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ABSTRACT 
Several recent studies and researches focused on the combi-
nation of global and fine local region description using 
points of interest. The main benefit of global approach is that 
homogenous parts of the image can easily be described by 
means of global attributes whereas small details are ignored. 
In the other hand, as the region gets smaller and with high 
photometric variability, points of interest are more appropri-
ate to carry local description. In this paper, we propose a 
new semantic labelling of regions using their interest point 
spatial dispersion. We introduce a point-based criterion to 
label regions into homogeneous and textured classes. Our 
point based criterion is based on a point pattern analysis 
study and has been validated on a multispectral satellite im-
age database. In our work, we combine the region and point 
description by constructing a descriptor provided by a new 
semantic labelling of regions for boosting the object recogni-
tion. 

1. INTRODUCTION 

Global query is considered when retrieving entire image 
based on the overall visual aspect. On the other hand, when 
the user focuses on a small part of the image or a relevant 
detail, several local approaches are used [1]. We can distin-
guish 2 dual schemas: Region-based and Point-based de-
scriptions. Region-based queries tend to focus on visually 
homogenous patches and large regions; while point-based 
queries rely on features extraction by means of interest point 
detection [2, 3]. The latter description is carried out when 
searching precise objects or describing locally variable char-
acteristics. A region can be defined as a large set of pixels 
sharing almost similar visual attributes. In other words, a 
region is assimilated to a large homogenous area in the image 
that can be well described by global photometric features. At 
the opposite, as the region gets smaller and with high photo-
metric variability, local description is more appropriate be-
cause it catches small salient areas with characteristic details. 
Unfortunately, a simple visual descriptor will classify regions 
without any distinction between homogenous and textured 
ones. To do so, local and global descriptions are taken into 
account during the indexing process. Thus our approach 
tends to add semantic knowledge information on low level 
features by labelling regions into homogenous and textured 
classes. This dual region/points description is evaluated on 
single coarse regions using Harris colour points detector that 
catches the local photometric variability on small sites. The 

use of points of interest was motivated by their ability to 
finely describe coarsely segmented region.  
In this paper, we use the technique of point pattern analysis   
[4, 5]. This technique is based on point of interest dispersion. 
This technique leads to label regions through topological and 
spatial dispersion of points of interest. Historically, Point 
Pattern Analysis was first noted in the works of botanists and 
ecologists in the 1930s. However, in the following years, 
many different fields have also started to use point pattern 
analysis, such as archaeology, epidemiology, astronomy, and 
criminology. In general, Point Pattern Analysis can be used to 
describe any type of incident data. 
This paper is structured as follows. In Section 2, we explain 
the visual content description. First the clustering process for 
region generation and the Harris colour points extraction 
method for region description. In section 3, we present the 
point pattern analysis technique and the methods that we 
used in our work. Section 4 introduces our proposed tech-
nique that labels regions according to their spatial interest 
point topology. Some discussed evaluations are presented in 
the experimental setup. 

2. COHERENT REGION DETECTION AND FINE 
DESCRIPTION 

The construction of visual descriptors assumes that the re-
gions are relevant and also that their description is confident 
to their effective visual content. Accordingly, two crucial 
steps guide descriptors generation: coherent regions and fine 
local region description. The first step implies that the clus-
tering algorithm could reliably catch the visual photometric 
content of the region. In the second step, the regions have to 
be finely described in order to be well categorized. 
 
2.1 Coherent region detection 
The Competitive Agglomeration (CA) fuzzy partitional algo-
rithm [6] has the major advantage of determining the optimal 
number of final classes according to a stability criterion by 
minimizing the following objective function: 
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In (1), { }NixX i ,...,1, == is a set of N data representing the 
image, ( )jixd β,2 represents the distance from feature vector 

ix  to the cluster prototype
jβ , 

iju  represents the degree of 
membership of feature point 

ix  in cluster 
jβ  and [

iju ] is a 
C*N matrix called constrained fuzzy C-partition matrix. It 
should be noted that the number of clusters C in (1) is dy-
namically updated in the CA algorithm. The weighting factor 
α reflects the compacity of each cluster and balances the rela-
tive influence of each term in (1). It has a decreasing expo-
nential and adaptive expression. 
 
