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Abstract. We propose the application of symmetry for texture classiﬁcation. First we propose a feature vector based on the distribution of
local bilateral symmetry in textured images. This feature is more eﬀective in classifying a uniform texture versus a non-uniform texture. The
feature when used with a texton-based feature improves the classiﬁcation rate and is tested on 4 texture datasets. Secondly, we also present
a global clustering of texture based on symmetry.

1

Introduction

Symmetry is a prevalent perceptive feature for humans. For instance, the human
face or body is approximately symmetric, a quality that is exploited to assist in
face recognition and facial feature detection. Symmetry is said to be important
in perception. Several psychological studies have been performed to show it.
Psychologists of the Gestalt school have assigned a relevant role to symmetry
in attentive mechanism both in visual and auditory systems [6]. For example,
psycho-physical experiments show that infants (1-2 years old) tend to ﬁxate
symmetrically around an arbitrary single distinctive stimulus (i.e. corners of a
triangle).
Where has symmetry been used? It has been used to ﬁnd interest points, to
determine symmetry axis [14,12,10,9,5]. Classiﬁcation was done based on global
symmetry of the image, but never on the distribution of the local symmetries.
Detected symmetry has been used in ﬁnding lines in images [4]. Recently a global
model based on aﬃne symmetry between structural textures at a local level has
been developed in a multiresolution framework for multiscale analysis, by which
the self similarity of the image is exploited across space and scale [11].
What is meaningful in textured man-made structures is the property of being
symmetrical, like correspondence in size, shape, and relative position of parts
on opposite sides of a dividing line or median plane or about a center or axis.
Figure 1 shows some examples of man-made structures which have symmetry.
Zavidovique et al. [14] have proven that, in any direction, the optimal symmetry axis corresponds to the maximal correlation of a pattern with its symmetric
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Fig. 1. Symmetry in famous Man-made structures

version. In particular, in this paper we deal with bilateral symmetry, a measure
obtained by using correlation with the ﬂipped image around a particular axis.
The paper consists of two parts: the ﬁrst one about using symmetry for texture classiﬁcation and the second one about using symmetry for clustering textures. Symmetry can be used to distinguish between texture which are uniform
and textures which are complex. We will discuss ﬁrst about single-scale symmetry distribution and extend it to multi-scale. We shall then mention about a
new symmetry based feature vector. The symmetry is extracted from diﬀerent
patches over the image and the feature vector is formed using the symmetry,
angle distribution and other patch properties. We used our symmetry based feature in combination with a texton–based method [7] for texture classiﬁcation on
four standard texture datasets. We also present a new feature vector based on
symmetry. The symmetry is extracted from diﬀerent patches over the image and
the feature vector is formed using the symmetry, angle distribution and other
patch properties.

2
2.1

Texture Classification Using Symmetry
Single Scale Symmetry

Symmetry of a patch around each pixel is found as follows. Any image is resized
to have diagonal size of 256 pixels and the patch size is 12 × 12. The symmetry
is calculated by the following steps shown in Algorithm 1.
Input: Set of points
Output: Symmetry distribution
foreach 12 × 12 Patch around a point i do
foreach Rotation theta do
1. Normalize the patch;
2. Find the correlation between the rotated patch and its reﬂected
patch around y–axis;
end
Find the maximum symmetry value and corresponding angle;
end
Algorithm 1: Calculation of single scale symmetry distribution
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The range of the symmetry value is between 0 and 1, with 1 as maximum
symmetry. In order to use symmetry to represent texture, it is necessary to see
if the symmetry distribution for an image is rotation invariant. To see this we
tested the symmetry distribution of some images with their rotated versions.
This can be seen from the following ﬁgures. The symmetry is obtained as the
maximum over 8 diﬀerent patch rotations. Figure 2 shows the distribution of
symmetry and the corresponding angle at which maximum symmetry is detected.
The angle distribution is further sorted to make it rotation invariant.

Fig. 2. Single scale symmetry distributions for some textures

2.2

The New Multiscale Feature Vector

Firstly, the image is whitened in the range [0, 1] by removing the mean. Next for
every point in the image, the following four diﬀerent parameters are extracted
from three diﬀerent patch sizes ( 12 × 12, 24 × 24, 36 × 36).
1. Multiscale symmetry for the patch at three scales
2. The maximum direction for the symmetry along each of the three scales
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3. The mean intensity of the patch for each scale
4. The entropy of the patch for each scale (calculated in terms of dit (log10))
Two feature vectors are then constructed:
1. One for the points having mean intensity <0 and
2. Another having mean intensity>=0.
Each feature vector consists of
1. Distribution of symmetry with 11 histogram bins in the range [0, 1], with
bin width 0.1.
2. Sorted distribution of symmetry directions. (14 diﬀerent directions are used)
3. Distribution of entropy with 5 bins in the range [0, 0.6], with bin width
0.15
Thus, the dimension of feature vector is 3 × (11 + 14 + 5) × 2 = 180 (3 is
the number of scales). The details of the feature vector are shown in ﬁgure 3.
The parameters such as the histogram bins, number of directions and weight for
each feature are selected from experiments on a small subset of Brodatz texture
dataset.

