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Abstract Besides traditional applications (e.g., CAD/CAM and Trademark registry), new multimedia applications such as structured video, animation, and MPEG7 standard require the storage and management of well-defined objects. These object
databases are then queried and searched for different purposes. A sample query
might be “find all the scenes that contain a certain object.” Shape of an object is an
important feature for image and multimedia similarity retrievals. Therefore, in this
study we focus on shape-based object retrieval and conduct a comparison study on
four of such techniques (i.e., Fourier descriptors, grid based, Delaunay triangulation,
and our proposed MBC-based methods (e.g., MBC-T PV AS)). We measure the
effectiveness of the similarity retrieval of the four different shape representation
methods in terms of recall and precision. Our results show that the similarity retrieval
accuracy of our method (MBC-TPVAS) is as good as that of the other methods,
while it observes the lowest computation cost to generate the shape signatures of
the objects. Moreover, it has low storage requirement, and a comparable computation cost to compute the similarity between two shape signatures. In addition,
MBC-TPVAS requires no normalization of the objects, and is the only method that
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has direct support for S-RST query types. In this paper, we also propose a new shape
description taxonomy.
Keywords Shape representation · Shape similarity · Similarity measure ·
Image retrieval

1 Introduction
Several applications in the areas of CAD/CAM and computer graphics require to
store and access large databases. A major data type stored and managed by these
applications is representation of two dimensional (2D) objects. Objects contain many
features (e.g., color, texture, shape, etc.) that have meaningful semantics. From those,
shape is an important feature that conforms with the way human beings interpret
and interact with the real world objects. The shape representation of objects can
therefore be used for their indexing, retrieval, and as a similarity measure.
The object databases can be queried and searched for different purposes. For
example, a CAD application [2] for manufacturing might intend to reduce the cost
of building new industrial parts by searching for reusable existing parts in a database.
For an alternative trade mark registry application [3], one might need to ensure
that a new registered trademark is sufficiently distinctive from the existing marks by
searching the database. Meanwhile, new multimedia applications such as structured
video [7], animation, and MPEG-7 standard [23] define specific objects that consist
in different scenes of a continuous presentation. These scenes and their objects can
be stored in a database for future queries. A sample query might be “find all the
scenes that contain a certain object.” Therefore, one of the important functionalities
required by all these applications is the capability to find objects in a database that
match a given object.
This study is different from the work in computational geometry, pattern recognition and computer vision. In computational geometry, the main focus of the research
is in developing algorithms to compare two given objects to see if they match or
not. Although, we eventually employ variations of these comparison algorithms to
eliminate false hits, the major focus is on filtering techniques to minimize false hits.
In pattern recognition and computer vision the goal is to recognize objects in a given
scene (e.g., by using edge detection algorithms). In our work, the set of objects in the
database is already well defined by their vector representations either manually as
a result of a drawing software or automatically as a result of an object recognition
algorithm.
There is a variety of techniques that has been proposed in the literature for shape
representation [13, 24]. In [13], shape representation techniques are divided into two
categories: boundary-based and region-based. Boundary based methods use only
the contour or border of the object shape and completely ignore its interior. On
the other hand, the region based techniques take into account internal details (e.g.,
holes) besides the boundary details. The purpose of this paper is to evaluate and
compare the performance of four boundary based methods for shape representation
and retrieval: Fourier descriptors method F D [21] (based on objects’ shape radii),
grid-based method GB [19] (based on chain codes), Delaunay triangulation method
DT [24, 25] (based on corner points), and MBC-based methods (based on minimum
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bounding circles and angle sequences). Three MBC-based approaches to shape
representation and similarity measure were proposed by the authors in [17, 22]. We
compare the retrieval performance of one of them (MBC-TPVAS) with that of the
other two more established methods (i.e., FD, and GB) that were used in some
commercial systems [13] and as bases for different comparison studies in [13, 19].
In addition, MBC-TPVAS is compared to a new method based on a new indexing
technique (i.e., DT) [24]. Moreover, we tested MBC-TPVAS method for robustness
to noise by performing queries on a database of noisy shapes.
Although MBC-TPVAS uses simple attributes such as minimum bounding circles
and angle sequences (simple to extract), these attributes were shown to be translation, rotation, and scale invariant in [22]. Furthermore, MBC-TPVAS has low storage
requirement and has the lowest computation cost to generate the shape signatures
of the objects. Moreover, it has a comparable computation cost to compute the
similarity between two shape signatures. In addition, the similarity retrieval accuracy
of MBC-TPVAS is comparable to the other methods.
In some application domains, the support of S-RST query types in which the
matching objects could be within a specified rotation angle (R), scaling factor (S),
translation vector (T), or any combination of the three is essential (see [22] for
further details). An example is, searching for similar tumor shapes in a medical image
database [11]. A tumor is represented by a set of 2D images, each corresponding to a
slice cut through its 3D representation. A method for retrieving similar tumor shapes
would help to discover correlations between tumor shape and certain diseases. Besides the shape, the size and the location of the tumor would help in the identification
of patients with similar health history. With TPVAS, a subset of the MBC features
(i.e., radius r, center C, and start point SP) could be utilized to support S-RST query
types. On the other hand, the other three methods cannot support S-RST queries.
This is due to either the use of normalization, or lack of extracted features that
could support such queries. In addition, this study introduces a new shape description
taxonomy where we classify techniques that were not considered in previous studies
[13, 24, 25] (e.g., turning angle, collinearity, . . . etc.).
The remainder of this paper is organized as follows. Section 2, provides some
background on related work. We present our proposed shape description taxonomy
in Section 3. In Section 4, we describe different types of shape retrieval methods
considered in this study. Section 5 briefly describes index structures previously
proposed by the authors to support shape retrieval using the MBC-based methods.
Section 6 discusses some of the drawbacks of the alternative shape description
techniques. Section 7 reports on the performance results obtained from a set of
experiments. Finally, Section 8 concludes the paper and provides an overview on
our future plans.

