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Abstract. Texture is a visual feature frequently used in image analysis
that has associated certain vagueness. However, the majority of the ap-
proaches found in the literature do not either consider such vagueness or
they do not take into account human perception to model the related un-
certainty. In this paper we model the concept of ”coarseness”, one of the
most important textural features, by means of fuzzy sets and consider-
ing the way humans perceive this kind of texture. Specifically, we relate
representative measures of coarseness with its presence degree. To ob-
tain these ”presence degrees”, we collect assessments from polls filled by
human subjects, performing an aggregation of such assessments. Thus,
the membership function corresponding to the fuzzy set ”coarseness” is
modelled by using as reference set the representative measures and the
aggregated data.
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1 Introduction

Texture is being increasingly recognized as an important cue for the analysis of
natural imagery. It is one of the most difficult visual features to be characterized
due to the imprecission of the concept itself. In fact, there is not an accurate
definition for the concept of texture but some widespread intuitive ideas. In
this way, texture is described by some authors as local changes in the intensity
patterns or gray tones. Other authors consider texture as a set of basic items
called texels (or texture primitives), arranged in a certain way [1]. Moreover,
it is usual for humans to describe visual textures according to some ”textural
concepts” like coarseness, orientation, regularity [2]. To describe such concepts,
linguistic labels are used (e.g. coarse or fine can be used to describe coarseness).
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Fig. 1. Some examples of images with different degrees of fineness

The own imprecision of the concept of texture suggests to use representa-
tion models that incorporate the uncertainty. Nevertheless, the majority of the
approaches that can be found are crisp proposals [3] where uncertainty is not
properly taken into account. To deal with the imprecission relative to visual
texture, there are some approaches which introduce the use of fuzzy logic. How-
ever, in many of these approaches, fuzzy logic is usually applied just during
the process but the output do not habitually model the imprecission (being of-
ten a crisp one). Examples of this fact are frequently found in the literature,
like those approaches that use texture to perform image segmentation. A lot of
these approaches use fuzzy clustering [4], fuzzy rules [5], etc. but most of them
have in common that the obtained result is crisp, no matter the intermediate
representation for uncertainty used.

In this paper we focus our study on coarseness, one of the textural properties
most used in the literature which allows to distinguish between fine and coarse
textures. In fact, the concept of texture is usually associated to the presence
of fineness. A fine texture can be considered as small texture primitives with
big gray tone differences between neighbour primitives (e.g. the image in figure
1(A)). On the contrary, if texture primitives are bigger and formed by several
pixels, it is a coarse texture (e.g. the image in figure 1(I)).

In our approach, we propose to model fineness by means of fuzzy sets to
deal with the problem of imprecision found in texture characterization. To do
this, two questions will be faced: what reference set should be used for the fuzzy
set, and how to obtain the related membership functions. To solve the first
question, a set of measures will be automatically computed from the texture
image. To answer the second question, functional relationship between a certain
measure and the presence degree of a textural concept related to it will be found
considering human perception.

The rest of the paper is organized as follows. In section 2 we introduce our
methodology to obtain the fuzzy sets related to fineness textural concept. In
section 3 we show the results of applying the model and the main conclusions
and future work are sumarized in section 4.



2 Fineness Modelling

There are many measures over 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 greater the perception of texture. However, there is no
perceptual relationship between the value given by these measures and the degree
in which the humans perceive the texture. Thus, given a certain value calculated
by applying a measure to an image, there is not an immediate way to decide
whether there is a fine texture, a coarse texture or something intermediate (i.e.
there is not a textural interpretation).

To face this problem, we propose to model the fineness perception as a fuzzy
set defined on the domain of a given measure. Let P = {P1, . . . , PK} be a set
of measures of fineness (e.g. P = {EdgeDensity, V ariance,Entropy}) and let
Tk be a fuzzy set defined on the domain of Pk ∈ P representing the concept of
”fineness”. Thus, the membership function associated to Tk will be defined as1

Tk : R→ [0, 1] (1)

where a value of 1 will mean fineness presence while a value of 0 will mean no
fineness presence (i.e. coarseness presence).

