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Abstract 
 
In Content Based Image Retrieval (CBIR), shape is 

one of the primary low level image features. Many shape 
representations have been proposed. However, most of 
them assume the knowledge of shape boundary 
information which is not available in general situations. 
Among them, region-based shape descriptors are not only 
applicable to generic shapes, but also robust to noise and 
distortions.  In this paper we study and compare three 
region shape descriptors: Zernike moment descriptors 
(ZMD), grid descriptors (GD) and geometric moments 
descriptors (GMD). The strengths and limitations of these 
methods are analyzed and clarified. A Java frame 
retrieval framework is implemented to test the retrieval 
performance. The study and retrieval experiments on 
standard shape databases show that ZMD is the most 
suitable for shape retrieval in terms of computation 
complexity, compact representation, robustness, 
hierarchical coarse to fine representation and retrieval 
performance.  
Keywords: Zernike moments, grid, CBIR, shape 
 
 
1. Introduction 

 
Since shape is a fundamental property of an object, 

an effective shape descriptor is a key component 
multimedia content description. Applications of shape 
description/ representation can also be found in many 
areas, such as meteorology, medicine, space exploration, 
manufacturing, entertainment, education, law 
enforcement and defense. There are generally two types 
of shape descriptors: contour-based shape descriptors and 
region-based shape descriptors. 

Contour-based shape descriptors such as Fourier 
descriptors [5][15][21][9][20], curvature scale space [16] 
and shape signatures [3] exploit only boundary 
information, they cannot capture shape interior content. 
Besides, these methods cannot deal with disjoint shapes 
where boundary may not be available, therefore, they 
have limited applications.  

In region based techniques, all the pixels within a 
shape region are taken into account to obtain the shape 
representation. Common region based methods use 
moment descriptors to describe shape [6][19][10][18][14]. 
These include geometric moments, Legendre moments, 
Zernike moments and pseudo Zernike moments. Recently, 
several researchers also use the grid method to describe 
shape [11] [17][2]. The grid-based method attracts interest 
for its simplicity in representation, conforms to intuition, 
and also agrees with shape coding method in MPEG-4. 
Since region-based shape representations combine 
information across an entire object rather than exploiting 
information just at boundary points, they can capture 
interior information in a shape. Other advantages of 
region-based methods are that they can be employed to 
describe disjoint shape and robust to shape distortions.  

In these paper we study and compare three region-
based shape descriptors: Zernike moments descriptors, 
grid descriptors and geometric moments descriptors. The 
principles we use for the comparison are the six 
requirements set by MPEG-7 [8], i.e. good retrieval 
accuracy, compact features, general application, low 
computation complexity, robust retrieval performance and 
hierarchical representation. The rest of the paper is 
organized as following. In Section 2, we describe the 
three region-based shape descriptors. Section 3 shows the 
results of the retrieval experiments. Section 4 concludes 
the paper. 
 
2. Region-based Shape Descriptors 
 
 In this section, the three region-based shape 
descriptors to be compared are described in details. 
 
2.1 Zernike Moments Descriptors 

 
Teague [18] has proposed the use of orthogonal 

moments to recover the image from moments based on 
the theory of orthogonal polynomials, and has introduced 
Zernike moments, which allow independent moment 
invariants to be constructed to an arbitrarily high order. 
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The complex Zernike moments are derived from Zernike 
polynomials: 
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where ρ is the radius from (x, y) to the shape centroid, θ  
is the angle between ρ and x axis, n and m are integers 
and subject to n-|m| = even, |m|≤n. Zernike polynomials 
are a complete set of complex-valued function orthogonal 
over the unit disk, i.e., x2 + y2 = 1. Then the complex 
Zernike moments of order n with repetition m are defined 
as: 
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      Since Zernike basis functions take the unit disk as 
their domain, this disk must be specified before moments 
can be calculated. In our implementation, all the shapes 
are normalized into a unit circle of fixed radius of 64 
pixels. The unit disk is then centered on the shape 
centroid. This makes the obtained moments scale and 
translation invariant. Rotation invariance is achieved by 
only using magnitudes of the moments. The magnitudes 
are then normalized into [0, 1] by dividing them by the 
mass of the shape. The similarity between two shapes 
indexed with Zernike moments descriptors is determined 
by the Euclidean distance between the two Zernike 
moments vectors. The block diagram of the whole process 
of computing ZMD is shown in Figure 1. 

