
International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org, editorijaiem@gmail.com  

Volume 2, Issue 10, October 2013   ISSN 2319 - 4847 
 

Volume 2, Issue 10, October 2013 Page 173 
 

 

ABSTRACT 
The concentration is on the various methods of extracting textural features from images. The geometric, random field, fractal, 
and signal processing models of texture are presented. The major classes of texture processing problems such as segmentation, 
classification, and shape from texture are discussed. Texture can describe a wide variety of surface characteristics and a key 
component for human visual perception and plays an important role in image-related applications. A perception-based approach 
for content-based image representation and retrieval is proposed in this paper. A new method is used to estimate a set of 
perceptual textural features namely coarseness, directionality, contrast, and busyness. The proposed computational measures can 
be based upon two representations: the original images representation and the autocorrelation function representation. The set of 
computational measures proposed is applied to content-based image retrieval on a large image data set and the well-known 
Brodatz database. Experimental result and benchmarking shows interesting performance in this approach.  The correspondence 
of the proposed computational measures to human judgments is shown using a psychometric method based upon the Spearman 
rank-correlation coefficient and the application of the proposed computational measures in texture retrieval shows interesting 
result. 
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1. INTRODUCTION 
Texture has been extensively studied and used in literature since it plays a very important role in human visual 
perception. Texture refers to the spatial distribution of grey-level in an image. Micro textures refer to textures with small 
primitives while macro textures refer to textures with large primitives [3]–[4]. Texture analysis techniques have been used 
in several domains such as classification, segmentation and shape from texture and image retrieval. Texture analysis 
techniques can be divided into two main categories: spatial techniques and frequency-based techniques. Generally, the 
frequency- based methods are based on the analysis of the spectral density function in the frequency-based domain. Such 
methods include the Fourier transform and the wavelet-based methods such as the Gabor model. Spatial texture analysis 
methods can be categorized as statistical methods, structural methods, or hybrid methods [6]. The majority of the existing 
methods applied on textures have many drawbacks. In fact, statistical methods seem to give better results in the case of 
micro textures while structural methods give better results in the case of macro textures. In fact, most of these methods 
necessitate a very significant computation cost. At the opposite, the human visual perception seems to work perfectly for 
almost all types of textures [4]. The differences between textures are usually easily visible for the human eye while the 
automatic processing of these textures is very complex.  
One reason for this mismatch between human vision and computational models proposed in literature is the fact that the 
majority of computational methods use mathematical features that have no perceptual meaning easily comprehensible by 
users. It is widely admitted in the computer vision community that there is a set of textural features that human beings use 
to recognize and categorize textures. Such features include coarseness, contrast and directionality [4]. In such a 
perceptual approach, and in order to simulate the human visual perception system, one must dispose of computational 
techniques that allow a quantitative and computational estimation of these perceptual textural features. This is exactly the 
problem we are tackling in this paper: given a set of perceptual textural features namely coarseness, contrast, 
directionality, and busyness that humans use to distinguish between textures, to simulate them with quantitative and 
computational measures, to guarantee that these computational measures correspond, to an acceptable extent, to human 
perception. Then, the computational perceptual features perform is measured when applied in texture retrieval. 
 
2. RELATED WORK 
Texture as being specified by the statistical distribution of the spatial relationships of gray level properties. Coarse 
textures are ones for which the distribution changes slightly with distance, whereas textures the distribution changes 
rapidly with distance forms the texture histogram. 
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Fig. Some Texture Samples From The Brodatz Texture Database 

 
A variety of experiments are performed to verify the effectiveness of the combining scheme. Fig. shows some texture 
samples from the Brodatz texture database. We present definitions of the set of perceptual textural features. The 
autocorrelation function on which our work is presented; computational measures corresponding to the perceptual textural 
features are presented; the psychometric method used to evaluate the correspondence between the proposed computational 
measures and human vision is presented. 
 