In this section, given a measure Pk ∈ P, we propose to obtain Tk by finding
a functional relationship between Pk and the perception degree of fineness. To
do it, we will use a set I = {I1, . . . , IN} of N images that fully represent the
different degrees of fineness. Thus, for each image Ii ∈ I, we will obtain (a) a
human assessment of the fineness degree perceived, noted as vi, which will be
collected by means of a poll with human subjects (section 2.1), and (b) a value
calculated applying the measure Pk ∈ P to the image Ii, noted as mi

k (section
2.2). From the multiset {(m1

k, v1), . . . , (mN
k , vN )}, the membership function Tk

will be estimated (section 2.3).

2.1 Assessment collection

In this section, the way to obtain a vector Γ = [v1, . . . , vN ] of the assessments
of the perception degree of fineness from the image set I = {I1, . . . , IN} will be
described. Thus, firstly the image set I will be selected. After that, a poll which
allows to get assessments of the perception degree of fineness will be designed.
These assessments will be obtained for each image in I, so an aggregation of the
different assessments will be performed.

The texture image set A set I = {I1, . . . , IN} of N = 80 images represen-
tative of the concept of fineness has been selected. Figure 1 shows some images
extracted from the set I. The selection was done to cover the different percep-
tion degrees of fineness with a representative number of images. Furthermore,

1 To simplify the notation, as it is usual in the scope of fuzzy sets, we will use the
same notation Tk for the fuzzy set and for the membership function that defines it



the images have been chosen so that as far as possible, just one perception degree
of fineness is perceived.

The poll Given the image set I, the next step is to obtain assessments about
the perception of fineness from a set of subjects. From now on we shall note
as Θi = [oi

1, . . . , o
i
L] the vector of assessments obtained from L subjects for the

image Ii. To get Θi, subjects will be asked to assign images to classes, so that
each class has associated a perception degree of fineness.

In particular, 20 subjects have participated in the poll and 9 classes have
been considered. The first nine images in figure 1 show the nine representative
images for each class used in this poll. It should be noticed that the images are
decreasingly ordered according to the presence degree of the fineness concept.
The first class (Figure 1(A)) represents a presence degree of 1 while the ninth
class (Figure 1(I)), represents a presence degree of 0. The rest of the classes
(Figure 1(B)-(H)) represent degrees in the interval (0,1).

As result, a vector of 20 assessments Θi = [oi
1, . . . , o

i
20] is obtained for each

image Ii ∈ I. The degree oi
j associated to the assessment given by the subject

Sj to the image Ii is computed as oi
j = (9 − k) ∗ 0.125, where k ∈ {1, . . . , 9} is

the index of the class Ck to which the image is assigned by the subject.

Assessment aggregation Our aim at this point is to obtain, for each image
in the set I, one assessment vi that summarizes the assessments Θi given by the
different subjects about the presence degree of fineness.

To aggregate opinions we have used an OWA operator guided by a quantifier
[7]. Concretely, the quantifier ”the most” has been employed, which allows to
represent the opinion of the majority of the polled subjects. This quantifier is
defined as

Q(r) =





0 if r < a,
r−a
b−a if a ≤ r ≤ b,

1 if r > b
(2)

with r ∈ [0, 1], a = 0.3 and b = 0.8. Once the quantifier Q has been chosen, the
weighting vector of the OWA operator can be obtained following Yager [7] as
wj = Q(j/L) − Q((j − 1)/L), j = 1, 2, ..., L. According to this, for each image
Ii ∈ I, the vector Θi obtained from L subjects will be aggregated into one
assessment vi as follows:

vi = w1ô
i
1 + w2ô

i
2 + ... + wLôi

L (3)

where [ôi
1, . . . , ô

i
L] is a vector obtained by ranking in nonincreasing order the

values of the vector Θi.