 
 
 

 
Figure 1. Block diagram of computing ZMD. 

 
 
 
 
 
 

Figure 2. Block diagram of computing GD. 
 
The theory of Zernike moments is similar to that of 
Fourier transform, to expand a signal into series of 
orthogonal basis. However, the computation of Zernike 
moments descriptors does not need to know boundary 
information, making it suitable for more complex shape 
representation. Like Fourier descriptors, Zernike moments 
descriptors can be constructed to arbitrary order, this 
overcomes the drawback of geometric moments in which 
higher order moments are difficult to construct. The 
precision of shape representation depends on the number 
of moments truncated from the expansion, the first 36 
moments of orders up to 10 are used in our 
implementation in accordance to [ISO00]. 
 
2.2 Grid descriptors 

 
Several authors use grid-based method to describe 

shape [2][17][11]. In grid shape representation [11], a 
shape is projected onto a grid of fixed size, 16×16 grid 
cells for example. The grid cells are assigned the value of 
1 if they are covered by the shape (or covered beyond a 
threshold) and 0 if they are outside the shape. A shape 
number consisting of a binary sequence is created by 
scanning the grid in left-right and top-bottom order, and 

this binary sequence is used as shape descriptors to index 
the shape.  

For two shapes to be comparable using grid 
descriptors, several normalization processes have to be 
done to achieve scale, rotation and translation invariance. 
The block diagram of computing grid descriptors for a 
contour-based shape is given in Figure 2. 

It begins with finding out the major axis, i.e., the line 
joining the two furthest points on the boundary. Rotation 
normalization is achieved by turning the shape so that the 
major axis is parallel with x-axis. To avoid multi 
normalization results for mirrored shape and flipped 
shape, the centroid of the rotated shape may be restricted 
to the lower-left part, or a mirror and a flip operation on 
the shape number are applied in the matching stage. Scale 
normalization can be done by resizing the shape so that 
the length of the major axis is equal to the preset grid 
width, and by shift the shape to the upper-left of the grid, 
the representation is translation invariant. The next step is 
scanning the grid cells so that a binary value is calculated 
for each cell based on the coverage of the cell by the 
shape boundary. Finally, a binary sequence is generated 
as shape descriptors. The distance between two set of grid 
descriptors is simply the number of elements having 
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different values. For example, the grid descriptors for the 
two shapes in Figure 3 (a) and (b) are 001111000 
011111111 111111111 111111111 111110011 
001100011 and 001100000 011100000 
111100000 111100000 011111100 000111000 
respectively, and the distance between the two shapes will 
be 27 by XOR operation on the two sets. Since 
horizontally flipped and vertically flipped shapes will 
have different representations with the original shape 
even after normalization, the matching has to take into 
consideration of the two types of flipped shapes. 

The above GDs computing algorithm is for contour-
based shape. For region-based shape, the GD generation 
process is more complex. In the major axis computation 
step, it is not possible to find the major axis of a region 
shape using point by point computation, the computation 
would be prohibitive. Therefore, an algorithm of finding 
approximated major axis is used. The major axis for a 
region shape is found by finding the outer border point 
pairs on the shape boundary in a number of directions, for 
example, 180 directions. The pair with the furthest 
distance defines the major axis. A interpolation process is 
followed the rotation normalization, because after 
rotation, the region points are scattered. A similar 
interpolation is also needed for the scale normalization. 
Two examples of region-based shape normalization and 
grid representation are given in Figure 4. 