2 Related work
As mentioned in Section 1, this work is different from the studies in the area
of pattern and object recognition as well as the area of computational geometry.
Therefore, in this section, we focus on the related works in the database area in
order to distinguish this study from the others. Towards this end, we categorize
those works into two groups. The first group investigates techniques to speed up the
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similarity between 2D objects based on shape, while the second group focuses on 1D
sequences.
The first group of studies [5, 6, 8, 10, 13, 15], investigates techniques to speed up
the search of 2D “similar” objects to a target object based on their shapes. There is a
variety of techniques that has been proposed in the multimedia information systems
area for shape representation [8, 13, 15]. Examples of those techniques are Fourier
descriptors method (FD) [8, 15, 21] (based on objects’ shape radii), grid-based
method (GB) [12, 19] (based on chain codes). They were used in some commercial
systems [13] and as bases for different comparison studies in [12, 13, 19, 20]. In addition, a new method based on a new indexing technique (i.e., Delaunay triangulationDT) was proposed in [24]. With Delaunay triangulation, the shape features used are
invariant under uniform translation, scaling, and rotation. However, with Delaunay
triangulation, histogram-based representation is not very discriminative and is not
unique, i.e., objects of different shapes may have the same feature point histogram
representation. In addition, choosing a histogram with a small number of bins
provides less discriminating ability. Both FD and GB are variant to rotation, and
scaling. Therefore, shape signatures obtained for the same object with different
orientations or with different scales are different. Hence, given the shape signature
of an object, a normalization procedure is required to normalize the object such that
its boundary has a standard size, and orientation. In addition, GB, FD, and DT are
unable to support S-RST query type. With GB and FD, normalization is used so that
the objects fit into a prespecified mesh, or force the boundaries to have a standard size
and orientation, respectively. While the DT representation provides no information
about the size, and orientation of the original objects.
The second group [1, 4] of approaches in the database literature focuses on
speeding up the similarity search for one dimensional sequences. These techniques
try to reduce the dimensionality of the problem. First, they map the vectors from the
original space into a space of the same dimensionality using a transformation that
preserves all information available about the original vectors. Second, they select the
most significant components from the transformed vectors and build up an index on
the reduced size vectors. These studies can be considered as a complement to our
work. This is because we use object features in order to reduce the dimensionality
into single dimension sequences and then we can utilize their proposed techniques to
speed up the search further.