3. PERCEPTUAL TEXTURAL FEATURES 
We can find a long list of perceptual textural features in literature. However, only a small list of features is considered as 
the most important. This list comprises coarseness, contrast and directionality. Other features of less importance are 
busyness, complexity, roughness and line-likeness. In this study, considered four perceptual features namely coarseness, 
directionality, contrast and busyness. In the following, give conceptual definitions of each of these features. 
 
Coarseness is the most important feature in a certain sense; it is coarseness that determines the existence of texture in an 
image. Coarseness measures the size of the primitives that constitute the texture. A coarse texture is composed of large 
primitives and is characterized by a high degree of local uniformity of grey-levels. A fine texture is constituted by small 
primitive and is characterized by a high degree of local variations of grey-levels. 
 
Directionality is a global property in an image. It measures the degree of visible dominant orientation in an image. An 
image can have one or several dominant orientation(s) or no dominant orientation at all. In the latter case, it is said 
isotropic. The orientation is influenced by the shape of primitives as well as by their placement rules. 
 
Contrast measures the degree of clarity with which one can distinguish between different primitives in a texture. A well 
contrasted image is an image in which primitives are clearly visible and separable. Among the factors that influence 
contrast, the grey-levels in the image, the ratio of white and black in the image and the intensity change frequency of 
grey-levels. 
 
Busyness refers to the intensity changes from a pixel to its neighborhood: a busy texture is a texture in which the intensity 
changes are quick and rush; a non busy texture is a texture in which the intensity changes are slow and gradual. Busyness 
is related to spatial frequency of the intensity changes in an image. If these intensity changes are very small, they risk 
being invisible. Consequently, the amplitude of the intensity changes has also an influence on busyness.  Also note that 
busyness has a reverse relationship with coarseness. 
 
4. PSYCHOMETRIC METHOD 
Conceptual and intuitive definitions of the different perceptual textural features were given to human subjects 
participating in experimentations. Then, a series of textures was presented to these human subjects. Each of them ranked 
images according to each perceptual textural feature.  Obtain one ranking of images per perceptual textural feature and 
per human subject. For each perceptual feature, a consolidation of the rankings obtained by human subjects in one 
ranking was realized through the computation of the sum of rank values. Obtain one consolidated ranking per each 
perceptual textural feature. Considering the consolidated human rankings of textures according to each textural feature 
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and the computational rankings obtained for each textural feature, compute the rank-correlation between the two rankings 
for each textural feature. The computation of this rank- correlation is based on Spearman’s coefficient of rank-correlation. 
 
A. Sum of Rank Values 
Suppose that n images were ranked in different rankings, each performed by a human subject, according to a given 
perceptual textural feature. A quantity Si called the sum of rank values is computed using the following equation: 
 

Si= ikRk 

 
Where i represents the ith image and varies between 1 and n: k represents the rank given to image and varies between 1 
and n; represents the number of human subjects that gave rank k to image i (the frequency to attribute rank k to image i); 
Rk is a quantity allowing to give more importance to images ranked at top positions and is given by the following 
equation. 
 

Rk=n-k+1 
 
Once the sums of rank values are computed for all images, they are ordered in a decreasing order: images with the 
highest sum of rank values are ranked in the top positions. 
 
B. Spearman Coefficient of Rank-Correlation 
There are two cases depending if there is a significant number of images ranked at the same rank or not: 
 
1) In the case where no significant number of images is classified in the same rank, Spearman coefficient of rank-
correlation  rs can be computed using the following equation 
 

Rs=1-6D/n (n2-1) 
 
2) In the case where there is a significant number of images classified in the same rank, give to each of the images the 
average row (let us suppose that two images were given rank 10; will attribute to them the rank 10.5). If the proportion of 
the classified images in the same rank is not large, their effect on the coefficient of Spearman rs is negligible and rs can 
still be used D. Nevertheless, if the proportion of the classified images in the same rank is important, a correction factor 
must be introduced in the computation of the Spearman coefficient rs. In this case, the equation becomes more complex 
and the Spearman coefficient of rank-correlation is discussed.  
 
