
I. Nyström et al. (Eds.): DGCI 2003, LNCS 2886, pp. 495–503, 2003. 
© Springer-Verlag Berlin Heidelberg 2003 

Power Law Dependencies to Detect Regions of Interest 

Yves Caron, Harold Charpentier, Pascal Makris, and Nicole Vincent 

Laboratoire d’Informatique, Université François Rabelais,  
64 avenue Jean Portalis, 37200 Tours, France 

yves.caron@etu.univ-tours.fr, {vincent,makris}@univ-tours.fr 

Abstract. This paper presents a novel approach to detect regions of interest in 
digital photographic grayscale images using power laws. The method is in-
tended to find regions of interest in various types of unknown images. Either  
Zipf law or inverse Zipf law are used to achieve this detection. The detection 
method consists in dividing the image in several sub-images,  computing the 
frequency of occurence of each different image pattern, representing this distri-
bution by a power law model and classifying the sub-frames according to the 
power law characteristics. Both power laws models allow region of interest de-
tection, however inverse Zipf law has better performances than Zipf law. The 
detection results are generally consistent with the human perception of regions 
of interest.  
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1   Introduction 

The detection of regions of interest in images is a difficult problem, which has many 
applications, such as object detection and recognition, image indexation and compres-
sion optimization. Our aim is to design a method which is generic enough to be able 
to detect regions of interest in various types of photographic static images without 
requiring previous knowledge of the scene or the objects to be detected. A possible 
application is to implement this function for automatic region of interest detection in a 
JPEG 2000 encoder. Unsupervised region of interest detection in unknown images is 
a difficult task since we cannot use color or shape information to find the objects of 
interest in the image. A possible approach is to use semi-local texture  characteristics 
to detect parts of the image which have distinctive features from the surrounding 
background.  Some existing works in this domain include Beaver et al. [1] who use a 
measure of fractal dimension to detect man-made objects in aerial images, Kadir and 
Brady [2] who use an entropy measure to detect salient regions in images, and Wang 
et al. [3] who use the statistical repartition of wavelet coefficient to extract foreground 
objects in photographic images. This paper presents a novel approach to detect region 
of interest by analyzing statistical distribution of image patterns using power laws. 
Power laws models such as Zipf law have been used in many domains, such as lin-
guistics by Zipf [4], Miller and Newman [5] and Cohen et al.[6] by Hill [7] and 
Makse and al.[8] in urban population studies, by Mantegna and al. [9] in the sequenc-
ing of the human genome, or by Breslau et al. [10] and Huberman [11] in Internet 
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traffic analysis. It has also been used in the domain of image analysis by Vincent et al. 
[12] for compression quality evaluation and by Caron et al. [13] for detecting artificial 
objects in natural environments. The problem of region of interest detection can be 
considered as a generalization of the object detection problem. In this paper we will 
first present the power laws models used, namely Zipf law and inverse Zipf law, then 
we will present how they can be used for image analysis. The detection method will 
be detailed and experimental results will be presented. 

2   Power Law Models 

2.1   Zipf Law 

This law was determined empirically in 1949 by G.K Zipf [4]. It states that in a topo-
logically organized set of symbols, the distribution of the frequency of appearance of 
the different symbol patterns, like the words in a text, follows a power-law distribu-
tion. If the n-tuples of symbols are sorted in the decreasing order, the frequency of 
appearance Nσ(i) of the n-tuple of rank i in the sequence is given by the formula (1): 

Nσ(i)=k.i-α  (1) 

In this formula, k and α are constants and the value of α characterizes the power law.  
In the distribution of words in English texts studied by Zipf, the value of α is close to 
1. This law can be graphically represented in a bi-logarithmic scale diagram called 
Zipf plot. In this graphical plot, the least-square regression slope of the distribution 
enables an estimation of the power law exponent. Power-law distributions have been 
found in all natural languages as well as in different domains such as the distribution 
of city populations, Internet traffic or the repartition of DNA sequences in the human 
genome. The interest of Zipf law model is mainly based on pattern coding. 