3 Shape description taxonomy
The main objective of shape description in object recognition is to measure geometric
attributes of an object, that can be used for classifying, matching, and recognizing
objects (see [13] for an overview). There are various methods for shape representation. For example, the study in [13], provides an overview of shape description techniques. It categorizes the techniques into boundary based and region based methods.
Boundary based methods use only the contour of the objects’ shape, while the region
based methods use the internal details (e.g., holes) in addition to the contour. The
region-based methods are further broken into spatial and transform domain subcategories depending on whether direct measurements of the shape are used or
a transformation is applied. A drawback of this categorization is that it does not
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further sub-categorizes boundary based methods into spatial domain and transform
domain methods. For example, Fourier descriptors method can be considered as a
technique in transform domain, while chain codes can be considered as a spatial
domain technique. Another drawback of this categorization is that it assumes that
structural techniques (e.g., 2D-strings) are a sub-category of region-based, under
spatial domain techniques. However, we believe that structural techniques such as
2D-strings are spatial similarity based techniques, in which the retrieval of objects is
performed based on the spatial relationships among objects and not shape retrieval
techniques (see Fig. 1).
In another study [25], shape description techniques were broken into two different
categorizes: transformation based and measurement based categories. They further
breakdown the transformation based category into two sub-categories: functional
and structural categories, however, it is not clear what criteria is used to this end.
Some drawbacks of this categorization are that it does not distinguish between
boundary or region based techniques, and sometimes it miss categorizes some
techniques. For example, chain code technique is categorized as a transformationbased technique, while it is a measurement-based technique. Another example is that
silhouette moments is considered as a region-based technique but not as a boundarybased technique. Therefore, we introduce a new shape description taxonomy in
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Fig. 1 A taxonomy of shape description techniques
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Fig. 1. We also included additional techniques that were not considered before in
[13, 25] (e.g., turning angle, collinearity, . . . etc.).

4 Alternative boundary-based shape description techniques
This study compares four boundary based methods for object shape descriptions:
Fourier descriptors method (FD) [21], grid-based method (GB) [19], Delaunay triangulation method (DT) [24], and MBC-based methods (MBC-TPVAS, MBC-TPAS,
and MBC-VAS) [22].
4.1 MBC-based methods
This approach for shape representation was proposed by the authors in another
study [22]. We proposed three MBC-based shape representation methods (MBCTPAS, MBC-VAS, and MBC-TPVAS) based on features that are extracted from the
object’s minimum bounding circle (MBC). Those features are the center coordinates
of MBC, the radius of MBC, the set of touch points on MBC (TPs), touch points
angle sequence (TPAS), vertex angle sequence (VAS), and the start point of the
angle sequence (SP). Figure 2 depicts an example of an object with its six identified
features. In Fig. 2b the MBC of an object is computed and its touch points are
identified as the vertices that lay on its MBC (denoted by X). Figures 2c and d
show the touch points and vertex angle sequences, respectively. For the algorithms
to extract the MBC features as well as their formal definitions see [22].
With the MBC-based methods, the shape descriptor of an object depends on
a subset of the six MBC features. Each method starts by obtaining a feature
function of the object called shape signature f (k). To obtain f (k), four steps are
required. The minimum bounding circles of the objects are first computed. Second,
MBC features such as angle sequences (TPAS, and VAS) and number of touch

Fig. 2 MBC features
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points (TP) are identified. Third, the object’s shape signature is identified as the
sequence combination of TP, TPAS and/or VAS where: MBC-TPAS uses a sequence
combination of TP and TPAS; MBC-VAS uses only VAS; and MBC-TPVAS uses a
sequence combination of TP and VAS. Finally, a unique object representation is
obtained as the discrete Fourier series expansion of the object’s shape signature.
The Fourier coefficients obtained are used for shape representation, index key, and
shape similarity computation. The discrete Fourier transformation (DFT) of a shape
signature is given by:
N−1
1 
F(u) = √
f (k) exp(− j 2π uk/N) u = 0, 1, . . . , N − 1
N k=0

(1)