Psychological experimentations were conducted with human subjects in order to evaluate the correspondence between 
computational results obtained by applying the proposed computational measures and those obtained with human 
subjects. Thirty human subjects participated in these experimentations. 
 
Two principal objectives were targeted. 
 
 The first objective was to determine the degree of correspondence between results obtained by the computational 
measures and those obtained by human subjects and, thus, to be able to judge the validity of the proposed computational 
measures. 
 
 The second objective was to determine the relatedness relationships between the different textural features, both the 
perceptual and the computational ones. To reach these objectives, we have used the psychometric method described in the 
precedent section. 
 
 

I. Computational and Consolidated Human Rankings 
The main discrepancies that can be observed between consolidated human rankings and computational ones are 
summarized as follows: 
• For Coarseness, the correspondence is very good and the most important difference between the two rankings is the 
rank given to image: it was given rank in the consolidated human ranking and rank in the computational ranking. The 
other differences are not significant. 
 
• For the degree of directionality, the correspondence is very good. The main differences happen for images. This is 
essentially due to the fact that, in human ranking, some images were not considered as directional. For example, only 7 
human subjects, among 30, classified image as directional. 
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• For contrast, correlation is smaller compared to the cases of coarseness and directionality, but it remains very good. 
The differences between the two rankings happen especially in the case of images, difference is that image has high 
amplitude and a very weak coarseness and human subjects tend to classify such images as not very contrasted. For image, 
the reason of the difference between the two rankings lies in the fact that this image has practically the same amplitude 
and the same degree of coarseness as images and they have practically the same degree of contrast. For image, the 
difference is due to the weak amplitude of this image. 
 
• For busyness, the correspondence is very good. The principal differences happen for images and finally, we can say that 
the four proposed computational measures have a very good correspondence with the rankings done by human subjects 
and, thus, these computational measures simulate to a very good and acceptable extent the human visual perception. 
 

II. Features Relatedness 
There is a quite small correlation between coarseness and contrast in the inverse order as well as a very small correlation, 
if not an orthogonality between coarseness and directionality and on the other side, there is an average correlation 
between contrast and directionality. In fact, in the last case, when contrast is low, directionality will not be visible. We 
can also notice that there is an important correlation between busyness and coarseness in the inverse order which is 
normal since busyness is estimated exclusively from coarseness. Finally, we can point out a good correlation between 
contrast and busyness and a very small correlation, if not an orthogonality, between directionality and busyness. 
 

Table.1 Spearman Coefficient of Rank- Correlation rs For   Related Works 

 
III. Comparison With Related Works 

A comparison between the results we obtained and the results obtained by the two main related works, namely Tamura et 
al. 
[13] and Amadasun et al. [8], is given in Table1. Let us mention first that [30] did not consider busyness in his work and 
[8] did not consider directionality in his work. 
 
The comparison shows the followings. 
 
• Compared to the results obtained by Amadasun et al. [8], our results are more satisfactory. Regarding coarseness, we 

have obtained is 0.913 against 0.856 obtained by [8]; regarding contrast, we have obtained is 0.755 against 0.685 
obtained by [8]; regarding busyness, we have obtained is 0.774 against 0.782 obtained by [8]. 

 
• Compared to the results obtained by Tamura et al. [30], our results are also more satisfactory. Regarding coarseness, we 

have obtained is 0.913 against 0.831 obtained by [30]; regarding contrast, we have obtained is 0.755 against 0.904 
obtained by [30]; regarding directionality, we have obtained is 0.841 against 0.823 obtained by [30].  

 
Regarding correlation between different features, we found that there is a relatively average correlation between 
coarseness and contrast in the reverse order (human: 0.174; computational: 0.731) while Amadasun et al. [8] found an 
average correlation between coarseness and contrast in the same order (human: 0.079; computational: 0.539).We found 
that there is an average correlation between contrast and directionality (human: 0.430; computational: 0.460) while 
Tamura et al. [30] found a small correlation between directionality and contrast in the inverse order (human: not 
furnished; computational: 0.250). Finally, we also found an important correlation, in the reverse order, between 
coarseness and busyness (human: 0.706; computational: -0.987). This result was also found by Amadasun et al. [8] 
(human:- 0.855; computational: 0.939). 
 
