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Abstract-- In this paper, we present a theoretically and 

computationally simple but efficient approach for rotation 
invariant texture classification. This method is based on new 
texture signatures extracted from spectrum. Rotation invariant 
texture features are obtained based on the extension of the 
derived signatures. The features are tested with 1000 randomly 
rotated samples of 20 Brodatz texture classes. Comparative study 
results show that our method is highly efficient in rotation 
invariant texture classification. 

1. INTRODUCTION 

Texture analysis is a fundamental issue in image processing, 
computer vision and their applications, such as object 
recognition, remote sensing, content-based image retrieval and 
so on. It has been an active research topic for more than three 
decades. Numerous methods have been proposed in the open 
literature [1][2][3]. The majority of existing methods make the 
explicit or implicit assumption that texture images are acquired 
from the same viewpoint (e.g. the same scale and orientation). 
However in many practical applications such as content-based 
viewpoint image retrieval, images obtained are often subject to 
geometric distortions including translation, rotation, scaling 
and skew.  Furthermore, given a texture image, according to 
our own experience or cognitive theory, no matter how it 
changes under geometric transform, A geometrically 
transformed texture is always perceived as the same textures 
by human observer. So texture features should ideally be 
invariant to viewpoint.  It has been received more and more 
attentions [12]. Recent surveys of existing work on the 
important subject may be found in [7][8]. 

In this paper, we propose a new method for rotation 
invariant texture feature extraction. Based on rotation 
spectrum representation of a texture image, a signature 
distribution function is obtained. By applying the Fourier 
expansion on this function, rotation invariance is achieved. We 
examine the usefulness of these proposed features with a 
database of 1000 randomly rotated textures. Extensive 
comparative study with Gabor features shows that the 
proposed algorithm is highly efficient in invariant texture 
classification. 
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2. ROTATION INVARIANT TEXTURE SIGNATURES 

In this section, we propose an algorithm of computing the 
new texture signatures, evaluate its performance in capturing 
the texture properties and further develop it to achieve rotation 
invariance. 

 

2.1 Projection 

Let ),( yxf  be the original texture image. Define the 

projection of ),( yxf  onto a line l  at angle θ with the x-

axis as follows:  
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In the special case of 0=θ , we obtain the vertical 
projection onto the x-axis: 
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The projection function can capture the regularity of 
textures at different orientations. This can be illustrated in 

Figure 1 (In this figure, 0=θ ). From this figure we can 
see that if texture images such as D001 are periodic along the 
direction at a certain angle, the projection function at this 
orientation tends to be quite regular. On the other hand if 
textures such as D019 are random at this orientation, so does 
its projection function at this angle. This observation indicates 
the usefulness of the projection function in measuring texture 
properties. It is obvious that for a given texture image, the 
texture regularity often varies with change of orientation. The 
changes of this regularity can be captured by the projection on 
lines at all orientations (See Equation (1)). 

The following shows that the projection of ),( yxf onto a 

line at angle can be evaluated by its Fourier version at the line 

at θ . 

Let ),( rrr yxf  be the rotated version of ),( yxf . Then 

the relationship of these two images is formulated as follows: 

),(),( yxfyxf rrr = ; 
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Figure 2 Illustration of the rotation affection on signatures 
The first row is the two rotated examples of  texture D001 
The second row is the corresponding signatures  
The third row is the Fourier magnitude of the tow signatures 
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It is well known that when the original texture rotated by an 
angle, the frequency spectrum is also rotated by the same angle 
(this is the rotation property of the Fourier transform). The 
relationship of the spectra of the original and rotated image is 
described as follows: 
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where ),( vuF  is the Fourier transform of the original 

texture ),( yxf , ),( rrr vuF  that of ),( rrr yxf . 1−
TR  is 

the inverse of the transpose of  matrix R .  
The one-dimensional Fourier transform of Equation (2) is 

∫ ∫
+∞

∞−

+∞

∞−

−= dxdyeyxfuP uxj π2),()(   (5) 

)(uP  can also be written in another form 
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Equation (6) implies that the projection of ),( yxf  onto 

the x-axis is ),( vuF  evaluated along the u-axis. This is the 

direct result of the separability of Fourier transform. More 
generally, combining with the rotation property, the one-

dimensional Fourier transform of ),( yxf  projected onto a 

line at angle θ  with the x-axis is just ),( vuF  evaluated 

along the line at angle θ  with the u -axis. That is Equation (1) 

can be evaluated by ),( vuF alternatively. This produces a 

feasible way of the projection function analysis. 

