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Abstract
Texture is one of the basic image properties, which is useful 
in many computer vision applications. Though there are many 
approaches to describe textures, no particular representation has 
been shown to give great results on a wide range of textures due 
to the variations in texture properties and vagueness in describing 
them. Fuzzy logic is an excellent tool to handle uncertainties which 
arise due to ambiguous or incomplete information. A fuzzy logic 
based texture descriptor Fuzzy Local Texture Patterns (FLTP) 
has been proposed in our earlier work and in this paper, rotation 
invariant property of the FLTP descriptor is demonstrated with 
texture classification experiments. The results show that the FLTP 
method is robust against rotational variations.
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I. Introduction
Feature extraction is the crucial step in the image analysis tasks. 
As the features are used for further processing steps, they should 
be appropriate and meaningful representatives of the image 
components. Texture is one of the basic image features useful in 
image analysis. Over the years, several authors have attempted 
to define textures and there is no universally agreed formal 
definition. 
Texture is characterized not only by the gray value at a given pixel, 
but also by the gray value pattern in a neighborhood surrounding 
the pixel. Texture can be regarded as the visual appearance of a 
surface or material perceived by the human beings. However, the 
term texture generally refers to repetition of texture primitives 
or basic texture elements called texels. A texel contains several 
image pixels, whose placement could be periodic, quasi-periodic, 
or random. The repetitiveness of the texels determines the type of 
the texture and decides the texture analysis approach [1]. These 
basic elements are also referred as basic image patterns [2].
Repetition of the patterns in an image generates some visual cues, 
which can be identified, as being smooth or rough, coarse or 
fine, directional or non-directional, uniform or non-uniform, etc. 
The coarseness is related to the spatial repetition period of the 
local patterns. A larger repetition period implies a coarse texture 
and a smaller repetition period implies a fine texture. In uniform 
textured regions, the patterns are arranged at a regular period 
and in non-uniform texture regions they are random. Smooth 
textures are characterized by small variations in the neighboring 
elements, whereas rough textures are denoted by larger variations. 
In the directional textured images, texture may present in different 
principal directions as the image rotates. Majority of the existing 
texture analysis methods make an assumption that texture 
images are acquired from the same viewpoint.  In many practical 
applications, it is difficult or impossible to ensure that images 
captured have the same translations, rotations, or scaling. Given a 
texture image, whatever may be the changes in it due to translation, 

rotation, and scaling, it is always perceived as the same texture 
image by a human observer. Variations in illumination, scale, and 
rotation cause changes in appearance of texture and hence invariant 
texture analysis is needed. The essential task of invariant texture 
analysis is extraction of texture features that are not affected by 
the changes in rotation, scale, and illumination. Invariant texture 
analysis is highly desirable for real time applications [3]. 
In the computer vision applications used in industrial inspections, 
image capturing under same lighting conditions may not be 
possible. In such cases, features that are robust against variation 
in illumination are required. Images captured with different 
orientation due to viewing angle of the camera or position of the 
object may result in change in appearance of texture. To achieve 
same results in texture analysis for various orientations, rotation 
invariant features are needed.
Some of the earlier rotation invariant texture features are 
generalized co-occurrence matrices [4], polarograms [5] and 
circular autoregressive model [6]. Several filtering based 
approaches have been proposed for rotation invariant texture 
analysis such as wavelet decomposition and hidden Markov 
models [7]. Gabor wavelets [8], Gabor and Gaussian filters [9]. 
Among the many texture feature extraction schemes, the local 
texture descriptors proposed by Ojala et al [10], and Suruliandi and 
Ramar [11] are robust against gray-scale and rotation variations. 
Janney and Geers [12], proposed an invariant texture descriptor 
based on the invariant features of local textures. 
In our earlier paper [13], a fuzzy logic based texture description 
method Fuzzy Local Texture Patterns (FLTP) has been proposed. 
The method has been validated using texture classification, 
texture segmentation, and edge detection experiments. As already 
mentioned, rotation invariance is one of the basic properties need to 
be satisfied by the texture descriptors. In this paper, the robustness of 
the FLTP texture description method towards rotational invariance 
is tested using texture classification experiments.
The remaining part of the paper is organized as follows. Section 
II gives the details of the FLTP method. Texture classification 
procedure is explained in section III. Rotation invariant texture 
classification experiments are presented in section IV. Section V 
concludes the paper.

II. Fuzzy Local Texture Patterns
The procedure for the formation of the local texture descriptor 
FLTP and the global texture descriptor Fuzzy Pattern Spectrum 
(FPS) is explained in this section. 