2.2   Inverse Zipf Law 

G.K Zipf [14] also defined inverse Zipf law. It also deals with the statistical reparti-
tion of patterns frequency but, unlike the previously described Zipf law which empha-
sizes on the most frequent patterns in the sequence, the inverse Zipf law concerns the 
least frequent patterns in the sequence. According to inverse Zipf law, the number of 
words I(f) which have the occurrence frequency f is given  by the formula (2): 

I(f) = af -b  (2) 

In this formula, a and b are constants and the value of b estimated by Zipf in his 
works on English texts is close to 2. This formulation has notably been used by Cohen 
et al. [6] for linguistic analysis. All these analysis tools designed primarily for text 
analysis can be adapted for use in different domains, in our case to image analysis. 
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3   Application to Image Analysis 

3.1   Image Pattern Coding 

We can notice an image is a discrete representation in a 2 dimensional space. In order 
to use these models designed for text analysis in the domain of image analysis, we 
must first define an equivalent of the notion of word in the case of an image. We will 
work on image patterns, each pattern is defined as a 3x3 mask of adjacent pixels. 
Then we must define a pattern coding. If the grayscale levels were directly used, the 
frequency of appearance of each particular pattern would be very low due to the great 
number of possible patterns, and the distribution of pattern frequencies would not be 
statistically significant. So we must define some coding in order to reduce the number 
of possible patterns. A possibility is to divide the gray levels scale into a relatively 
small number of classes and to affect to each pixel the value of this class according to 
its luminance value. An example of pattern coding with this method is given on 
Fig. 1. The class c(x,y) of a pixel with grayscale g(x,y) would be given by the formula 
(3), where N is the number of classes. 





=
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This value allows a significant decrease of the maximal number of patterns from   
2569 = 4.7x1021 to 99 = 3.87x108 and maintains consistency with human visual percep-
tion. With only 9 gray levels, the image structure is preserved and the main features 
are still clearly visible, as shown on Fig. 2. 
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Fig. 1. Original pattern (left) and pattern coded in 9 classes 

 
 

   
 

Fig. 2. Original image (left) and image coded with 9 gray levels (right) 
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3.2   Application of Power Law Models 

Both Zipf law and inverse Zipf law can be used to analyze an image. Analyzing an 
image with Zipf law consists in scanning the image with a 3x3 mask, coding the pat-
terns, counting the frequency of appearance of each different pattern and sorting the 
patterns by decreasing order. The distribution of pattern frequencies with respect to 
their ranks can then be plotted in a bi-logarithmic scale diagram to visualize the actual 
law. In Fig. 3 is presented an image and the associated Zipf plot. For an image coded 
by partitioning the grayscale in 9 classes, it can be noticed that, using this coding the 
actual behavior of data would be better modelized using two different power laws. In 
fact two inner structures are put to the fore. One concerns the layout of regions and 
the other concerns the contours. The left part of the curve generally contains the most 
frequent patterns in which all the pixels belong to the same grayscale class, those 
patterns represents the homogenous zones of the image. The right part is made of 
patterns which pixels belong to different classes and represent contours and non-
homogenous zones, in photographic images they are considerably less frequent. As a 
consequence, the Zipf plot can be modelized by the least-square regression straight 
lines of the two parts of the curve. The inverse Zipf plot can also be used for analyz-
ing an image. The patterns are coded in the same way as for the Zipf plot, the number 
of different patterns having each different frequency of appearance is counted, and the 
number of patterns with respect to their frequency is plotted in a bi-logarithmic scale 
diagram as shown in Fig. 4. We can notice that the left part, which represents the least 
frequent patterns, is linear. This result is in accordance with the results obtained by 
G.K. Zipf on texts. The distribution of pattern frequencies in an image follows a 
power law.  
 

