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Abstract: This paper presents a general 2D object characterization and 
matching scheme based on the information provided by color and shape. We 
will focus on matching objects from generic images with complex scenes. In 
order to identify the region associated to each object, we use an unsupervised 
segmentation process based on a hierarchical representation of the image. The 
image is characterized using a uniform-scale chromatic space for the color, 
and morphological filters and deformable models for the shape and outline, 
respectively. Our method has been tested in order to retrieve objects of various 
colors and shapes. The proposed scheme is invariant to image rotation, affine 
transformations changes in illumination, and robust to small perspective and 
points of view deformations. 
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1.- INTRODUCTION. 
This paper addresses the problem of object matching from a complex image using its 2D 
shape and color information. The object-matching process consists in deciding whether two 
objects observed in different scenes can be considered as the same object. This problem has 
wide applications in image processing and computer vision, and in particular in database 
image retrieval, object recognition and image segmentation. In all these applications, a priori 
shape information is available in the form of an inexact model of the object that needs to be 
matched to the objects present in the input image. The characteristics used for object matching 
should be invariant to illumination, 2D projective transforms, small object variations, and 
accidental distortions in the information introduced by the sensor [1]. 
 
In our case, we will assume that there is no great difference in the illumination of the images, 
but that object shape may differ greatly. We will characterize an object according to three 
different sets of features: a) color features, b) shape of the area features, and c) shape of the 
outline features. From these features, we define a similarity measure from which to match the 
objects. The mathematical morphology provides us with very useful filters to extract and 
characterize objects present in an image. However, so far, not much attention has been paid to 



 

 

studying their discrimination power in combination with other outline deformation 
techniques. One of the most powerful tools provided by mathematical morphology is the size 
distribution curve. These curves are monotone curves given by the area of the object versus 
the size of the increasing structural element. We propose the use of such curves, and that they 
be associated to the four basic morphological operators: erosion, closure, aperture, and 
dilation [9][8]. However, morphology by itself is not capable of accounting for geometrical 
deformation associated to the outline of the object, and in order to take this information into 
account, a deformation contour model is introduced in order to measure the amount of energy 
necessary to deform the outline of an object to match another given outline [6]. We shall use 
the concept of modal spectrum [10] to characterize this deformation energy. 

2.- IMAGE SEGMENTATION. 
The first step of our matching process is to segment the images into color homogeneous 
regions and then to determine the features that we will allow for their characterization. 

2.1.- Color feature 
In this paper, we will use HSI as the representation space, derived from the HSV-
representation. Although segmentation mechanisms have been developed using this 
representation model, the general scheme of image matching presented would remain valid 
with any other form of representation. In [3], we can find a more detailed development of the 
above space. Geometrically, we have a space made up of two cones joined at the base by a 
cylinder. This shape basically owes itself to the movement along the intensity axis towards 
either black or white (situated at the apexes of the cones). It is meaningless to consider data 
concerning saturation or shape: black has zero intensity whereas white has maximum 
intensity; black or white with higher / lower intensity or different shades do not exist. 

2.1.1.- Edge detection in color images. 
In order to detect the border on color images, it is necessary to introduce the concept of 
gradient on these images. In order to do so, we define a distance and an order inside the color 
space. 
 
The color space used is recorded inside a cylinder for which the distance between the two 
points (colors) ),,(),,,( 22221111 ISHPISHP ==  is given by: ( ) ( )22
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The value Id  is the difference of intensity between the two points, Cd  is the difference 
between the projection of the points in a chromatic plane, and φ  is the smallest angle that 
separates 1H and 2H . The chromaticity threshold Ω  establishes the separation of the color 



 

 

representation space into two regions: the chromatic region and the achromatic region [7]. 
This separation responds to the perceptual necessity of using intensity, saturation, or tone 
when determining borders using the color points analyzed. In [2], we can find an empirical 
approach to their calculation. 
 