A. Local Texture Descriptor: FLTP
In a 3x3 local image region, let gc be the value of the central pixel 
and gi (i=1,2,…,8) be the values of its neighbor pixels. 
Let the difference between gc and gi be xi (i =1, 2,..., 8). Let P 
be the pattern value which takes any one of the integer values 0, 
1, or 9 as per Equation (1). Let µ0(xi), µ1(xi), and µ9(x

i) be the 
membership degrees of xi to the P values 0,1, and 9 respectively. 
The membership functions are illustrated in fig. 1.
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(1)
If the local region is homogeneous, then the difference between gc 
and gi will be equal to zero or almost equal to zero. For this case, 
µ1(xi) will be higher, µ0(xi) and µ9(xi)  will be lower. In case of 
non-homogeneous region, the difference between gc and gi will 
be more and therefore µ1(xi) will be decreasing, µ0(xi) and µ9(xi) 
will be increasing.

Fig. 1: Fuzzy Membership Functions

Fig. 2: Example for Fuzzy Pattern Units Matrix
(a). Fuzzy Pattern Units Matrix, (b). Example 3x3 Local Region, 
(c). Fuzzy Pattern Units Matrix for a=5 and b=2 of the local region 
shown in fig. 2(b)

Based on the above considerations three membership functions 
are defined in the Equations (2) - (4), with two parameters a and 
b which determine the boundary coordinates of xi. 

  (2)

 (3)

  (4) 
The local region can be represented as a Fuzzy Pattern Unit Matrix 
(FPUM) which is shown in fig. 2(a). The entries in the FPUM are 
calculated using the Equations (2), (3), and (4). An example local 
region of size 3x3 is shown in fig. 2(b) and its FPUM for a=5 and 
b=2 is shown in fig. 2(c). From the FPUM cell values, the FLTP 
is calculated. Each cell of the matrix contains three membership 
values associated with the P values  (0, 1 or 9). By using these 
values, a set of Pattern Strings (S) is constructed. Each S consists 

of eight elements and is defined in the Equation (5).
     (5)

where, psi  (i =1,2,…,8) is the element of S. If the matrix contains 
only one non-zero membership value in each cell, there will be only 
one S.  If n cells in the matrix contain two non-zero membership 
values, then the total number of S is 2n. S is formed from P values 
of all possible combinations of non-zero membership values. The 
mLTP operator is defined by                       

    (6)
Table 1, illustrates S and mLTP calculations for the local region 
which is shown in fig. 2(b). Here, psi are computed circularly 
starting from the top left corner of FPUM which is shown in 
fig. 2(c). However, the starting position can be anywhere in the 
matrix. 

Table 1:  Illustration of Pattern Strings and mLTP Calculations
Pattern Strings

mLTP
S psi

S1 1, 0, 1, 1, 0, 1, 9, 1 mLTP1 14

S2 1, 0, 1, 1, 1, 1, 9, 1 mLTP2 15

S3 9, 0, 1, 1, 0, 1, 9, 1 mLTP3 22

S4 9, 0, 1, 1, 1, 1, 9, 1 mLTP4 23

The membership degree of each mLTP is obtained by

   (7)
FLTP of a 3x3 local region is defined by

)(mLTPµ*mLTPFLTP kk

K

1k
∑
=

=                       (8)
where, K is the total number of S. 
For example,  FLTP of a small region shown in fig. 2(b) is
FLTP  =  14 * 2/9 + 15 * 4/9 + 22 * 1/9 + 23 * 2/9 
  =  17.33 ≈ 17 
If all the eight entries in the FPUM are with values 9 and the 
corresponding membership values are equal to 1, then the FLTP 
value is 72. When all the eight entries in the FPUM are with 
values 0 and the corresponding membership values are 1, the 
value of FLTP is 0. For all other conditions, the FLTP value is a 
number between 0 and 72. So the total number of possible values 
for FLTP is 73.

B. Global Texture Descriptor: FPS
FLTP values are calculated for the all local regions of the image 
using a sliding window of size 3x3. A global image texture 
descriptor FPS is formed based on these FLTP values. The 
occurrence frequency of all the FLTP over the entire image is 
stored in the FPS with the abscissa indicating the FLTP labels 
and the ordinate representing its occurrence frequency. In this 
proposed approach, the number of unique patterns is 73 and hence 
the histogram requires 73 bins to store them.