2.2 Fine region description 
Once the regions are defined by [6], our purpose is to de-
scribe them as informatively as possible in order to generate 
a reliable visual Descriptor that best summarizes the region 
content. Thus, we use the Harris invariant points of interest 
detector [3] to have a point-based local description of regions 
because it is more appropriate to catch tiny details. 
Gouet and Boujemaa [2] proposed a color version of the Har-
ris detector [3] for image description. The idea of the Harris 
detector is that interest points are local maxima related to the 
second moment matrix ( )Dx σσµ ,, 1  (2) and the gradient 
distribution in a local neighbourhood of a point x.  
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where 1σ is the integration scale, Dσ is the derivation scale, 
g the Gaussian (3) and L the image smoothed by a Gaussian 
(4) for each channel { }BGRi ,,∈ . 
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The Harris color extractor is defined as the positive local 
extrema of the following operator: 
          ( )( ) ( )DD xtracex σσµασσµ ,,*,,det 1

2
1 −           (5) 

This description is more accurate than with global features 
(mean color, color distribution...) since it catches the local 
and slight gradient variations around a pixel. 

3. POINT PATTERN ANALYSIS 

Point Pattern Analysis is a class of techniques that involves 
the ability to describe patterns of locations of point events 
and test whether there is a significant occurrence of cluster-
ing of points in a particular area. In general, a spatial data set 
takes the form: { }Ν∈∈= mRxxX m

kk ,/ .  
Our interest will lie in quantifying the dispersion of interest 
points within a confined region.  We apply a point pattern 
analysis technique to unsupervised label regions into ho-
mogenous or textured classes. In fact, the major property of 
this technique is that points contribute to a global dispersion 
criterion that encapsulates the following cases: 
• If a region has few extracted points of interest, or con-

centrates some points on the contours due to the coarse 

segmentation and rough contours, it is more likely to be 
labelled as homogenous (Figure 1(a)). 

• If a region is covered with high number of interest 
points, more or less regularly dispersed in the region, it 
is more likely to be labelled as textured. The region is 
characterized by an important photometric variability 
(Figure 1(b)). 

 

                    
              (a)                                                 (b) 

Figure 1 - Many points are located on the contours and confined in a 
small part of the region in (a). The points in (b) are dispersed in the 
region. 

The point pattern analysis is based on comparing the distribu-
tion of interest points detected in a given region with ran-
domly distributed points in the same region. The Complete 
Spatial Randomness (CSR) model assumes that points are 
distributed at random, which often display features that look 
like clumping. In addition, this model assumes that the mean 
density of points per unit area is known. 
There are several methods and algorithms to describe pattern 
for a collection of points. The most popular and best estab-
lished mathematical and statistical methods used in the litera-
ture are the Quadrant Count Method [7] and the Nearest 
Neighbour Distance [8]. 
 