As there is no universally accepted natural way of ordering colors, we will order them simply 
and practically using the lexicographic order. In our case, given the two pixels ),,( 111 ISH  
and ),,( 222 ISH , we shall first compare the values of I , then those of S and finally those of 
H . In order to compare the latter component, the following criterion is used: if the smallest 
angle to pass from 1H  to 2H  is positive, we choose ),,( 222 ISH  as the largest element, and 
in all other cases, we choose ),,( 111 ISH . 
 
We shall now attempt to define a gradient on color images. As in a gray level image, we 
convolve the vectors of the color space representation with a Gaussian mask in order to 
calculate the gradient. The convolution of a color image with a 2D Gaussian mask can be 
carried out through the successive convolution of the image with two perpendicular 
unidimensional masks using the following expression: ∑ −+ −

k
kikkik mm xx , where the values 

km  represent the mask coefficients, and the ),( kiki −+ xx  represent the color image 
coefficients. In our case, x is vector of three component (H,S,I). Grouping the terms and 
pairing the corresponding pixels equidistant from where the mask is centered, we obtain the 
following equation:  
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where ),( jid xx  is the distance between the colors of the pixels ix  and jx  and 
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the ordering function described above. 

2.1.2.- Homogeneous segmentation. 
The segmentation algorithm we propose uses the information obtained from the gradients 
associated to the detected boundaries on the color image. The main difficulty in using any 
growth technique is to determine the placement of the seeds around which the regions will 
grow. The proposed iterative algorithm, detailed in [2][4], has two steps: a) to place the seeds 
along the detected boundaries; and b) to use the gradients to carry out the propagation of the 
seeds. 

2.2.- Shape features. 
By thresholding the illumination component of the segmented regions, we obtain binary 
objects. These regions are characterized in two ways: the features associated to the shape of 
the area are characterized by using morphology; and the features associated to the outline 
deformation are characterized by using the deformable contours model. 



 

 

2.2.1.- Morphological filters. 

We use size distributions curves TTT coe   ,,  and Td  associated with the morphological 
operators of erosion, opening, closing, and dilation operators, respectively. Our goal is to 
describe the region shape area from extracted features of the curves TTT coe   ,,  and Td . The 
curves characterize the objects of the image according to a variation in the relationship of 
surfaces existing between what would be the area of the object originally considered and the 
area obtained by a morphological filter for an increasing radius T of a circular structural 
element. The result of this second characteristic is a vector Z of values representing the 
response of the area of the region to the four morphological filters in a predetermined number 
of different diameters of T of equal distance.  

2.2.2.- Deformable models. 
In [6][10] a deformable outlined model was introduced  from a finite element approach. This 
model gives us an analytical expression of the vibration modes of the nodes situated on a 
closed curve. The model describes which modes and in what amplitude they need to be 
excited in order to deform a closed outline to make it look like another. In this way, the 
following indicator of the amount of deformation energy required in the process can be 
obtained: 
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where iω  represents a vibration frequency and u~  is the range of the i-th mode being 
considered. Deformation spectra may be considered to represent the magnitude of the modes 
versus frequency. In [5], it was showed how these deformation parameters can be calculated 
very efficiently. 
 
We have chosen this model of shape deformation to establish the deformation we would have 
to apply to a closed outline in order to transform it into another, and so as to be able to 
measure the energy used as a measure of the object similarity.  
 
Finally, we take the deformation spectrum of a given shape to another circular one. This must 
be done to the other shapes shown, under the same conditions of r radius and number of 
points of sub-sampled contours. In other words, all deformation spectra of the shapes shown 
will be obtained. The result of this third characteristic is a vector D of values representing the 
energy of deformation applied in a predetermined number of modes. 

3.- OBJECT MATCHING. 
Based on the features extracted in above section, we establish a distance between component 
objects of the different images according to the similarity that exists between them. The 
similarity has been established with two relevant cues: color and shape.  
 