Fig. 3. Multiscale scale feature vector used for texture classiﬁcation

2.3

Image Representation for Textons

For texton representation, we use the method of [7]. The method uses 3 circular
ﬁlters. Images are ﬁrst ﬁltered using these ﬁlters, then thresholded and averaged
over two small neighborhoods (3 × 3 and 6 × 6). Eighty universal textons are
used for each neighborhood. The feature space is reduced in one neighborhood
by grouping into 4 bins. Each image is thus represented by a 2D histogram giving
a 320 (80 × 4) dimensional feature vector (indicated as Model).

310

2.4

S. Kondra and A. Petrosino

Textons and Symmetry Combined

From the experiments done on the small subset of Brodatz texture dataset (see
table 1), it was found that the symmetry based feature vector gives alone poor
performance as can be seen from the recognition rate. But the performance
improve when the feature vector it was combined with the texton distribution [7].
A combined feature vector is formed using the texton and symmetry distribution.
For each image we have two representations: one for textons and another for
symmetry. The combined model for diﬀerent images is shown in Figure 4. In the
ﬁrst two cases texton distribution is diﬀerent but the symmetry distribution is
nearly the same. Whilst, in the last two images texton distribution is nearly the
same but the symmetry distribution is diﬀerent.

Fig. 4. Combined feature vector Textons plus Symmetry

2.5

Texture Dataset Benchmarking

The experimental setup is the same as mentioned in [7]. The model is trained
with SVM using chi-square kernel. The weight of symmetry vector was chosen
as 0.4 for this experiment.
The results from Table 1 indicate that symmetry alone is not a good feature
for classiﬁcation. Symmetry can be used to help the classiﬁcation results between
uniform and non-uniform textures. Using the parameters tuned from this small
dataset, the recognition was done on four diﬀerent datasets giving the following
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Table 1. Parameter tuning on a small subset of Brodatz dataset
Feature
Recognition rate (%) on subset of Brodatz dataset
Symmetry
72.98 ±1.8
Textons [8]
95.97 ± 0.72
Textons + Symmetry 98.27 ± 1.4

results. For the experimental evaluation, four texture datasets were used. The
texture datasets are UIUCTex [8], KTH-TIPS [3], Brodatz [1], and CUReT [2].
Table 2. Comparison with other state of art methods
Database
Proposed
Kondra [7]
Zhang [15]
Hayman [3]
VZ-joint [13]
Lazebnik [8]
G. Gabor

UIUCTex
96.9 ±0.8
92.9 ±1.2
98.3 ±0.5
92.0 ±1.3
78.4 ±0.9
96.4 ±2.0
65.2 ±2.0

KTH-TIPS
98.1 ±1.1
97.7 ±0.8
95.5 ±1.3
94.8 ±1.2
92.4 ±1.4
91.3 ±2.1
90.0 ±2.0

Brodatz
94.0 ±0.9
92.3 ±1.0
95.4 ±0.3
95.0 ±0.8
92.9 ±1.0
89.8 ±0.8
87.9 ±1.0

CUReT
98.5 ±0.2
97.0 ±0.4
95.3 ±0.4
98.6 ±0.2
96.0 ±0.7
72.5 ±0.4
92.4 ±0.5

The combination of textons and symmetry thus improves the results as can be
seen from Table 2. As it can be evidenced (rows 1 and 2 in the table), for UIUCTex dataset the recognition rate increased by 4% considering that UIUCTex
dataset has more non-uniform textures.

3

Texture Clustering Using Symmetry

Using only the symmetry and direction vector (single scale of the new feature
vector), we clustered the 111 Images in the Brodatz dataset into 4 separate
clusters using K–means algorithm with correlation based distance. We named the
clusters as Coarse, Directional, Fine, Complex as shown in ﬁgure 5. This type of
clustering was never done before to our knowledge. The visual meaning captured
from the clusters is that symmetry is indeed a human visual phenomenon and
there must be a local symmetry evaluation inside the visual system.
Taking into account the mean feature vector of the clusters, it can be seen
that the directional textures have high symmetry and the angle distribution has
one prominent angle. The other clusters have a wide angle distribution. Fine
textures have less symmetry. Complex textures have medium symmetry, while
Coarse textures have the highest symmetry.
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Fig. 5. Texture clusters

4

Discussion

In this work we have proposed a feature vector based on symmetry. The conducted
experiments ﬁx that symmetry is more eﬀective in classifying a uniform texture
versus a non-uniform texture; when used with a texton-based feature, symmetry
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improves the classiﬁcation rate. We tested the classiﬁcation performance on four
texture datasets and achieved increase in performance over the previous texton
based approaches. We also present a global clustering of texture based on the symmetry. The textures are clustered into more meaningful sets, which shows the importance of symmetry in humans. The method may be more suitable for biomedical images where objects of interest are mostly symmetric and images are usually
captured under restricted geometric pose. Ongoing work consists into constructing an aﬃne invariant symmetry descriptor. The algorithm reported here can be
tweaked to detect multiple reﬂection and rotation symmetries.
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