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Abstract. The present work presents a novel solution to provide de-
scriptors of a texture image with application in the classification of such
images. The proposed method is based on the lacunarity measure of an
image. We apply a multiscale transform over the power-law relation of
lacunarity and extract the descriptors from a window of the multiscale
transform selected whose limits are determined empirically. We compare
the classification accuracy of the proposed method with other state-of-
the-art and classical texture descriptors found in the literature. We also
do a brief theoretical summary of lacunarity definition, explaining its
excellent performance comprobed in the results.
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1 Introduction

Nowadays, we see a growing use of fractal theory in many applied areas, such as
Biology [12,15], Medicine [16,13], Engineering [18], among many others. Indeed,
fractal theory provides a solid and rich framework for the analysis of structures
presenting some kind of self-similarity patterns. This is plentifully found in nat-
ural objects and scenarios, studied in natural and physical sciences.

An interesting aspect of fractal literature is that most applications is still
based only on the fractal dimension concept. Despite the fact that this metric
may model many problems with a good efficiency, it still suffers from serious
drawbacks, for instance, the fact that quite distinct structures may present the
same fractal dimension once it follows the same self-similarity law. Another point
is the questionable efficiency of a single parameter dictating the whole model of a
complex system. This situation is evident in digital image analysis, the problem
focused here. In this application we usually find complex patterns, often turned
still more complex due to noises and other artifacts we must deal with.

Lacunarity was defined in [8] as an alternative metric for fractal objects
and posteriorly generalized to other “fractal-like” structures. Roughly speak-
ing, while fractal dimension measures the spatial filling of a fractal, lacunarity
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measures the spatial gapping of the same object. This measure is capable of
distinguishing in an elegant fashion between two objects with the same frac-
tal dimension but with different aspect. Thus, although literature still explores
maidenly lacunarity concept [6,5,10], it is a worth complement of fractal di-
mension as a descriptor of structures, like those present in the images analyzed
here.

For the same reason mentioned as a possible cause of failure of the fractal
dimension use, the use of the simple lacunarity measure may demonstrate to be
inefficient in most image analysis problems. With the goal of filling this gap, we
propose the development and study of a novel approach capable of providing a
set of descriptors based on the lacunarity measure. This is achieved by applying
a space-scale transform to the lacunarity power-law associated to the self-similar
aspect of the object. In this way, we obtain a group of measures representing
the lacunarity computed over different scales, emphasizing at each scale, dif-
ferent patterns and sub-patterns, details and irregularities. This constitutes a
rich source of information about the composition and pixel distribution inside
the image. Moreover, the multiscale transform binds the mathematical fractal
model to the biological visual system, once such system employs widely a multi-
scale paradigm to extract details which will allow the discrimination of different
objects.

The proposed methodology was tested in a discrimination task over the well-
known Brodatz texture image dataset [3]. As waited from the theoretical con-
text, the novel method achieved the best results when compared with classical
texture descriptors methods. These results confirmed the efficiency of the pro-
posed model as a powerful discriminator of objects even presenting a high level
of complexity and noises inherent to the image generation process. Finally, the
results point to the need for a deeper study of lacunarity concept in its possible
applications in fractal modelling.

2 Lacunarity

Lacunarity is a concept defined in [8] to characterize fractal objects which despite
having the same fractal dimension, present a quite dissimilar aspect, relative to
their spatial distribution.

The literature shows a lot of algorithms employed in the estimation of lacu-
narity from the digital image representation of a shape [1]. Here we apply an
adaptation of gliding-box method, originally proposed in [1] to the computa-
tion of lacunarity of texture images. The idea is initially to map the gray-level
representation I : [M,N ] → � onto a surface S, in the following way:

S = {i, j, f(i, j)|(i, j) ∈ [1 : M ]× [1 : N ]}, (1)

where:
f(i, j) = {1, 2, ..., IM}|f = I(i, j), (2)

where IM is the maximum gray-level intensity present in the image.
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In the following step, we apply a threedimensional version of gliding-box
algorithm to the surface. In this method, we construct a rectangular prism
R : [1 : M ] × [1 : N ] × [1 : IM ] supporting the surface. Thus we devide such
space into cubes with sidelength r, varying this value of r. For each r value,
we can calculate the distribution Q(s, r) corresponding to the mass probability
distribution:

Q(s, r) =
n(s, r)

N(r)
,

where n(s, r) is the number of boxes, with side r, containing s points of the
surface representing the object whose lacunarity we must estimate and N(r) is
the total number of box with side r. The number s is also known as the mass of
the box. The Figure 1 illustrates the gliding-box process.

Fig. 1. Steps in the gliding-box method. From left to right, the original texture, the
mapped 3D surface and the division of 3D space into cubes with sidelength r.

From the probability distribution, we may calculate the first and second mo-
ment Z1 and Z2 in a straightforward way:

Z1(r) =

smax∑

s=1

sQ(s, r)

and

Z2(r) =

smax∑

s=1

s2Q(s, r).

From the moments we obtain the quotient Λ(r):

Λ(r) = Z1(r)/Z2(r).

Finally, the lacunarity is calculated through the derivative:

λ =
d log(Λ(r))

d log(r)
.
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In practice, the lacunarity is usually estimated by plotting the curve Λ(r)× r in
a log-log scale and taking the slope of the straight line which may be fit to this
curve.

3 Lacunarity Texture Descriptors

The proposed idea is based on the concept of fractal descriptors, presented in
[4,7]. Thus, the method consists in computing the lacunarity of an object, here a
texture image, at different scales and taking these values to compose the object
descriptors.