where N is the number of vertices of the polygon representation of an object.
Although the MBC-based methods use simple attributes such as minimum bounding circles and angle sequences, these attributes were shown to be translation,
rotation, and scale invariant in [22]. This is because, first when angle sequences are
computed, only the angle between two vectors connecting the center of the MBC
and the object’s points are recorded. Thus, angle sequences does not depend on the
exact coordinates of the points making the shape signatures of the objects translation
invariant. Second, rotating two intersecting vectors in space does not change the
angle between them. In addition, by taking the magnitude of F(u) (i.e., |F(u)|),
we are insuring that the angle sequence is independent of the choice of the start
point. Hence, the MBC-based methods are also invariant to rotation. Finally, when
applying uniform scaling to an object (assuming that the origin of the coordinate
system is the center of the MBC), we are only changing its size and not its shape.
Changing the size means that only the proportion of the distances between the points
of the object and the center of its MBC are changing. Therefore, the new object’s AS
is equivalent to the old object’s AS. Hence, MBC-based methods are also scaling
invariant. In sum, the similarity measure is independent of object’s position, scale,
and rotation (i.e., objects does not need to be normalized).
The difference between two objects is the Euclidean distance between their
corresponding feature vectors. Hence, the similarity measure of the MBC-based
methods is that two objects are similar in shape, if and only if the Euclidean distance
between their feature vectors is less than a prespecified threshold.
An example is illustrated in Fig. 3. Figure 3a shows an object with nine vertices
with its minimum bounding circle, and touch points. Figure 3b shows the vertex angle
sequence of the object and its shape descriptors f (k) using MBC-TPVAS method.
A major observation is that MBC features are unique per object. In addition, a
subset of the MBC features (e.g., TPAS, VAS, and TPs) are translation, scaling and
rotation independent. This subset of features could be utilized to support query types
in which the matching objects could be invariant with respect to translation, rotation
and scaling (I-RST). It could also be utilized to support query types in which the
matching objects could be within a specified rotation angle, scaling factor, translation
vector, or any combination of the three (S-RST). We use object’s SP to check if (and
how much) it is rotated, object’s r to check if (and how much) it is scaled, and the
vertex coordinates of the object’s C to check if (and how much) it is translated (see
[22] for further details).
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Fig. 3 MBC-TPVAS method
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4.2 Fourier descriptors method
The FD method [9, 12, 13, 15, 19–21] obtains an object representation in the frequency domain as complex coefficients of the Fourier series expansion of the object’s
shape signature. The method starts by obtaining a feature function of the object
called shape signature f (k); which could be curvature based, radius based, or
boundary coordinates based. f (k) is also called the Fourier descriptors (FDs) of the
boundary. In the next step, a discrete Fourier transform of the shape signature is
obtained. The Fourier coefficients obtained are then used for shape representation,
index key, and shape similarity computation. The discrete Fourier transformation
(DFT) of a shape signature is given by:

F(u) =

N−1
1 
f (k) exp(− j 2π uk/N) u = 0, 1, . . . , N − 1
N

(2)

k=0

where N is the number of samples of f (k).
Direct representation (e.g., radii) captures each individual detail of a shape,
however, it is very sensitive to small changes and noise. As a consequence, a small
change in the coordinates of the objects’ boundary points may lead to a very different
shape signature, hence, very poor retrieval performance. On the other hand, Fourier
transformation captures the general feature of a shape by converting the sensitive
direct representation measures into frequency domain. As a result, the data is more
robust to small changes and noise. Therefore, Fourier transformation is used as shape
representation instead of the direct representation (see [12] for further details).
A popular shape signature is the shape radii (or centroidal distance) which
computes the distance between points uniformly sampled along the object boundary
and its centroid (its center of mass). FD method is translation invariant, however,
it is rotation and scaling variant. This is because, first when shape radii are used,
only the distances between points are recorded and not the exact coordinates of the
points. Thus, the shape signatures of the objects are translation invariant. Second,
shape radii computes the distance between points uniformly sampled along the object
boundary and its centroid. Thus, rotating an object would change the distances
making the shape signatures of the objects rotation variance. Finally, in order to
scale normalize the objects’ FDs, the magnitude of all F(u)s are divided by the
magnitude of F(0). As a result of normalization a new feature vector, which is
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Fig. 4 Fourier descriptors
method
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invariant to translation, rotation and scale, can be generated as follows: F N =
[|F(1)|/|F(0)||F(2)|/|F(0)| . . . |F(N)|/|F(0)|]T [12].
The difference between two objects is defined as the Euclidean distance between
their corresponding feature vectors. Hence, the similarity measure of FD is that two
objects are similar in shape, if and only if the Euclidean distance between their
feature vectors is less than a prespecified threshold. In other words, they have the
same set of distances between their centroids and their sampled boundary points.
An example is illustrated in Fig. 4, where Fig. 4a shows an object with its eight
sampling points and its centroid, and Fig. 4b shows the radii distances and the Fourier
descriptors f (k) of the boundary.
4.3 Grid based method
An alternative approach for shape representation is the GB method [12, 13, 18–20].
With this method, an object is first normalized for rotation and scale. Then, the object
is mapped on a grid of fixed cell size. Subsequently, the grid is scanned and a 1 or 0 is
assigned to the cells depending on whether the number of pixels in the cell which are
inside the object are greater than or less than a predetermined threshold. Finally, a
unique binary number is obtained as the shape representation by reading the 1s and
0s assigned to the cells from left to right and top to bottom. To improve the efficiency
of this method, another shape feature, called eccentricity [19], was used. Eccentricity
of shape is the ratio of the number of cells used in x-direction to the number of cells
used in the y-direction to represent a shape. Therefore, for two objects to be similar,
their shape signatures and their eccentricities values should be similar.
GB method is translation invariant, however, it is rotation and scaling variant.
This is because, first the shape signature is independent of object’s vertices. Thus,
the shape signatures of the objects are translation invariant. Second, the binary
number of an object depends on the spatial relationship between the grid cells and
the objects’ boundaries, and also on both the grid and the object sizes. Hence, binary
numbers obtained for the same object with a different orientations in space or with
different scales will be different. As a consequence, normalization (rotation and
scale) of the object boundaries prior to indexing is crucial. Rotation normalization is
achieved by rotating the shape to make its major axis1 parallel to the x-axis. Scaling
normalization is achieved by first choosing a fixed length of the major axis, called
the standardized major axis. Subsequently, the shape is scaled along the major axis

