rank given by the subjects and the rank obtained for each mea-
sure. For this purpose, we have chosen theSpearman’s rank
correlation coefficient[19], which is widely used to solve this
kind of problems.

3. RESULTS

The results of the comparative study are shown in Table 1,
that has been sorted in decreasing order of the ninth column.
The second, third and fourth columns of this table show the
”range of stability” for brightness, contrast and noise, respec-
tively. In the case of the contrast, the values are expressed
on a logarithmic scale using a base 1.1 (the multiplicative
step). The fifth column shows if the measure is image size
dependent or not. As we can see, four of them are affected
by the size, so these measures are not taken into account in
the following. The Spearman’s rank correlation coefficients
are shown in the sixth column. The measure ofvariancehas
an extremely small coefficient, so it is also rejected. The sev-
enth column shows the ”robustness score”, that is obtained
by combining the information of columns 2, 3 and 4. To do
this, the values of the three column have been normalized by
the maximum, obtaining not only a rank of measures for each

column but also a relative distance among them. Thus, the
”robustness score” of each measure is obtained as the mean
of the three normalized values. The eighth column shows the
”perception score”, that is obtained by normalizing the sixth
column (Spearman’s rank correlation) by the maximum. Fi-
nally, the ”final score” is obtained as the mean of the ”robust-
ness score” and the ”perception score” (ninth column).

From these results, we can conclude that the two best
measures of this study areCorrelation and Tamura, with a
similar ”final score”. The first one has obtained best results
in the study of perception, while the second one is the best in
the study of robustness. The third measure in the ranking is
ED, that has the best ”perception score”, but has poor results
in robustness. Something similar happens with the measure
of Amadasun, that is the fourth in the ranking. The measures
of AbbadeniandFD (the fifth one and the sixth one) have an
intermediate score in robustness and perception. The results
obtained for the other measures are very poor in both studies.

4. CONCLUSIONS

In this paper, we have obtained a ranking of coarseness mea-
sures based on their relationship with perception and their ro-
bustness against the variation of brightness, contrast, noise
and size of the image. For this purpose, 17 classical measures
of coarseness have been analyzed. In order to study the re-
lationship with perception, the values obtained by applying
each measure to a set of images have been compared with the
perception degree of coarseness of these images by means of a
rank correlation coefficient. Pools have been used for collect-
ing data about the human perception of fineness. In the study
of robustness, we have analyzed the variation of the values
of each fineness measure when the brightness, contrast, noise
and size of the image are changed. From this comparative
study, we conclude that six of the coarseness measures have a
suitable behavior:Correlation, Tamura, ED, Amadasun, Ab-
badeni and FD.
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