2.2 Fineness measures

In our proposal, the fuzzy set Tk will be defined on the domain of a certain
measure of fineness Pk. Due to the fact that there are many measures in the



literature that characterize the presence of fine texture, a selection of a suitable
set P = {P1, . . . , PK} is needed. In this paper, we propose to use the 18 measures
shown in the first column of table 1 (that includes classical statistical measures
well known in the literature, measures in the frequency domain, etc.).

From the measures shown in table 1, some will have better ability to represent
fineness while others will be worse. Thus, the question of what ability a measure
has to discriminate different presence degrees of fineness needs to be solved,
i.e. how many classes can Pk actually discriminate. To face this question, we
propose to analyze each Pk ∈ P by applying a set of multiple comparison tests
following the algorithm 1. This algorithm starts with an initial partition and
iteratively joins clusters until a partition in which all classes are distinguishable
is achieved. In our proposal, the initial partition will be formed by the 9 classes
used in our poll (where each class will contain the images assigned to it by the
majority of the subjects), as δ the Euclidean distance between the centroids of
the involved classes will be used, as φ a set of 5 multiple comparison tests will
be considered (concretely, the tests of Scheffé, Bonferroni, Duncan, Tukey’s least
significant difference, and Tukey’s honestly significant difference [8]), and finally
the number of positive tests to accept distinguishability will be fixed to NT = 3.

From now on, we shall note as Ck
1 , Ck

2 , . . . , Ck
NCk

the NCk classes that can
be discriminated by Pk. For each Ck

r , we will note as c̄k
r the class representer

value and as v̄k
r the presence degree of fineness associated to Ck

r . In this paper,
we propose to compute c̄k

r as the mean of the measure values in the class Ck
r

and v̄k
r as the mean of the presence degrees of fineness associated to the classes

grouped into Ck
r .

In the case of fineness, table 1 shows the results obtained by applying the
proposed algorithm 1 with the different measures considered in this paper. The
second column of this table shows the number of classes that each measure
can discriminate and the third column shows how the initial classes have been
grouped. Moreover, the columns from fourth to seventh show the representer
values c̄k

r and v̄k
r associated to each cluster. It can be noticed that the measure

that can discriminate a higher number of classes is ED, while the majority of
the measures discern 2 or 3 classes. Furthermore, the measures in the last 4 rows
of table 1 cannot discriminate more than one class, being discarded for later
analysis because of their little representativeness of fineness.

In reference to the the classes joint, note that for most cases the initial
classes 1 and 9 have not been grouped into a greater cluster except in the case
of the measures FD and Tamura. For these measures, the classes 1, 2 and 3 were
grouped into one cluster, which means they cannot discriminate properly the
presence degree of fineness when the texture is getting fine.

2.3 Obtaining the membership function

In this section we will deal with the problem of obtaining the membership func-
tion for the fuzzy set Tk. Concretely, we propose to define such membership



Algorithm 1 Obtaining the distinguishable clusters
Input:

Part0 = C1, C2, . . . , Cn: Initial Partition
δ: distance function between clusters
φ: Set of multiple comparison tests
NT : Number of positive tests to accept distinguishability

1.-Initialization
k = 0
distinguishable = false

2.- While (distinguishable = false) and (k < n)
Apply the multiple comparison tests φ to Partk

If for each pair Ci, Cj ∈ Partk more than NT of the multiple comparison tests
φ show distinguishability

distinguishable = true
Else

Search for the pair of clusters Cr, Cr+1, verifying
δ(Cr, Cr+1) = min{δ(Ci, Ci+1), Ci, Ci+1 ∈ Partk}

Join Cr and Cr+1 on a cluster Cu = Cr ∪ Cr+1

Partk+1 = Partk − Cr − Cr+1 + Cu

k = k + 1
3.- Output: P̃ artk = C1, C2, . . . , Cn−k

function as a linear spline that associates the values given by a certain measure
with the assessments given by the human subjects, i.e.:

Tk(x) =





0 x ≤ x1

f1(x) x ∈ (x1, x2]
f2(x) x ∈ (x2, x3]
...