1 Major

axis of a shape is the line connecting the two points on the shape boundary that are farthest
away from each other.
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Fig. 5 Grid based
method—object mapping and
representation
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such that its major axis becomes equal to the length of the standardized major axis.
To maintain the perceptual similarity of the object, it is also scaled along the minor
axis proportionally. The minor axis is perpendicular to the major axis and of such
length that a rectangle with sides of major axis and minor axis defines the minimum
bounding rectangle of the object.
The difference between two objects is the number of cells in the grids which are
covered by one shape and not the other, which is the same as the sum of 1s in the
result of the exclusive OR of their binary numbers. Hence, the similarity measure of
GB is that two objects are similar in shape, if and only if the difference between their
binary representations is less than a prespecified threshold, and they have similar
eccentricities.
An example is illustrated in Fig. 5, where the objects are mapped on to a grid of
fixed cell size in a manner such that the objects are justified to the top left corner
(i.e., assuming that the objects do not need to be normalized). The binary numbers
obtained for the objects in Fig. 5a and b are “110001110 111111111 111111111
111111110 111111100 001110000” and “000000110 000011100 001111100 111111100
111111110 011111111,” respectively. Hence, the difference between the objects is 20.
4.4 Delaunay triangulation method
DT shape representation is a histogram-based approach [24, 25]. Given an object,
corner points are used as the feature points of the object. Corner points are generally
high-curvature points located along the crossings of an object’s edges or boundaries.
Then a Delaunay triangulation of these feature points is constructed. Consequently,
a feature point histogram is obtained by discretizing the angles produced by this
triangulation into a set of bins and counting the number of times each discrete
angle occurs in the triangulation. In building the feature point histogram, a selection
criteria of which angles will contribute to the final feature point histogram is set.
For example, the selection criteria could be counting the two largest angles, the two
smallest angles, or all three angles of each individual Delaunay triangle.
The difference between two objects is the Euclidean distance between the corresponding bins of the objects’ feature point histograms. Hence, the similarity measure
of DT is that two objects are similar in shape, if and only if the euclidean distance
between their feature point histograms is less than a prespecified threshold. In other
words, they have the same set of feature points. Thus, each pair of the corresponding
Delaunay triangles in the two resulting Delaunay triangulations must be similar
to each other. The angles of the resulting Delaunay triangles of a set of points is
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Fig. 6 Delaunay triangulation method

invariant under uniform translations, scaling, and rotations. Therefore, the similarity
measure is independent of object’s position, scale, and rotation (i.e., objects do not
have to be normalized). This approach also supports an incremental approach to
image object matching, from coarse to fine, by varying the bin sizes.
An example is illustrated in Fig. 6, where Fig. 6a shows an object that consist of ten
feature points (corner points). Figure 6b shows the resulting Delaunay triangulation.
While Fig. 6c shows the resulting feature point histogram built by counting all three
angles of each individual Delaunay triangle with bin size of 10 degrees.
4.4.1 Modified Delaunay triangulations method
Optimally, a straight line could be represented by its two end points. However,
typical edge detection algorithms used to generate shape files introduce more than
two points to represent a straight line. The extra points make the straight line looks
like a jagged line (like saw edge). With DT, corner points are used to reduce the
number of vertices to represent the shapes while maintaining its general characteristics. However, in our modified Delaunay triangulation method (M-DT), we employ
a three pass algorithm. Wherein each pass, we try to identify the straight lines on
the boundary of the shape and eliminate the extra points representing the line. Our
results show that DT is very sensitive to the technique used to find the representative
vertices of the objects. Therefore, the accuracy of our modified DT (M-DT) is higher
than the original DT.