3.1 Homogeneous Poisson Process 
The random model that will serve as our standard of com-
parison is the Complete Spatial Randomness (CSR) model 
[5, 9, 10]. The CSR model has two basic characteristics: 
   (i) The number of points in any planar region A is with    
area |A| follows a Poisson distribution with mean λ  |A|. 
   (ii) Given there are n points in A, those points are inde-
pendent and form a random sample from a uniform distribu-
tion on A. 
The constant λ  is the mean number of points per unit area. 
Also, by (i), the intensity of points does not vary over the 
plane. According to (ii), CSR also implies the events are in-
dependent of each other and there is no interaction between 
them.  
The mathematical construct that we will use to simulate a 
CSR model is the homogenous Poisson process. Please recall 
that the Poisson distribution was preferred to the Binomial 
and the Geometric distributions. Mathematically, this is ex-
pressed in the fact that for a Poisson distribution, the variance 
of the sample is equal to its mean. The geometric distribution 
has a variance to mean ratio VMR > 1, while the binomial 
distribution has VMR < 1.0. In probability theory and 
statistics, the variance-to-mean ratio (VMR) is a good 
measure of the degree of randomness of a given 
phenomenon. Therefore, to assess if a set of points are 
distributed or if there is some clusters in a given region we 
will compare the VMR of our distribution of interst points to 
the VMR of the homogeneous poisson distribution. It is well 
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known that for a Poisson distribution, the variance and the 
mean are the same. For this reason, random variables with a 
variance to mean ratio greater then one are called over dis-
persed and those with a variance to mean ratio less then one 
are under dispersed [10]. If the set of interest points are ran-
domly distributed then, the VMR is about 1.0.  
 
3.2 Quadrant Count Method 
The Quadrant Count Method can be described simply as 
partitioning the data set into n equal sized sub regions; we 
will call these sub regions quadrants. In each quadrant we 
will be counting the number of interest points that occur and 
it is the distribution of quadrant counts that will serve as our 
indicator of pattern. After partitioning the data set into 
quadrants (see Figure 2), the frequency distribution of the 
number of points per quadrant has been constructed. The 
Variance (6) and Mean are then computed to calculate the 
Variance-to-Mean Ratio (VMR). The following is the way 
we will interpret the VMR:  
• If VMR > 1.0, this implies that the set of interest points 

has one or more groups of points in clusters and large 
quadrants without points. This implies that the region 
can be labelled as homogeneous. 

• If VMR < 1.0, this implies that the set of interest points 
are distributed more or less regularly over the region. 
This implies that the region can be labelled as textured. 

• If VMR ≈ 1.0, this implies that the set of interest points 
are randomly dispersed. They have no dominant trend 
towards clustering or dispersion.  

                       
Figure 2 – Example of applying the Quadrant Count Method. 
Building of quadrants with the same size 

The variance and Mean was computed as follows: 
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Where NQ is the number of quadrants and ni is the number of 
interest points in quadrant i. The Mean is the number of 
interest points in the region divided by the number of 
quadrants. The VMR compares the number of points in each 
quadrant with the average of the points on all the quadrants. 
The main disadvantage of this method is the choice of the 
quadrant size because it can greatly affect our analysis. We 
test different quadrant sizes; we notice the smaller number of 
quadrants corresponds to larger variance. But as we divide 
the region into smaller quadrants, the variance starts 
decreasing to one. We choose the following quadrant size 
because we want to have a quadrant size proportional to the 
regions size: 2*)/( AreanSize = , where n is the number 
of all interest points detected in a given region.  Another 
disadvantage of this method is where we have VMR close to 
1.0. Then, we can’t be confident about the label that we will 
attribute to the region.  

Moreover, it has been mentioned in [7] that the Quadrant 
Count Method is not the most accurate method for 
identifying clustering of data points. The Nearest Neighbor 
Analysis would help us to be more confident about the label 
that we will attribute to all regions.  
 