III. Texture Classification

A. Texture Similarity
To compare textures, either similarity or dissimilarity distance 
measure is used. Here, a similarity measure is used to compare the 
textures in classification experiments. Similarity between different 
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textures is evaluated by comparing their frequency distributions. 
The spectrums are compared using a nonparametric statistic, 
the log-likelihood ratio also known as the G-statistic [14]. The 
G-statistic which compares the bins of two histograms is defined 
as  
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where s is a histogram of the first image and m is a histogram of 
second image, n is the total number of bins in the histogram and 
fi  is the frequency at bin i. 

B. Classification Procedure
In the classification experiments, a texture class is represented by 
a number of training samples. When a particular test sample is 
being classified, the training samples are ordered according to the 
probability of them coming from the same population as the test 
sample. This probability is measured by the G-statistic. After the 
training samples have been ordered, the test sample is classified 
using the k-Nearest Neighbor (k-NN) principle. The test sample 
is assigned to the class of majority among its k nearest training 
samples. The algorithm for k-NN classification is as follows.

Input training samples (x1. i, ti ; i=1,2,..,n), where, xi is the 
attribute of the training sample i, and ti is the class label of 
the training sample i.
Get the test sample y to be classified.2. 
Calculate the distance between the test sample and the training 3. 
samples.
Find the k training samples which are closest to the test 4. 
sample.
Set the classification t for the test sample to the most common 5. 
of the k nearest neighbors.

IV. Experiments and Results

A. Rotation Invariant Classification Using FLTP 
This experiment is conducted to test the performance of the FLTP 
texture descriptor against rotational variations. For this purpose, 
images are taken from OUTex database [15], which is an openly 
available framework for experimental evaluation of texture 
analysis algorithms. In the texture database, color images captured 
under three illumination conditions with nine rotation angles and 
six spatial resolutions for every surface are available.
For this experiment, twelve texture images captured with 100 dpi 
spatial resolution, seven rotation angles (0o, 15o, 30o, 45o, 60o, 75o, 
and 90o), and under one illumination condition ‘inca’ are considered. 
The images considered are Canvas001, Canvas002, Canvas003, 
Canvas004, Canvas005, Canvas011, Canvas022, Canvas044, 
Canvas046, Canvas048, Carpet005, and Rubber001. 
Therefore, 144 images (12 images x 7 rotations) are used in this 
experiment. All the images are in 24-bit RGB color with the 
size of 538x748 pixels. The center portion of each image of size 
512x512 is extracted and used for the experiment. The images 
are transformed into 8-bit gray-level images using the standard 

formula given in Equation (10).
BGRI 114.0587.0299.0 ++=    (10)

where, I is the gray-scale intensity value, R, G and B are the 
color component values. The gray-level images with 0o rotation 
are shown in fig. 3.

Fig. 3: Texture Images from OUTex Database

From each image with 0o rotation angle, non-overlapping sub-
images of size 64x64 are extracted to form the training set. The 
number of training samples is 768 (64 samples per image x 12 
images). From the images with other rotation angles (15o, 30o, 
45o, 60o, 75o, and 90o), non-overlapping sub-images of size 64x64 
are extracted and are used as testing samples. The number of 
testing samples from a single image with one rotation angle is 
768. Therefore, the total number of test samples considered in 
this experiment is 55296 (768 samples per image x 12 images 
x 6 rotations). Classification is performed as per the procedure 
outlined in Section III B. The results are shown in Table 2.

Table 2:  Rotation Invariant Texture Classification Accuracy of 
OUTex Images Using FLTP Texture Model

Texture

Classification accuracy (%)of FLTP method

Rotation angles Average 
(per 
class)15o 30o 45o 60o 75o 90o

Canvas001 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas002 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas003 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas004 100.00 100.00 93.75 89.06 100.00 100.00 97.14

Canvas005 100.00 100.00 98.44 100.00 100.00 100.00 99.74

Canvas011 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas022 98.44 96.88 96.88 93.75 93.75 98.44 96.35

Canvas044 98.44 82.81 51.56 79.69 95.31 100.00 84.64

Canvas046 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas048 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Carpet005 100.00 100.00 98.44 100.00 100.00 100.00 99.74

Rubber001 100.00 100.00 100.00 100.00 98.44 100.00 99.74

Average
(per 
angle)

99.74 98.31 94.92 96.88 98.96 99.87 98.11

It is observed from the results, all the samples of six images 
out of twelve have been correctly classified in all rotations. The 
FLTP method gives reasonably good results for all textured images 
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except Canvas044. Many samples of Canvas044 are misclassified 
as Canvas046 at the rotation angle 45o, because these two images 
possess almost similar pattern arrangements at this particular angle. 
It is evident from the results that the FLTP texture descriptor is 
robust against rotational variations.