5 Index structures and spatial queries
In [22], we presented a multi-step query processing method that efficiently supports
the retrieval of 2D objects. We showed how our proposed MBC-based methods
can be used for efficient retrieval of 2D objects by utilizing three different index
structures ITPAS , IVAS , and ITPVAS based on features that are extracted from
the objects MBC. These features can help us in both reducing the complexity of
comparison algorithms and building index structures to search only a subset of the
candidate objects for match queries. We focused on three variations of match queries
(EM, RST, and SIM) to cover cases where the database is searched for exactly
identical objects; identical objects that are rotation, scaling, and translation invariant;
or similar objects per our definition of similarity. Our performance results showed
the superiority of our techniques as compared to a naive method with a minimum
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margin of 40% improvement in the I/O cost, and orders of magnitude improvement
in CPU cost. We also identified that the index structure based of the MBC-TPVAS
is the superior one among the three, independent of the size of the database and the
number of vertices of the objects. Therefore, in this study, we will only focus on the
performance on MBC-TPVAS method.
Besides similarity retrieval, in [16] we describe the support of spatial queries (i.e.,
topological and direction queries) using our MBC features. We investigated the
usefulness and feasibility of utilizing the same MBC approximations and identified a
subset of MBC features that could be utilized to support such queries. As a result,
there is no need to maintain two approximations (i.e., MBR and MBC) per object
for efficient support of different queries (i.e., similarity and spatial).

6 Discussion
This section describes general comparison criteria that can be used to distinguish
between different shape retrieval techniques, and points out some of the drawbacks
of the alternative shape description techniques.
Normalization With GB and FD, the shape representations obtained for the same
object with different orientations in space or with different scales are different.
Therefore, the normalization of the object boundaries prior to indexing is crucial
to meet the uniqueness criteria of the shape descriptor. DT and MBC-TPVAS use
simple shape attributes such as the angles of the resulting Delaunay triangles of a set
of points, MBC and AS. These attributes were shown to be translation, rotation, and
scale invariant. Therefore, no normalization is required.
Support for S-RST queries With RST query type we are interested in finding all
objects in a set of objects that are exactly identical to a query object regardless of
its size and orientation (termed I-RST), or with a specified size and/or orientation
(termed S-RST). With MBC-TPVAS, a subset of the MBC features (i.e., r, C, and
SP) could be utilized to support RST queries (see [22] for further details). On the
other hand, the GB, FD, and DT methods are unable to support bot I-RST and SRST. With GB and FD, normalization is used so that the objects fit into a prespecified
mesh, or force the boundaries to have a standard size, and orientation, respectively.
Therefore, they can support I-RST but not S-RST. DT representation provides no
information about the size, and orientation of the original objects, and hence can
also support I-RST but not S-RST.
Different shape signatures per object GB performs rotation normalization by rotating the original object until its major axis is parallel with the x-axis. The object could be rotated either clockwise or counterclockwise. Hence, two different
shape signatures are maintained for each object. Furthermore, an object may have
multiple major axes. Therefore, two more shape signatures should be maintained
for the object per each additional major axis. With FD, a shape signature is constructed using shape radii of points uniformly sampled along the object boundary. These points are not the exact coordinates of the object vertices, therefore,
using different sampled points leads to different shape signatures.Size of shape
signature With GB, there is a tradeoff between the number of grid cells and both
the time required to create object’s signatures and similarity computation time
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during retrieval. The smaller the cells the greater the accuracy with which the
shapes can be indexed but the more computationally complex the signature generating task and the similarity measure computation. In addition, depending on the
minor axis, the binary number obtained for each shape might be of different lengths.
Consequently, it would be more difficult to index these numbers using spatial indices
that require fixed dimension (e.g., R-tree).
Shape representation inaccuracy With GB, the binary numbers obtained for shapes
when using a grid of fixed cell size becomes increasingly inaccurate for shapes with
larger eccentricities. A proposed solution in [19] is to use an adaptive grid size which
will vary the grid layout in a manner that the shape is most effectively indexed while
generating a binary number of fixed length. A drawback is that it is no longer possible
to cluster/classify objects according to their eccentricities.
Choice of parameters With GB, both the shape and the grid size affect the derivation
of the binary number. Hence, an optimum standardized major axis size, and the
number of pixels inside a grid should be selected carefully. With DT, choosing a
histogram with a small number of bins is less discriminating. The coarser the bin size
of the feature point histogram is, the worse the overall effectiveness of the shape
matching becomes. Therefore, the size and the number of histogram bins should be
selected carefully. In addition, the choice of the angle selection criterion influences
the ability of object shape discrimination. Moreover, its performance depends on the
shape representation scheme, which in turn depends on the quality of the technique
used to find the corner points (high-curvature points).