3.3 Nearest Neighbour Distance 
The Nearest Neighbour method was initially introduced by J. 
G. Skellam [11] where the ratio of expected and observed 
mean value of the nearest neighbour distances is used to 
determine if a data set is clustered. Further work was done by 
P. J. Clark and F. C. Evans [8] to introduce a statistical test of 
significance of the nearest neighbour statistic in order to 
quantify the departure of the pattern from random. This test 
is of great importance because even randomly generated data 
could be labelled as clustered, but the significance test would 
reveal if the evidence for this classification is lacking.  
Not surprisingly, the nearest neighbour method is based on 
comparing the distribution of the distances that occur from a 
data point to its nearest neighbour in a given data set with the 
randomly distributed data set. The Complete Spatial 
Randomness (CSR) model assumes that interest points are 
distributed at random, which often display features that look 
like clumping. In addition, this model assumes that the mean 
density of interest points per unit area is known. After 
reviewing the derivation of the nearest neighbour method we 
will calculate the test statistic which determines whether the 
distribution is randomly distributed, uniformly distributed or 
clustered. After computing the test statistic we would like to 
know whether our result is due to a sampling error, so we 
would like to see how reliable our result is. The basic idea 
from Skellam [11] is to devise a test that would compare the 
distribution of the nearest neighbour distances for a given 
data set with nearest neighbour distances of a randomly 
distributed data set in a CSR model. The Poisson distribution 
will be used to develop a CSR model for a randomly 
distributed set of data points. For a set of interest points 
distributed in a given region A, we calculate the average 
distance from each point to his nearest neighbour [8]: 
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For a random distribution of points generated by the 

homogeneous process the average distance is equal to [11]: 
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Finally, we compute the ratio R: 

                            poisson

A

d
dR =

                              (9) 
The ratio R is interpreted as follows: 

• R < 1.0: Existence of clusters. The points are more 
grouped than the points generated by the random 
distribution. Therefore, the region can be labelled as 
homogeneous. 

• R > 1.0: the points are more dispersed than the points 
generated by the random distribution. The region can be 
labelled as textured. 
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• R ≈ 1.0: the points have no trend to be clustered or dis-
persed. 

For values of R very close to 1.0, it is necessary to do 
statistic test of significance to judge the robustness of the 
result. 
 
3.4 Test of Significance 
Clark and Evans [8] proposed a test to indicate whether the 
observed average nearest neighbour distance was 
significantly different from the mean random distance. The 
test is between the observed nearest neighbour distance and 
that expected from a random distribution and is given by: 

                    
σ

EA ddT −
= ,                            (10)  

T is the significance of departure from random expectation. 
σ  is a standard deviation of expected mean distance to the 
nearest neighbour 

               
N
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22

2 σσσ +
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Where N is the number of interest points in the given region. 
There have been other suggested tests for the nearest 
neighbour distance as well as corrections for edge effects (for 
more details see [10]). However, equations (10) and (11) are 
used most frequently to test the average nearest neighbour 
distance. 
After having carried out the test of total significativity, it is 
interesting to carry out the test of partial significativity. We 
have to choose a degree of confidence which corresponds to 
a probability in the table of Student, P=0.05 for example. The 
value T observed is compared with the value from the table 
of Student. If |Tobserved| is greater than the corresponding value 
in the table of student, the difference between the two means 
is to 95% significant. The number of degrees of freedom for 
the distribution of points is N-1. 

4. OUR PROPOSED APPROACH 

In this paragraph, we present the decision algorithm that we 
introduced to label regions into homogeneous or textured. 
We have used both the Quadrant Count Method and the 
Nearest Neighbour Distance. We have also used the 
significance test if we obtain different labels by these two 
methods. 
To label regions into homogeneous and textured, we have to 
follow these steps: 
1) Apply the quadrant Count Method and attribute a label 

LQCM  to the given region A. 
2) Apply the Nearest Neighbour Method and attribute a 

label LNNM  to the given region A. 
3) If  LNNM  = LQCM  then final label LFinal  = LNNM  = LQCM   

Else apply the Fisher Student’s test 
If |Tobserved| > TStudent   then  LFinal  = LNNM   
Else LFinal  = LQCM   