More formally, the values at multiple scales may be represented as a function
u(t):

u(t) : log(r) → log(Λ(r)),

where t now is the independent variable analog to log(r). In fractal descriptors
approach, this function might be used diretcly or after some kind of specific
post-processing depending on the particular application.

Here, in order to emphasize nuances in the function u(t) which provides rich
information of the texture image, we apply a multiscale transform to this func-
tion. Such kind of transform is represented by U(b, a) where b is related to t
and a is the scale at which the measure is taken. In this work, we use a par-
ticular multiscale method named space-scale. This is based on the derivative of
u(t) followed by the convolution with a Gaussian filter aiming at attenuating
possible noises emphasized by the derivative. Then, the descriptors function D
is provided through:

D(σ) =
du

dt
∗ gσ(t).

In this expression, gσ states for the well-known Gaussian function:

gσ(t) =
1√
2πσ

exp(−t2/2σ),

where σ is the smoothing parameter.
Finally, the lacunarity descriptors are extracted from the set of values ofD at a

specific value of σ and thresholded at a specific point, once the last descriptors are
more susceptible to noise influence. Both values of σ and the threshold delimiter
τ of the descriptors are determined empirically in each particular application.
The Figure 2 shows the potential of the proposed descriptors in discriminating
among texture samples from different classes.

4 Experiments

The experiments to verify the efficiency of the proposed technique is carried out
over a classical gray-level texture dataset, namely, the Brodatz basis [3]. This
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Fig. 2. Discrimination power of lacunarity descriptors. Three classes with 2 textures
in each one and respective descriptors. Observe the visual distinction provided by the
proposed descriptors.

Fig. 3. Some texture samples from Brodatz dataset. Each image is from one different
class.

is composed by photographs of natural scenes split into 200 × 200 windowed
images. Each original photograph corresponds to a class and each window image
to a sample. The databasis contains 111 classes with 10 samples in each one.
The Figure 3 shows some image samples from the dataset.

We extract the proposed descriptors as well as other texture descriptors well-
known in the literature from each image. Beyond the lacunarity descriptors, we
also applied Gabor wavelets [14], Fourier [9], Bouligand-Minkowski [2], GLDM
[17] and multifractal [11] descriptors. We classify such descriptors by K-Nearest
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Neighbor classifier method, in a hold-out scheme, with K = 1, determined em-
pirically. Finally, we compare the classification accuracy of each tested approach.

5 Results

The Table 1 shows the results in terms of success rate for each compared de-
scriptor. For the proposed method, we used σ = 0.1 and a threshold τ = 18.
We notice that lacunarity descriptors presented a significant advantage over the
state-of-the-art Gabor wavelets descriptors. Another interesting point is that the
proposed method uses only 18 descriptors. This reduced amount constitutes an
important statistical and computational advantage once turns possible a faster
computational performance and attenuates significantly any effect related to the
dimensionality curse, when a large number of descriptors dissipates the discrim-
ination ability.

Table 1. Correctness rate for Brodatz dataset

Method Correctness Rate (%) Number of descriptors

Gabor 81.2613 20
Fourier 63.7838 74
GLDM 52.2523 20

Multifractal 35.1351 101
Bouligand-Minkowski 47.5676 85
Proposed method 85.5856 18

Actually, the good performance of lacunarity descriptors was predictable,
given that lacunarity is a fundamental measure associated to fractal charac-
teristics broadly present in real-world images. As we are dealing with objects
which are not real fractals strictly speaking, the lacunarity presents, in some
sense, an irregular behavior along different scales. Thus, the multiscale trans-
form highlights this aspect of imperfect power-law, providing, in this way, a
valuable information of levels of lacunarity along the scales of the image. Ul-
timately, such lacunarity scale pattern is directly related to the psycho-visual
and physical characteristics of the object represented in the texture image.
So, the discrimination power is an immediate consequence of such inherent
characteristics.

Finally, in the Figure 4 we show the confusion matrices for the two best
methods, that is, Lacunarity and Gabor descriptors. In this figure, each point
color corresponds to the number of samples pertaining to the class in vertical
axis and classified as being from the class in the horizontal axis. So, the success
predictions are represented in the principal diagonal while the errors are outside
the diagonal. Observe that, in this case, both matrices are not so different, but
the Gabor matrix shows a greater number of brighter points outside the diagonal,
indicating a higher number of missclassifications, confirming the results in the
Table 1.
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(a) (b)

Fig. 4. Confusion matrices of the methods presenting the best performances. At left,
the proposed lacunarity descriptors. At right, Gabor descriptors. Each color repre-
sent the number of samples pertaining and assigned to a class, following the colorbar
notation.

6 Conclusion

This work proposed a novel texture descriptor technique based on the concept
of lacunarity. We obtained such descriptors by applying a multiscale transform
to the lacunarity computation, followed by selecting empirically a region from
the multiscale response.

We compared the efficiency of the novel method with other classical and state-
of-the-art texture descriptors in the classification of a benchmark dataset. The
proposed descriptors presented the best performance in terms of classification
accuracy. The results confirm the expectation from fractal theory. Indeed, the
proposed technique demonstrates in practice that has a large potential for mod-
elling, discriminating and describing the most complex patterns present in a
real-world image.

The efficiency of the novel descriptors encourages to a deeper research for the
properties of lacunarity measure in the analysis of digital images. Besides, it
is comprobed that lacunarity descriptors have a large potential to be tested in
applications involving image pattern recognition and computer vision in many
areas of the science.
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