Grid representation attracts interests because it agrees 
to human intuition and the shape coding method in 
MPEG-4. However, it is not robust, because a slight shape 
distortion, such as shear affine transform, skew and 
stretching can cause very big difference in the similarity 
measurement. Because the normalizations are mainly 
based on major axis (which is unreliable in essence) and 
eccentricity (which is only reliable for convex shapes or 
compact shapes), shapes otherwise similar may be treated 
as different due to this normalization. For example, the 
two shapes in Figure 3 (c) and (d) are perceptually 
similar, but are very different under grid representation, 
for the major axis of shape (c) is horizontal while the 
major axis of shape (d) will be vertical. Due to the 
negligence of interior content in the rotation 
normalization, grid representation is not rotation invariant 
for some region-based shapes, or shapes with interior 
content. For example, the rotation normalization does not 
work for the two shapes in Figure 4. The accuracy of 
shape representation also depends on the cell size and the 
threshold to determine the binary value of a cell based on 
its coverage by the shape. The online retrieval usually 
involves high computation due to the high dimensionality 
of the feature vectors (for a shape of 192×192 pixels using 
cell size of 12×12 pixels, the dimension is 196) and two 
extra matching of horizontally flipped and vertically 
flipped shapes. 

 

  
        (a)                 (b)                     (c)                    (d) 

 
Figure 3. (a)(b) Grid representation of two contour shapes; (c)(d) two similar shapes with very different grid representation. 

 
 

                      
     (a)          (b)         (c)     (d)          (e)       (f) 

 
Figure 4. (a) original shape; (b) normalized shape of (a); (c) grid shape of (a); (d) original shape; (e) normalized shape of 

(d); (f) grid shape of (d); 
 
2.3 Geometric Moments Descriptors 

 
The technique based on geometric moment invariants 

for shape representation and similarity measure is 

extensively used in shape recognition. Moment invariants 
are derived from moments of shapes and are invariant to 
2D geometric transformations of shapes. The central 
moments of order p+q of a two dimensional shape 
represented by function f(x, y) are given by 
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where mymx /,/ 0110 µµ == and m is the mass of the 
shape region. µpq are invariant to translation. The first 7 
normalized geometric moments which are invariant under 
translation, rotation and scaling are given by Hu [Hu62]: 
 
Φ1 = η20 + η02          
Φ2 = (η20 - η02)2 + 4(η11)2         
Φ3 = (η30 - 3η12)2 + (3η21 - η03)2        
Φ4 = (η30 + η12)2 + (η21 + η03)2        
Φ5 = (η30 - 3η12)(η30 + η12)[(η30 + η12)2 - 3(η21 + η03)2] 
         + (3η21 - η03)(η21 + η03)[3(η30 + η12)2 - (η21 + η03)2]  
Φ6 = (η20 - η02)[(η30 + η12)2 - (η21 + η03)2]  
         + 4η11(η30 + η12)(η21 + η03)       
Φ7 = (3η21 - η30)(η30 + η12)[(η30 + η12)2 - 3(η21 + η03)2] 
         + (3η12 - η03)(η21 + η03)[3(η30 + η12)2 - (η21 + η03)2] 
  
where ηpq = µpq /(µ00)γ and γ = 1+(p+q)/2 for p+q = 2, 3, 
….  

A feature vector consists of the seven moment 
invariants: f = (Φ1, Φ2, … Φ7) is used to index each shape 
in the database. The values of the computed moment 
invariants are usually small, values of higher order 
moment invariants are close to zero in some cases, 
therefore, all the invariants are further normalized into [0, 
1] by the limit values of each dimension. The advantage 
of using GMD is it is a very compact shape representation 
and the computation is low, however, it is difficult to 
obtain higher order moment invariants. 
 
3. Retrieval Experiments 

 
To test the retrieval performance of the three region-

based shape descriptors described above, a Java indexing 
and retrieval framework which runs on Windows platform 
is implemented. The retrieval performance of region-
based shape descriptors are tested on both the contour-
based shape database and the region-based shape database 
used by MPEG-7. The contour shape databases consists 
of Set B of MPEG-7 contour shape database. Set B has 
1400 shapes of 70 classes. All the 1400 shapes in the 
database are used as queries. The region-based shape 
database used by MPEG-7 consists of 3,621 shapes of 
over 500 varieties. 31 classes of shapes (651) are selected 
as queries. Each class has 21 members. 