5. EXPERIMENTAL SETUP 

In our evaluation, we first segmented a generic database con-
taining about 1500 Multispectral satellite images with differ-
ent spectral resolutions and spatial resolutions ranging be-

tween 1m and 20m. This process provides about 7 regions 
per image, and then we apply our criterion on about 10000 
regions. Points are detected using the Colour Harris detector 
[2]; each image with size 512*512 pixels is described by 
about 1000 points of interest. Many types of areas (urban, 
Mountain, sea, lake …) are present in our database (see Fig-
ure 3). 
Accordingly, two crucial steps guide our method: coarse and 
coherent regions; and fine local region description. The first 
step implies that the segmentation could be rough regarding 
contours sharpness but reliable enough to catch the visual 
photometric content of the region. When applying the 
Competitive Agglomeration algorithm [6], we tried to 
eliminate the small regions. 
In the second step, the regions detected have to be finely 
described by interest points in order to be well labelled. We 
have used Harris detector [2] for region description: starting 
from a multispectral image i, we extract Ni points of interest. 
Given the segmentation mask obtained by the CA algorithm, 
for each region j, we extract j

iN  points.  
We present in Figure 3 an example of 4 images where we 
tried to label respectively the following regions: sea in Figure 
3.a (blue colour), mountain area in Figure 2.b (red colour), 
lake in Figure 3.c (yellow colour) and urban area in Figure 
3.d (white colour).  
 

  
(a)  sea                         (b)  mountain 

  
(c) lake                            (d) urban 

Figure 3 – Example of different regions (sea, mountain, lake, urban) 
respectively in figures (a), (b), (c) and (d) 

In Figure 3, we have Examples of homogenous labelled re-
gions: they encapsulate perceptually homogenous regions as 
well as those resulting from point’s accumulation over bor-
ders and grouping on small details. We also have Examples 
of textured labelled regions: they gather textured patches and 
fully covered regions denoting of an important photometric 
variation. We compute in Table1 the VMR, R and the label 
determined by our proposed algorithm for the regions pre-
sented in Figure 3. Notice, from Table 1 that for region 1 and 
region 4 which represent Figure 3.a and Figure 3.d, we have 
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got the same label by the QCM and the NNM. For all regions 
in our database where we obtained the same label by the two 
methods we have made test of significance to judge the ro-
bustness of the point 3) of our proposed approach and it was 
found that in 91% of the regions tested we obtained the good 
label.  
 

 Number of 
interest points 

VMR R Label 

Region 1 37 2.891 0.315876 homogeneous 

Region 2 228 1.393 1.689345 textured 

Region 3 136 1.227 1.775689 textured 

Region 4 467 0,172 3.136781 textured 

 Table 1: VMR, R and label computed for the regions pre-
sented in Figure 3 
 
For region 2 and region 3 which represent Figure 3.b and 
Figure 3.c, we have got different labels. The values of VMR 
and R were close to 1.0.  In order to see whether this result is 
statistically significant we conduct a test of significance 
For region 2 and region 3 we obtained |Tobserved| > TStudent . 
Then regions were labelled textured. It’s the label given by 
the Nearest Neighbour Method. For region 2, the size of the 
quadrant was 16*16 pixels and for region 3 18*18 pixels. 
Combining these two methods allowed us to attribute the 
label textured to these two regions with 95% of confidence. 
For visual Descriptor construction, we used a colour histo-
gram for homogeneous labelled regions and correlogram [12] 
for textured labelled regions. 

6. CONCLUSION 

In this paper, we presented a new approach based on point 
pattern analysis to label regions into homogeneous or tex-
tured. The Complete Spatial Randomness (CSR) model is 
one way to simulate data points that occur at random and the 
Poisson distribution provides a convenient tool for this 
model. The computation of a test statistic was used for classi-
fying the distribution of interest points as being randomly 
distributed, uniformly distributed or clustered. A test of sig-
nificance was found that provided a measure of how far re-
moved the observed result is from the random model. We 
proposed a new algorithm to label regions. It was then ap-
plied to a set of multispectral satellite images with different 
spatial and spectral resolutions.  Our new method encapsu-
lates the coarse description of regions and the fine localiza-
tion of interest points to label regions according to their 
structure depicted by spatial topology and dispersion of in-
terest points. Many directions can derive from the coupled 
use of points/regions description. One possibility is boosting 
technique for object recognition. 
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