7 Comparison study
Section 7.1 provides cost analysis for the different methods and compares their efficiency in terms of computation and storage requirements. In Section 7.2, we describe
the implementation of our prototype shape retrieval system. Finally, Section 7.3
reports the experimental results of the retrieval accuracy of the four different shape
representation methods (i.e., FD, GB, M-DT, and MBC-TPVAS).

7.1 Analytical comparison
This section provides cost analysis for the different methods and compares their
efficiency in terms of computation and storage requirements. From Table 1(a) we
can conclude that both MBC-TPVAS and FD have the lowest storage requirement,
while M-DT requires the largest storage requirement. GB requires larger storage
than M-DT if the objects have multiple major axes. Both GB and M-DT, require
some additional temporary storage to perform their algorithms. Table 1(b) shows the
computation cost to generate the shape signatures of the objects. We can conclude
that MBC-TPVAS has the lowest computation cost and GB the highest. Both M-DT
and FD have comparable computation costs due to the use of Delaunay triangulation
algorithm. However, Table 1(c) shows that GB requires the lowest computation
cost to compute the similarity between two shape signatures, while the other three
methods have comparable computation costs.
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Table 1 Costs
GB

M-DT

FD

MBC-TPVAS

a) Storage cost (n objects)
2 ∗ n ∗ SS+ 8 ∗ n
and temp px/8

4 ∗ n ∗ nb and
temp 3 ∗ N

8 ∗ n ∗ fn

8 ∗ n ∗ fn

DT:
O(NlogN),
and SG: O(N)

DT:
O(NlogN),
FC:O(r2 ), and
SG: O(r)

MBC: O(N),
and SG (DFT):
O(N)

nb int sub ,
nb int mult,
and
nb − 1 int add

f n f loat sub ,
f n f loat mult,
and f n − 1
float add

f n f loat sub ,
f n f loat mult,
and f n2 − 1
float add

b) Shape signature generation cost
MJ: O(N 2 ),
MN: O(N),
NR: O(N),
IN: O(N),
and SG: O(N 3 )
c) Similarity computation cost
8 ∗ SS bit xor,
and
8 ∗ SS bit add

MJ: major axis, MN: minor axis, CN: centroid, NR: normalization, IN: inside function, FC: FD
coefficients, SG: shape signature

7.2 Graphical comparison
We implemented a prototype shape retrieval system in Java, on a Sun Ultra 60 workstation with 512 MB of RAM. Figure 7 shows an example of the shape signatures of
an object using four alternative shape representation techniques.
7.3 Experiments
In many applications, an important criterion for testing the efficacy of the shape
retrieval methods is that for each query object the relevant items (similar shapes) in
the database should be retrieved. Therefore, an experiment was designed to measure
the effectiveness of the similarity retrieval of the four different shape representation
methods (i.e., FD, GB, M-DT, and MBC-TPVAS) in terms of recall and precision
that are commonly used in the literature. Recall measures the ability of retrieving
relevant shapes in a database and is defined as the ratio between the number of
relevant shapes retrieved and the total number of relevant shapes in the database.
While, precision measures the retrieval accuracy and is defined as the ratio between
the number of relevant shapes retrieved and the number of total shapes retrieved.
For our experiments, boundary features (based on shape) are first extracted from
the objects during the population of the database. At query time, the user enters a
query into the system and features are extracted from the query object. The query
object is compared with the database of objects by the object retrieval system on
the basis of the closeness of the extracted features and the best match objects are
presented to the user. The accuracy of the shape retrieval methods was measured in
terms of recall and precision. In the following, we briefly describe the experimental
setup, and the experimental results.
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Fig. 7 An object and its four-shape representations