   
 
 

Fig. 3. Zipf plot (right) associated to the F-16 image (left) coded by partitioning the grayscale 
in 9 classes 
 

   
 

Fig. 4. Inverse Zipf plot for the F-16 image 
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4   Region of Interest Detection 

4.1   Principle of the Method 

The objective is to detect regions of interest in images using power laws. The notion 
of region of interest is largely subjective, however some general considerations can be 
made for characterizing it. A region of interest can be defined as a region which has 
distinctive features from the rest of the image. It may be the foreground of the image, 
a region which appears less homogenous than the background, or a particular object 
in the image. In any case, it is a region which is different from the rest of the image. 
The use of power laws models will allow to find a region of the image which has a 
different distribution of texture pattern frequencies. The detection method consists in 
dividing the image into sub-images, computing the Zipf or the inverse Zipf distribu-
tion of each sub-image and classifying the sub-images according to the characteristics 
of this distribution. The size of the sub-images must be chosen properly, they must be 
large enough to have a statistically significant pattern distribution but also be small 
enough to allow a precise determination of the region of interest. The optimal size of 
the sub-images was determined experimentally, the best results were obtained for sub-
images containing about 5000 pixels and having the same aspect ratio as the initial 
image. Thus, the number of sub-images will be dependent on the image size.  

4.2   Use of Zipf Law 

As seen in Section 3, the regression lines of the two parts of the plot can represent the 
Zipf plot associated with an image. The classification method is based on the Zipf 
exponent that is  to say on the regression slopes of the two parts of the plot. The Zipf 
plot associated with each sub-image of the image will be represented by a dot in the 
plane. In this representation the horizontal coordinate represents the slope of the left 
part of the Zipf plot corresponding to the homogenous patterns and the vertical coor-
dinate represents the right part of the plot corresponding to the non-homogenous pat-
terns. The points of this graph can be classified in two clusters according to their posi-
tion with respect to the line of equation y = x. In most images, the points representing 
foreground objects tend to be situated just below the y = x line, and more precisely in 
the left part of the cluster, at the left of a vertical line in close proximity with the clus-
ter centroid. The equation of this vertical line was determined empirically to be:  

x =  Gx / 1.2  (4) 

In this formula, Gx is the horizontal coordinate of the cluster center of gravity. The 
sub-images belonging to the region of interest are situated between the two lines, as 
indicated in Fig. 4. However, not all the points situated between the two lines repre-
sent sub-images belonging to the main region of interest. In order to deal with this 
problem, only the largest connected component of the sub-images corresponding to 
these points is kept in an automatic detection of a region of interest.  

4.3   Use of Inverse Zipf Law 

A similar classification method can also be used to detect region of interest with in-
verse Zipf law. The parameters of this classification will be the inverse Zipf exponent 
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that is estimated by the slope of inverse Zipf plot, noted b in Equation (2) and the 
number of unique patterns, noted a in the same equation. The value of a depends on 
the image size, so this parameter would only be significant if all the sub-images have 
the same size. The inverse Zipf plot associated with each sub-image will be repre-
sented by a dot in a graph with log (b) as the horizontal coordinate and log (a) as the 
vertical coordinate, as seen in Fig. 5. 

 

 

Fig. 4. Classification diagram for Zipf law (left) and corresponding region of interest (right) 

 

Fig. 5. Classification diagram for inverse Zipf law (left) and corresponding region of interest on 
the image(right) 