The similarity between two areas is determined by the Euclidean distance between the vector 
of morphological characteristics of the input shape and vectors iZ  of those shapes with which 
to compare. This measure of distance allows for an indexation mechanism of the different 
shapes considered. We will therefore extract the n-first most similar shapes to the input 
prototype. A similarity threshold is defined in order to establish a rejection-class from each 



 

 

image query. We will perform this task using the morphological filtering technique showed in 
Section 2.2.1. In this way, we shall characterize the similarity by using the information 
supplied by the area filled by the shape. 

 

Once we have the subset of most similar shapes in terms of area to the one given in the input, 
a new similarity measure is established between the outline of the input shape and the ones in 
the subset. The deformable model technique showed in Section 2.2.2 will be used for this.  
 
The matching distance used is:  
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where 1D  and 2D  are the deformation labels for each of the p-considered modes. These labels 
are associated to the input object and to the object in the image. 
 
The proposed approach involves linking both techniques. The first one works as a filter to 
select a subset of shapes, and the second one will order this subset according to the similarity 
distance of the outline. The similarity measurement obtained from the color and shape process 
can be linearly combined using weights fixed according to the application. 

4.- EXPERIMENTAL RESULTS. 
The experiments on the object-matching scheme proposed have been defined with an image 
set of 160 images containing multiple objects of different shapes and colors. More than 40 
different objects were used to make up the different scenes. In each of the images, we 
established all the conditions including illumination, in order to introduce phenomena such as 
shading or changes in hue, and the positioning of the camera and objects, and so as to 
introduce phenomena of partial concealment transformations to rotation, translation, scaling, 
and weak perspective.  
 
Three experiments are presented in this paper according to the three different matching 
methods proposed: 

1. Color-based matching. This match will extract the images that contain objects with colors 
closest to the target object. In Figure 1 we can see the query and the answer obtained. The 
input image given in Figure 1.a must not be interpreted as a circular object or the 
silhouette of a dinosaur of a certain color, but rather an object of any shape with a certain 
uniform color. In Figure 1.b we can see those images (ordered by row according to the 
matching measure estimated for the selected region) from among the set of images used 
which contain a region whose color feature has been matched with the color feature of the 
input images. In this case, it is possible to see how the matching regions showed define a 
rather good segmentation of the object on the image.  

2. Shape-based matching. Through this type of match, those images that most resemble the 
shape of the target object can be extracted. The query and answer can be seen in Figure 2. 
In this case, it is possible to see how the matching regions showed define a rather good 
segmentation of the object on the image. 



 

 

3. Color and shape combination-based matching. Once we have a matching measure on the 
color and shape characteristics, we use a weighted linear combination of both measures to 
enable the matching scheme to specify what feature and to what extent it should be 
considered in order to establish the matching. Here, the images that most resemble the 
color and shape of the target object can be matched. Figure 3 show the input object and 
the answer obtained from this kind of matching. 

 
The results given in Figures 1, 2, and 3 show the images indexed in rows for each matching 
according to the criteria established in each case. At the same time, by the side of each image 
we can observe the segmented image that prompted the answer. 
 
 

 

Figure 1. Example of color-based query. 

 

Figure 2. Example of shape-based matching.  



 

 

 

Figure 3. Example of color and shape combination-based matching. 

 
In addition, we proposed an experiment to determine the number of images matched in the 
established scheme, using the matching method based on the combination of the 
characteristics of color and shape. We establish 10 images containing objects, which were 
designed by different users. In Table 1, we show the precision rate (percentage of matched 
images to the object input over the total number of matched images) and the recall rate (the 
percentage of matched images which are similar to the object input over the total number of 
images similar to the object input in the image set) for the object inputs carried out. The rows 
show the object input used and the columns show the number of matching images. 
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Table 1. a) Precision rates obtained for the different matching when we analyse the 5, 10, 15, 
and 20 most similar images. b) Recall rates obtained for the different matchings when we 
analyse the 5, 10, 15, and 20 most similar images. 
 