The common retrieval performance measure – 
precision and recall [1] – are used as the evaluation of the 
query results. Precision P is defined as the ratio of the 
number of retrieved relevant shapes r to the total number 
of retrieved shapes n, i.e. P = r/n. Precision P indicates 
accuracy of the retrieval. Recall R is defined as the ratio 
of the number of retrieved relevant images r to the total 

number m of relevant shapes in the whole database, i.e. R 
= r/m. Recall R indicates the robustness of the retrieval 
performance. The average precision and recall of the 70 
classes of shapes from the contour shape database is given 
in Figure 5(a), and the average precision and recall of the 
31 classes of shapes from the region shape database is 
given in Figure 5(b). Some example screen shots of 
retrieval using the three shape descriptors are shown in 
Figure 6. 

From the retrieval performance, it is clear that all the 
three region based descriptors have better retrieval 
performance on region based shape. In both cases, ZMD 
outperforms the other two descriptors and GMD performs 
poorly in both cases. Compared to ZMD, GD is less 
robust to boundary variations and its rotation 
normalization does not consider interior content of 
region-based shape. However, GD outperforms GMD 
significantly. It has been found that geometric moments’ 
scale invariance is limited for region-based shapes, due to 
the use of shape mass for the scale normalization [6]. The 
shape mass does not change squarely proportional to scale 
in general situations, that is, when the shape is scaled to α 
times for generic shapes, the mass is not scaled to α2 
times. The low retrieval performance of GMD indicates it 
is a inaccurate shape representation. 

 
4. Discussions and Conclusions 

 
In this paper we have implemented and studied three 

region-based shape descriptors. The retrieval performance 
of the three region-based shape descriptors are obtained 
based on two standard shape databases. The comparison 
of the three region-based shape descriptors is given in the 
following. 

 
• All the three shape descriptors studied can be applied 

to general applications.  
• Feature domains. ZMD is extracted from spectral 

domain while GD and GMD are extracted from 
spatial domain. 

• Compactness. The dimension of GMD and ZMD is 
low while that of GD is high. 

• Robustness. ZMD is the most robust to shape 
variations among the three region-based shape 
descriptors, GD is more robust than GMD. 

• Computation complexity. The extraction of GD and 
ZMD involves expensive computation while it is 
simple to extract GMD. The computation of GD is 
the most expensive both in the feature extraction and 
the online matching.  

• Accuracy. At the same level of recall, the retrieval 
precision of ZMD is higher than both that of GD and 
that of GMD. However, the retrieval precision of GD 
is significantly higher than GMD. It indicates that 
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GMD is the most inaccurate shape descriptors among 
the three region-based descriptors. 

• Hierarchical representation. Both ZMD and GD 
support hierarchical representation. The number of 
ZMDs can be adjusted to meet hierarchical 
requirement. For GD, hierarchical representation can 
be achieved by adjusting the cell size or combined 
with eccentricity and circularity. GMD does not 
support hierarchical representation because higher 
geometric moment invariants are difficult to obtain. 

• Agree with human intuition. GD is a more intuitive 
shape representation than GMD and ZMD. 
Based on the study, it has been found that ZMD 

extracted from spectral domain outperforms GD in terms 
of compactness, robustness, accuracy and low 
computation complexity; ZMD outperforms GMD in 
terms of robustness, accuracy, and hierarchical 
representation. Therefore, we conclude that ZMD is the 
most suitable for effective and efficient shape retrieval 
among the three region-based shape descriptors studied.
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Figure 5. (a) Average retrieval performance of the three shape descriptors on contour-based shapes; (b) Average retrieval 

performance of the three shape descriptors on region-based shapes. 
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Figure 6. Screen shots of shape retrieval using (a) ZMD; 

(b) GD; (c) GMD. In all the screen shots, the top left shape 
is the query shape. 