In general, regions of interest tend to have more details than other parts of the im-
age. Consequently, the sub-images associated with these regions will have more 
unique patterns than the rest of the image sub-images because they comprise more 
specific details and they will be situated at the top of the cluster. This  part of the 
cluster may contain sub-images which do not belong to the region of interest. In that 
case, only the largest connected component is kept, as with Zipf law. The region of 
interest may contain holes; in that case we fill them by including the sub-images 
which have all the neighboring sub-images belonging to the region of interest. To 
ensure a better determination of the region of interest, the separation line between the 
two classes of the cluster can be determined dynamically, in such a way that the sur-
face of the region of interest would always be between 20% and 50% of the total 
image surface. At first the direction of the separation line is chosen with respect to the 
inertia of the set of points and it intersects the center of gravity of the cluster. If the 
area of the region of interest is more than 50% of the surface area, after extracting the 
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largest connected component and filling the holes, the separation line is raised itera-
tively by steps of 0.01 and the region of interest is recomputed until its surface area is 
50% or less of the image surface area. Inversely, if the region of interest is less than 
20% of the total image area, the separation line is lowered and the region of interest 
recomputed until it is at least 20% of the image surface area.  

In some images, especially the images of artificial objects in natural backgrounds, 
the region of interest is more uniform than the background, and it is represented by 
points situated in the bottom part of the set of points. In that case the region of interest 
would be constituted by the sub-images represented by the points below the separa-
tion line. Thus we must make the distinction between the two types of images. The 
image is considered as having a region of interest more uniform than the background 
if the average proportion of unique patterns is higher than 50% in the whole image. 
This distinction has been confirmed by experimental results. This method allows to 
detect region of interest in various types of images, the results are generally consistent 
with human interpretation. 

5   Experimental results 

The two detection methods using Zipf and inverse Zipf law have been compared with 
each other to determine which of them detects the “best” region of interest, i.e. which 
one is the more consistent with human interpretation. An example of this comparison 
is shown on Fig. 6.  In this image, the method using inverse Zipf law gives better 
results than the method using Zipf law, with Zipf law some parts of the object are 
classified as background and a significant part of the background is included in the 
region of interest. In most of the tested images, the inverse Zipf law gives better re-
sults than Zipf law for detecting objects of interest. The method has been tested in a 
set of 100 images of various subjects featuring a region of interest outlined by a hu-
man observer, the region of interest was correctly detected in 56% of the images with 
Zipf law and in 80% of the images with inverse Zipf law.  

 

     

Fig. 6. Detection results with Zipf law (left) and inverse Zipf law (right) 

It is also interesting to study the influence of the number of sub-images on the de-
tection results. The image in Fig.7 has been segmented in 8x8, 19x19 and 32x32 sub-
images, and the inverse Zipf detection method has been applied. When segmented in 
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8x8 sub-frames, the detection fails because the image is misclassified as having an 
object of interest more uniform than the background. In this case, it is the ground in 
front of the object which is detected. The segmentation in 19x19 sub-frames detects 
correctly the object of interest, and with the segmentation in 32x32 sub-frames, some 
uniform parts of the object are classified as parts of the background and textured 
background regions are classified as regions of interest. In most of the images, the 
best detection results are obtained when the surface of the sub-frames is around 5000 
pixels, which correspond to 19x19 sub-images.   

 
 

  

Fig. 7. Regions of interest detected with inverse Zipf law for a segmentation in 8x8 (left), 
19x19 (center)  and 32x32 (right) sub-images. 

6   Conclusion 

The use of a method based on power laws allows the detection of regions of interest 
in an image without previous knowledge of the image or the nature of the region to be 
detected.  Either Zipf law and inverse Zipf law can be used for region of interest de-
tection. The classification of the sub-frames of the image in function of the character-
istics of their representation by a power law can find a region of interest which is 
consistent with the human interpretation in terms of region of interest. Inverse Zipf 
law has better performances than Zipf law for region of interest detection. It finds 
more precise regions of interest, and it is able to detect regions of interest either when 
the region to be detected is more uniform than the image background or when it is 
less uniform. It is possible to find an optimal size for the sub-frames. The criteria used 
to classify the sub-frames are not the only possible, it is possible to use different crite-
ria such as pattern frequency entropy. It will also be possible to use different pattern 
codings to improve the performances of the method.  
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