With the exception of input images 5 and 9, the results obtained on the precision measure 
show how we obtain a 100% precision index for the other images. In our experiments, when 
we consider the color and shape combination-based matching, the recall rate is higher than 
87.5% when we take the fifteen most similar objects in nine out of ten input images into 
account. If we compare the results obtained for the shape-based matching in Figure 1 with the 
results obtained for the color and shape combination-based matching (see Tables 1.a and 1.b), 
we can see how combining both characteristics enables a more precise matching to be 
obtained. 



 

 

5.- CONCLUSIONS. 

We have presented a scheme to characterize and retrieve an object from a complex image 
using its color and 2D shape information. The matching process includes a non-supervised 
segmentation step. Queries must be made up of only one object of uniform color. 
 
In order to match objects we have proposed a 2D shape object matching based on a 
combination of similarity measure of color (radiometric characteristic), morphological filters, 
and deformable models (geometric characteristic). For the geometric characteristic, we have 
used two well-defined steps: first, the system extracts a subset of those objects which are most 
similar to the query using the invariant characterization of finite sets based on the 
mathematical morphology. In a second step, the system reorders the shapes retrieved using the 
similarity criteria proposed by the deformable model. 
 
We have applied our object matching scheme on a test set of images. Although the size of the 
set of images is small, objects matching times never exceeded 0.9 seconds on a SUN 
Enterprise workstation with a 200 MHz processor. 

ACKNOWLEDGEMENT 
This research was sponsored by the Spanish Ministry of Science and Technology under grant 
TIC2001-3316.  

REFERENCES. 
[1]  Burkhardt, H. and S. Siggelkow. 2000. Invariant features for discriminating between 
equivalence clasess. Nonlinnear Model-Based Image Video Processing and Analysis. John 
Wiley & Sons. 
[2]   Fuertes, J.M.,  M. Lucena, N. Perez de la Blanca and J. Fdez-Valdivia. 1997. New 
methods to segmenting color images. VII Symposium Nacional de Reconocimiento de 
Formas y Analisis de Imagenes, Barcelona, pp. 233-238 
[3]  Fuertes, J.M., M. Lucena, N. Perez de la Blanca and J. Fdez-Valdivia. 1999. Feature 
extraction for an image retrieving squeme. Journal of Computer Science and Tecnology. Vol. 
1, No. 1, pp. 40-58 
[4]  Fuertes, J.M.,  M. Lucena, N. Perez de la Blanca and J. Chamorro-Martinez. 2001. A 
scheme of colour image retrieval from databases. Pattern Recognition Letters (22), pp. 323-
337 
[5]  Nastar, C. and N. Ayache. 1996. Frecuency-based nonrigid motion analysis: application 
to four dimensional medical images. IEEE Trans. on Pattern Analysis and Machine 
Intelligence, Vol. 18, No. 11, pp. 1067-1079 
[6]  Pentland, A., S. Sclaroff. 1991. Closed-form solutions for physically-based modeling and 
recognition. IEEE Trans. On Pattern Analysis and Machine Intelligence, Vol. 13, No. 7, pp. 
715-729 
[7]  Pujas, P. 1996. Analyse d’images couleur et fusion d’images 3D et couleur. Msc. Thesis, 
Université de Montpellier. 
[8]   Ripley, B. 1988. Statistical inference for spatial processes. Cambridge Universit Press. 
[9]  Serra, J. 1988. Image Analysis and Mathematical morphology, vol. 2. Theorical advance. 
Academic Press. 
[10] Sclaroff, S and A. Pentland. 1995. Modal matching for correspondence and recognition. 
IEEE Trans. On Pattern Analysis and Machine Intelligence, Vol. 17, No. 6, pp. 545-561 