...
1 x > xNCk

(4)

with fr(x) being a straight line defined as fr(x) = ar
1x + ar

0.
To obtain the parameters of equation 4, the classes resulting from the appli-

cation of the algorithm 1 (that in fact, were obtained considering the ability of
the measure to distinguish the classes originally given by the subjects) will be
used. In this paper, the spline knots will be chosen considering the class repre-
senters, i.e., xr = c̄k

r with xr being the centroid of Ck
r . The function fr(x) will be

obtained as the straight line defined between the points (c̄k
r , v̄k

r ) and (c̄k
r+1, v̄

k
r+1),

with v̄k
r being the fineness degree of presence related to the cluster Ck

r . Thus, the

parameters ar
1 and ar

0 of fr(x) are computed as ar
1 = v̄k

r+1−v̄k
r

c̄k
r+1−c̄k

r
and ar

0 = v̄k
r− c̄k

rar
1,

respectively.
The way the spline is defined allows to ensure that, for the representer values

c̄k
r of each class, the membership function returns the mean assessment given by

the subjects to that class (i.e., Tk(c̄k
r ) = v̄k

r ). From this point of view, fr(x) may



Measures NCk Classes (c̄4, v̄4) (c̄3, v̄3) (c̄2, v̄2) (c̄1, v̄1) RMSE

Tamura[9] 3 {1-3,4-8,9} - (2.76,1) (3.28,0.375) (3.61,0) 0.239
FD[10] 3 {1-3,4-8,9} - (3.04,1) (2.65,0.38) (2.39,0) 0.239
ED[11] 4 {1,2-4,5-8,9} (0.374,1) (0.34,0.75) (0.31,0.31) (0.269,0) 0.280
Correlation[12] 3 {1,2-8,9} - (0.154,1) (0.579,0.5) (0.817,0) 0.283
Weszka[13] 3 {1,2-8,9} - (0.153,1) (0.102,0.5) (0.051,0) 0.364
Wu[14] 3 {1,2-8,9} - (31.5,1) (21.2,0.5) (10.5,0) 0.366
Amadasun[15] 2 {1-8,9} - - (11.1,1) (30.8,0) 0.469
LH[12] 2 {1-8,9} - - (0.102,1) (0.202,0) 0.481
DGD[16] 2 {1,2-9} - - (14.5,1) (4.1,0) 0.487
SRE[17] 2 {1-8,9} - - (0.986,1) (0.933,0) 0.487
SNE[18] 2 {1-8,9} - - (0.785,1) (0.564,0) 0.493
Newsam[19] 2 {1-8,9} - - (19.1,1) (17.4,0) 0.512
Entropy[12] 2 {1-8,9} - - (9.02,1) (8.42,0) 0.532
Uniformity[12] 2 {1-8,9} - - (0.0002,1) (0.0004,0) 0.566
Contrast[12] 1 - - - - - -
Variance[12] 1 - - - - - -
FMPS[20] 1 - - - - - -
Abbadeni[2] 1 - - - - - -
Table 1. Number of classes, grouped clusters, representers of the obtained classes and
RMSE found by applying the membership function related to each measure

be considered as a function that represents the transition between the classes
Ck

r and Ck
r+1.

The above approach has been used to define the membership functions Tk,
with k = 1, . . . , 18 corresponding to the 18 measures considered in this paper.
To do it, the class representer values c̄k

r and the corresponding assessment values
v̄k

r shown in table 1 have been used. These functions have been applied to each
image Ii ∈ I and the obtained value has been compared with the one assessed by
human subjects. Table 1 shows the RMSE obtained for the different fuzzy sets
considered in this paper. This table has been sorted according to least RMSE,
where the less the RMSE, the better the performance of the fuzzy set.