2.2 Rotation invariant texture signatures 

 

Let 22 vu +=ρ , )( v
uarctg=θ , ),( θρF  be the 

Fourier transform of the projection of ),( yxf  onto a line at 

angle θ  and ),( rrrF θρ  that of the Projection of 

),( rrr yxf  onto a line at angle rθ . Their relationship can be 

represented as follows: 

),(),( θρθρ FF rrr =   (7) 

Since the frequency distribution (here we consider spectrum 
magnitude as the probability of the corresponding frequency) 
can give a description of texture periodicity, we calculate the 
central moment of Equation (7) as follows: 

rrrrrrrr dFc ρθρρρθ ∫ −= ),()()(  
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where ρ  and rρ are the mean value of ρ and rρ . )(θc  

measures the periodicity of texture regularity. Notice that the 
power spectrum provides a measurement of the amplitude of 
texture regularity. Thus we take it into account and compute 

the spectrum signatures at angle θ  and rθ ( θθθ ∆+=r ) as 

follows: 
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Figure 1 Illustration of properties of the projection in 
measuring texture properties. 
The first row is the original Brodatz textures D019 and D001 
The second row is the projection of D001 onto x-axis 
(regular) 
The third row is the projection of D019 onto x-axis (random) 
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Such that we have obtained the orientation spectrum 

signatures )(θT . It is obvious that the texture signature is 

rotation dependent and it is a periodic function of θ with a 

period of π2 . Assume )(θT  is computed from 

),( yxf and )( rT θ from ),( rrr yxf rotated by θ∆ from 

),( yxf . It is not difficult to see that )()( rTT θθ =  if 

θθθ ∆=−r . This implies that a rotation of the input 

image ),( yxf by θ∆ is equivalent to a translation of its 

spectrum signatures by the same amount along the orientation 

axis. The relationship between )(θT and )( rT θ is illustrated 

in Figure 2. The translation between the two plots is evident, 
however they share almost the same Fourier magnitude 
response. Since that the Fourier magnitude is invariant to 

translation, thus the Fourier expansion of )(θT  provides a set 

of rotation invariant features for the input image ),( yxf . 

Figure 3 shows the overall scheme of the extraction of the 
rotation invariant texture features. It consists of three major 
steps as discussed above. 

3. EXPERIMENTAL RESULTS 

In order to test the efficacy of the proposed features for 
rotation invariant texture analysis, we carry out the experiment 
on 20 structured texture images selected from the Brodatz 
album as illustrated in Figure 4 (note that if textures are 
isotropic or randomness, any texture descriptors will be 
invariant to rotation [9]). Each texture image of size 512x512 
is randomly rotated into 15 versions, from which subimages of 
size 128x128 are extracted. Thus a database of 1000 images is 
constructed for this experiment. A database of 140 (7 for each 
texture class) is used for training and the remaining (860 
images, 43 for each texture) for testing. Texture signature 

distribution )(θT  is extracted form each image, and its 

Fourier amplitude is used as the rotation invariant texture 
features. The first 7 magnitudes are selected to construct a 7-
dimensional-feature vector for use in rotation invariant texture 
classification Euclidean distance is calculated to measure the 
similarity between textures. 

The K-nearest neighborhood classifier is employed. An 
average correct recognition rate of 98.95% is obtained. 
Classification results of each texture class are shown in Figure 
5. This clearly shows the promising efficacy of the proposed 
features for rotation invariant texture classification. 

In our previous work, we have proposed rotation invariant 
texture descriptors [4][5][9] and conducted a comparative 
study of four methods on invariant texture classification 

(Gabor features, HMM, an edge attribute processing model, 
and the circular simultaneous autoregressive model)[5]. 
Details may be found in these papers. In this paper, we do not 
have to repeat these comparisons. We only compare our 
method with rotation invariant Gabor features which have been 
shown to be most effective in [5][6]. We do this to further 
highlight the performance of the new proposed feature in 
rotation invariant texture classification. We carry out this 
comparative study under the same condition mentioned above. 
An average classification accuracy of 98.90% is obtained by 
using Gabor features. Our study indicates that the method 
achieves almost the same classification results as Gabor 
features and human shown in Figure 6. However, the 
computational cost of the Gabor method is much higher than 
the proposed algorithm. Furthermore, it should be pointed out 
that rotation invariant Gabor features suffers from the 
sampling problem of Gabor channel. We conduct this study on 
the same database as described above by changing the 
sampling interval between Gabor channels. The results shown 
in Figure 7 indicate that the performance of Gabor features 
deteriorates as the sampling interval between Gabor channels 
becomes larger (or the number of Gabor channels decreases). 
To achieve a higher accuracy, the interval of the Gabor 
channel must be smaller. This will increase the computation 
cost and complexity (note that the amount of overlap between 
Gabor channels will also increase in the spatial and frequency 
domain [11]). From this viewpoint, the proposed new 
algorithm is of less computational complexity. 

4 CONCLUSIONS AND FUTURE WORK 

 
We have proposed a theoretically and computationally 

simple algorithm of extracting texture signatures that can 
capture texture properties. The new signature is computed in 
the spectrum domain. It has been developed to obtain rotation 
invariant texture features. The invariant features are obtained 
based on the Fourier expansion of the signatures. Our 
comparative study shows its high effectiveness in rotation 
invariant texture classification. Further research should include 
its robustness to image noise, their use in rotation invariant 
image retrieval and affine invariant texture classification. 
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Figure 4 20 textures from Brodatz database used for rotation invariant texture classification 
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Figure 7 Performance of the rotation invariant Gabor features vs. the number of Gabor channels 
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Figure 6 Comparison of performance of Gabor, Signature, and Human for rotation invariant texture classification 

Figure5 Classification results of rotation invariant Gabor features and signatures 
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