7.3.1 Experimental setup
The shape database of the system consists of 296 fish and tool shapes provided to
us by [6, 14]. For each of the 296 objects, ten similar objects’ variants were constructed as follows: three rotation variants, three rotation scaled up variants, three
rotation scaled down variants, and one translated variant. Those the total number of
the shapes in the database was increased to 2,960 objects. Some examples of shapes
inside the database are shown in Fig. 8. Fifteen query shapes were selected randomly
from the database, where each query object has ten similar (relevant) objects in
the database. The ten similar objects’ variants were constructed as: three rotation
variants, three rotation scaled up variants, three rotation scaled down variants, and
one translated variant. Figure 9 shows a query object and some of its variants. For
our experiments, we simply assume that each shape is relevant only to itself and to
its ten variants.
As advised in [13, 19, 22, 24], for GB we employed a grid cell size of 12×12
pixels and the length of the standardized major axis was fixed at 192 pixels. With
FD, we used radius-based signature with 64 uniformly sampled boundary points. For
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Fig. 8 Examples of objects
in the dataset

both FD and MBC-TPVAS, we kept eight low frequency coefficients of the Fourier
transform. Finally, for M-DT, we used two largest angle histogram with 18 bins of
size 10 degrees.
7.3.2 Experimental results
Given a query object, the system retrieves relevant shapes from the database, in
decreasing order of similarity to the query shapes. First, the shape features of the
query object using the four different methods are extracted. Second, the Euclidean
distances between the shape signature of the query object and all other objects’
shape signatures are computed.2 Third, the Euclidean distances are ordered in an
ascending order for all the methods. Finally, the accuracy of the retrieval methods
was calculated as precision-recall. Towards this end, we identify the ranks of the
relevant objects to the query object within the ordered list (according to Euclidean
distance).
The recall and precision results for 15 query shapes are averaged and shown in
Fig. 10. From Fig. 10a, it is observed that FD was significantly outperformed by all

2 The

retrieval can be done more efficiently using index structures, but since this is not the focus of
this study we assumed the sequential scan of the database for all the methods.
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Fig. 9 A query object and
its three variants

the other three methods. This poor performance is explained by the fact that the
shape signature is constructed using shape radii of points uniformly sampled along
the object boundary. These points are not the exact vertices of the object, therefore,
using different sampled points leads to different shape signatures. In other words, the
rotation normalization is not truly achieved by taking only the magnitude from the
Fourier coefficients (F(u)) and ignoring its phase information as explained in [19].
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Figure 10b, shows the recall-precision curves of the methods excluding FD. From
Fig. 10b, we make the following observations. First, that the accuracy of our proposed
method (MBC-TPVAS) is as good as that of other methods. Second, unlike what was
expected, the results obtained for our modified DT (M-DT) were better than what
was reported in [24]. This is due to the fact that in their approach, they reduce the
number of vertices used to represent an object by identifying high-curvature points
called corner points. Instead, in our experiments, we used the three pass algorithm
described in Section 4.4.1. In their experiments, the number of vertices used to
represent an object was approximately 20–26 points, however, in our approach it
was from 50–90 points. Although our approach used more vertices to represent
the objects, the representation is more discriminative in shape signatures. We can
conclude that DT performance highly depends on the technique used to find the
representative vertices of the objects.

8 Conclusion and future work
This study compared four shape-based object retrieval techniques (FD, GB, DT, and
MBC-TPVAS). The similarity retrieval accuracy of our method (MBC-TVPAS) was
as good as the other methods, while it had the lowest computation cost to generate
the shape signatures of the objects. Moreover, it has the lowest storage requirement,
and a comparable computation cost to compute the similarity between two shape
signatures. In addition, MBC-TPVAS requires no normalization of the objects, and
is the only method that has direct support for S-RST query types. Finally, the results
of GB and DT methods are sensitive to human decisions, choice of parameters, and
algorithms.
We intend to extend this work in several directions. First, we plan to investigate
how to handle objects with curved parts, holes, and open curves or lines. Second,
partial similarity match is not supported by all the systems, therefore we intend
to identify better features to be used for partial similarity match queries. Finally,
we want to extend this work to support three dimensional objects. Our preliminary
investigations show that analogous to MBC features for 2D objects, we can extract
features from 3D objects by using their minimum bounding spheres.
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