5. AUTOCORRELATION FUNCTION 
The set of computational measures simulating perceptual textural features can be based on two representations (or view 
points): original images or the autocorrelation function associated with images. Applying computational measures on one 

 Our Model Tamura’s 
Model 

Amadasun’
s Model 

Coarseness 0.913 0.831 0.856 
Directionalit
y 

0.841 0.823 - 

Contrast 0.755 0.904 0.685 
Busyness 0.774 - 0.782 
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or other of the two representations do not hold the same results. In the framework of content-based image retrieval, 
adopting multiple representations will allow significant improvement in retrieval effectiveness. 

 
The autocorrelation function was chosen as a second representation because it presents some very desirable 
characteristics. For images containing repetitive primitives, the corresponding autocorrelation function presents an 
equivalent periodicity. For images with a high degree of coarseness, the autocorrelation function decreases slowly and 
presents few variations, while for images with a fine degree of coarseness, it decreases quickly and presents a lot of 
variations. For oriented images, the autocorrelation function keeps the same orientation as in the original image.  

 
6. COMPUTATIONAL MEASURE FOR TEXTURAL FEATURES 
In order to simplify the presentation, the computational features only on the autocorrelation function. Similar reasoning 
holds in the case when use the original images representation. In the section on image retrieval, use the two 
representations.  

 
The general estimation process of computational measures simulating human visual perception is as follows.  

1) The autocorrelation is computed on Image.  
2) Then, the convolution of the autocorrelation function and the gradient of the Gaussian function are computed in a 

separable way (according to rows and columns). Two functions are then obtained (according to rows and columns)  
3) Based on these two functions, computational measures for each perceptual feature are computed as described in the 

following subsections.  
As explained earlier, we are using two representations or viewpoints: the computational measures presented in the 
following are computed on both the original images and the autocorrelation function. In the following, present the steps 
that hold for the case of the autocorrelation function only. The same reasoning holds when we use the original images (in 
this case, we need to replace the autocorrelation by image in the equations). 

 
 Coarseness Estimation: 
When consider the autocorrelation function, one can notice two phenomena related to coarseness: 1. Coarseness is saved 
in the corresponding autocorrelation function; 2. for fine textures, the autocorrelation function presents a lot of local 
variations and, for coarse textures, it presents few local variations. Therefore, deduce that the number of extreme in the 
autocorrelation function determines coarseness of a texture (we can use either maxima or minima). 

 
Coarseness, denoted Cs, is estimated as the average number of maxima in the autocorrelation function: a coarse texture 
will have a small number of maxima and a fine texture will have a large number of maxima. Let Maxx(i, j) =1 if pixel is a 
maximum on rows and Maxx(i, j)=0 if pixel (i.j) is not a maximum on rows. Similarly let Maxy (i, j)=1 if pixel (i.j) is a 
maximum on columns and Maxy (i, j) =0 if pixel (i.j) is not a maximum on columns. Coarseness Cs can be expressed by 
the following equation: 

 
Cs=1/ i=0

n-1∑m-1
j=0Maxx(i. j)/n+∑j=0

m-1∑n-1
i=0 Maxy(i, j)/m) 

 
The denominator gives the number of maxima according to rows and columns. The more the number of maxima is high, 
the less the coarseness is and vice-versa. To have Cs between 0 and 1, we normalize coarseness (divide each value of 
coarseness for each image by the highest value of coarseness). A value Cs of close to 1 means that the image contains, in 
average, few maxima and therefore, it is a very coarse texture. If coarseness Cs equals or is very close to 1, we can 
consider that the image contains object forms rather than texture. A value of Cs close to 0 means that the image contains, 
in average, a lot of maxima and, therefore, it is a very fine texture. If coarseness Cs is very close to 0, we can consider that 
the image contains noise data rather than texture. 
 