3 Results

The function Tk obtained for each measure (defined by the parameter values
shown in table 1) has been applied to different real images. Table 2 shows three
real images with different perception degree of fineness. For each image and each
measure, this table shows the value obtained by the related function and the error
obtained when comparing this value with the assessment value given by subjects
(by computing the difference between both of them). It can be noticed by looking
the results shown in this table that our model allows to represent appropriately
the perception of fineness. Note that the values given by the different functions
are similar to the corresponding assessment degree for most of the obtained
functions. This is particularly noticed for extreme fineness degrees of presence



Assessment Assessment Assessment
Value=0 Value=0.5 Value=1

Measure Value Error Value Error Value Error

Tamura 0 0 0.510 0.010 1 0
FD 0 0 0.641 0.141 1 0
ED 0 0 0.406 0.094 1 0
Correlation 0 0 0.519 0.019 1 0
Weszka 0 0 0.562 0.062 0.959 0.041
Wu 0 0 0.620 0.120 1 0
Amadasun 0 0 0.976 0.476 1 0
LH 0 0 1.000 0.500 1 0
DGD 0 0 0 0.500 0.952 0.048
SRE 0 0 1.000 0.500 1 0
SNE 0 0 0.929 0.429 1 0
Newsam 0 0 0.983 0.483 1 0
Entropy 0.030 0.030 1.000 0.500 1 0
Uniformity 0.518 0.518 1.000 0.500 1 0

Table 2. Estimated and error values obtained by applying the proposed model to three
real images

(first and last columns in table 2) while for intermediate degrees (central column
in table 2) higher errors are obtained, specially for those measures found in the
last rows (corresponding to measures with high RMSE in table 1).

Table 3 shows a comparative between our model and the assessments ob-
tained from subjects for a mosaic image. The first column of this table shows
the mosaic image made by several images, each one with a different increas-
ing perception degree of fineness. The second column shows the number of the
subimage considered from left to right and from top to bottom. The third col-
umn shows the assessments given by humans for the different images. The fourth
column shows the perception degree of fineness obtained by applying our model
using the Tamura measure (the one with least RMSE according to table 1). The
fifth column shows the difference between the computed degree and the human
assessment. In the case of the sixth column we calculate the differences between
the assessment given by each subject and the computed degree, and we obtain
as error measure the mean from these 20 differences. Finally, the average errors
shown in the last row with values of 0.011 and 0.110 show the goodness of our
approach to represent the subjectivity found in fineness perception. It can be
noticed that our model captures the evolution of the perception degrees of fine-
ness. Let us remark that when very fine textures are found, the assigned value is



Image Human Estimated Error #1 Error #2
Assessment(H) Value (V) (|H − V |)

1 0 0 0 0
2 0.125 0.089 0.036 0.057
3 0.250 0.237 0.013 0.023
4 0.375 0.376 0.001 0.094
5 0.500 0.501 0.001 0.011
6 0.625 0.626 0.001 0.053
7 0.750 0.948 0.198 0.562
8 0.875 1 0.125 0.135
9 0.960 1 0.040 0.052

Avg: 0.011 Avg: 0.110
Table 3. Errors obtained from a mosaic image for the Tamura measure

1 which is due to the fact that the Tamura measure had grouped the first classes
into one cluster.

4 Conclusions and future works

In this paper, a methodology to represent the fineness concept by means of
fuzzy sets has been proposed. To define the membership function associated to
the fuzzy set, the functional relationship between a given measure (automati-
cally computed over the image) and the perception degree of fineness has been
achieved. In order to obtain the perception degree of fineness, a group of hu-
man subjects have been polled and their assessments have been aggregated by
means of OWA operators. The functions presented in this paper allow to decide
whether there is fine, coarse or intermediate texture, splitting the domain into
some perceptual meaningful intervals. The results given by our approach show
a high level of connection with the assessments given by subjects.

As future work, we will extend the proposed approach to obtain membership
functions on Rn, i.e. functions on vectors of measures. Furthermore, the per-
formance of the fineness functions will be analyzed in applications like textural
classification or segmentation.
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