B. Comparative Analysis of Texture Models using  
Rotation Invariant Texture Classification
Texture classification experiment has been conducted for evaluating 
the rotation invariance property of the FLTP texture descriptor 
and the results are presented in the previous section.

Table 3: Rotation Invariant Texture Classification Accuracy of 
OUTex Images Using LBP Texture Model

Texture

Classification accuracy (%) of LBP method

Rotation angles Average
(per 
class)15o 30o 45o 60o 75o 90o

Canvas001 100.00 100.00 95.31 100.00 100.00 100.00 99.22

Canvas002 100.00 100.00 98.44 90.63 92.19 100.00 96.88

Canvas003 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas004 95.31 15.63 1.56 21.88 84.38 100.00 53.13

Canvas005 96.88 76.56 31.25 48.44 89.06 98.44 73.44

Canvas011 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas022 98.44 100.00 98.44 93.75 100.00 96.88 97.92

Canvas044 95.31 87.50 56.25 87.50 85.94 81.25 82.29

Canvas046 100.00 100.00 100.00 98.44 100.00 100.00 99.74

Canvas048 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Carpet005 100.00 93.75 98.44 95.31 95.31 93.75 96.09

Rubber001 98.44 100.00 100.00 100.00 100.00 100.00 99.74

Average 
(per angle) 98.70 89.45 81.64 86.33 95.57 97.53 91.54

Table 4: Rotation Invariant Texture Classification Accuracy of 
OUTex Images using LTP Texture Model

Texture

Classification accuracy (%) of LTP method

Rotation angles Average 
(per 
class)15o 30o 45o 60o 75o 90o

Canvas001 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas002 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas003 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas004 98.44 89.06 71.88 90.63 100.00 100.00 91.67

Canvas005 96.88 96.88 95.31 96.88 89.06 96.88 95.31

Canvas011 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas022 98.44 100.00 98.44 93.75 93.75 95.31 96.61

Canvas044 100.00 93.75 78.13 89.06 93.75 87.50 90.36

Canvas046 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Canvas048 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Carpet005 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Rubber001 100.00 100.00 100.00 98.44 100.00 100.00 99.74

Average (per 
angle) 99.48 98.31 95.31 97.40 98.05 98.31 97.81

Using the same images and the same classification procedures 
used in that experiment, a comparative analysis is performed and 
presented in this section. For this purpose, Local Binary Patterns 
(LBP) texture model proposed by Ojala et al [10] and Local 
Texture Patterns (LTP) texture model proposed by Suruliandi and 
Ramar [11], have been considered along with the FLTP approach. 
Texture classification is carried out and the results for LBP and 
LTP texture models are given in Table 3 and Table 4 respectively. 
Graphical illustration of the same is provided in fig. 4. From Table 
2, Table 3, Table 4, and fig. 4, it is inferred that the rotational 
invariant classification performance of the FLTP texture descriptor 
is superior to other models considered for comparison.

Fig. 4: Classification Performances of Texture Models for Rotation 
Invariance

V. Conclusions
Texture is one of the fundamental image properties. Though 
there are many approaches to describe textures, no particular 
representation has been shown to give great results on a wide 
range of textures due to the variations in texture properties. Fuzzy 
logic is an excellent tool to handle uncertainties which arise due to 
ambiguous information. This fact encourages the idea of inclusion 
of fuzzy logic in the FLTP method. The FLTP texture descriptor 
exploits the power of fuzzy logic in describing the local patterns 
in a given textured image.  The orientation of real world textures 
may arbitrarily vary depending on the rotation in viewpoint or 
image itself, and therefore the texture feature extraction methods 
should consider these variations. In this paper, rotational invariance 
property of the FLTP texture description method is evaluated using 
classification experiments. The rotation invariant property of the 
FLTP approach is tested using the images of OUTex benchmark 
database and an appreciable overall classification accuracy of 
98.11% is achieved. A comparative study has been carried out 
to demonstrate the robustness of the FLTP approach towards 
rotational variations. For this study, LBP and LTP texture models 
are considered along with the FLTP method. With the evidence of 
results of the comparative study, it is observed that the performance 
of the FLTP approach is better than that of LBP and LTP texture 
models for rotational variations, which is the important criterion 
for real time applications.
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