Contrast Estimation: 
When considering the autocorrelation function, notice that the value of this function decreases quickly for well-contrasted 
images and it decreases slowly for no well-contrasted images. Therefore, the amplitude of the gradient of the 
autocorrelation function according to the lines and according to the columns can be used to estimate contrast. There are 
two main parameters related to the amplitude: 1. we compute the average amplitude in the autocorrelation function by 
considering only pixels with a significant amplitude and therefore, superior to a certain threshold ; 2. we consider also the 
number of pixels that have a significant amplitude where are partial derivatives of the Gaussian according to rows and 
columns, respectively.  

 
Consider ing the factors,we propose the following equation to estimate contrast Ct ; 

Ct=Ma ×Nt × Cs
1/α/n×m 
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Where Ma represents the average amplitude, Nt /(n×m) represents percentage of pixels having an amplitude superior than 
threshold t, and Cs is the computational measure of coarseness, 1/α is a parameter used to make Cs significant against the 
quantity(Ma × Nt) /(n × m), and alpha was set to four in experimentations. 
 
 Directionality Estimation: 
Regarding directionality, want to estimate two parameters: the dominant orientation(s) and the degree of directionality. 
Orientation refers to the global orientation of primitives that constitute the texture. The degree of directionality is related 
to the visibility of the dominant orientation(s) in an image, and refers to the number of pixels having the dominant 
orientation(s). 
 
1) Orientation Estimation: When considering the autocorrelation function, one can notice two phenomena concerning 
the orientation:  

a) Existing orientation in the original image is saved in the corresponding autocorrelation function;  
b) The usage of the autocorrelation function instead of the original image allows keeping the global orientation 

rather than the local orientation when one uses the original image. It follows that the global orientation of the 
image can be estimated by applying the gradient on the autocorrelation function of the original image according 
to the lines and according to the columns.  
 

2) Directionality Estimation: For directionality, we consider the number of pixels having dominant orientation(s) and 
does not have a dominant orientation. We consider only dominant orientations that are present in a sufficient number of 
pixels and then more than a threshold t so that orientation becomes visible.  
 
Busyness estimation: 
Busyness is related to coarseness in the reverse order. Propose the following equation, based on the computational 
measure of coarseness, to estimate busyness 
 

Bs =1- Cs
1/α 

 
Where Cs represents the computational measure of coarseness (1/α is a quantity used to make Cs significant against 1) and 
alpha was set to four in experimentations. 
Note that, since busyness is primarily computed based on coarseness, it will not have an impact on results when applied 
in texture retrieval. Consequently it might be perceived as redundant. However we decided to keep busyness as a textural 
features because, from the user perspective, it can be useful as for users it has a perceptual meaning different from 
coarseness (regardless of the way we estimate it). We will see in the experimental results section that there is an excellent 
match between the computational busyness proposed and human perception. Furthermore, when performing retrieval 
experiences, users might want to express their queries using any of the textural features including busyness. 

 
 

7. CONCLUSION AND FUTURE WORKS 
In this paper we have used five different texture feature extraction methods that are most popularly used in image 
understanding studies. One of the features of this study is the use of a publicly available benchmark that further studies 
can use. Our results show that there is considerable performance variability between the various texture methods. 
Coarseness was estimated as an average of the number of extreme. Contrast was estimated as a combination of the 
average amplitude of the gradient, the percentage of pixels having the amplitude superior to a certain threshold and 
coarseness itself. Directionality was estimated as the average number of pixels having the dominant orientation(s). 
Busyness was estimated based on coarseness. The computational measures proposed for each perceptual textural feature 
were evaluated, based on a psychometric method, based on experimentations taking according to human judgments. 
Compared to the related works, our results are better. Experimental results show very good results and benchmarking. 
Further research related to this work concerns mainly possible derivation of semantically- meaningful features based on 
the perceptual features used in this work as well as the use of additional features, such as randomness, in order eventually 
to further improve representation and retrieval effectiveness. 
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