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of Mass Introduction 
 

 Moment functions of the two-dimensional image intensity distribution are used in a 
variety of applications, as descriptors of shape. Image moments that are invariant with 

respect to the transformations of scale, translation, and rotation find applications in 

areas such as pattern recognition, object identification and template matching.In many 
applications, different kinds of moments have been utilized to classify images and 

object shapes. Moments are important features used in recognition of different types of 

images. In this paper, three kinds of moments: Structure Moments, Radial cheybyshev 
moments, Radial cheybyshev moments computation on square Transform have been 

evaluated for classifying object images using Back propagation classifier. Invariant 

Structure moments have been widely used in shape analysis and pattern recognition. 
This research introduces structure moment invariants based on the geometric moment 

invariants from transforming the density in geometric moments into a new density. The 

structure moment invariant increases the discrimination between object shape present in 
the image. we presented a modified Cheybyshev moment shape descriptor taking 

account of the importance of the outer form of the shape to the human perception for 

complex shapes. Experiments are conducted using MIT, PASCAL VOC and ORL 

database which contains car, bicycle, Trucks and face images . The major contributions 

of the paper include the following .First, to propose a novel shape descriptor which 

represents local features of images, which are extracted using Structure Moments, 
Radial Cheybyshev Moments. Second, combine the local and global features to 

improve the retrieval rate of the system, which make Radial Cheybyshev Moments 

local as well as global shape descriptor. Third, to compare the performances of Radial 
Cheybyshev Moments in terms of image retrieval accuracy based on the proposed 

approach The test results are carried out and a comparative study with the existing 

techniques are included to show the effectiveness of the proposed technique. 
 

 
© 2014 AENSI Publisher All rights reserved. 
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INTRODUCTION 

 

 There are generally two types of shape representations, i.e., contour-based and region-based. Contour-based 

methods need extraction of boundary information which in some cases may not available. Region-based 

methods, however, do not necessarily rely on shape boundary information, but they do not reflect local features 

of a shape. Therefore, for generic purposes, both types of shape representations are necessary. Shape is an 

important feature for perceptual object recognition and classification of images. Shape description or 

representation is an important issue both in object recognition and classification. Many techniques such as chain 

code, polygonal approximations, curvature, Fourier descriptors, radii method and moment descriptors have been 

proposed and used in various applications (Gonzalez, R.C. and P. Wintz, 1987). Recently, techniques using 

shape measure as an important feature have been used for CBIR. A region-based shape representation and 

indexing scheme that is translation, rotation and scale invariant is proposed by Lu and Sajjanhar (Lu, G. and A. 

Sajjanhar, 1999). It conforms to human similarity perception. They have compared it to Fourier descriptor 

model and found their method to be better. 

 Image moments constitute an important feature extraction method (FEM) which generates high 

discriminative features, able to capture the particular characteristics of the described pattern, which distinguish it 

among similar or totally different objects. Among the several moment families introduced in the past, the 

orthogonal moments are the most popular moments widely used in many applications, owing to their 
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orthogonality property that comes from the nature of the polynomials used as kernel functions, which they 

constitute an orthogonal base. As a result, the orthogonal moments have minimum information redundancy 

meaning that different moment orders describe different parts of the image. The most well known orthogonal 

moment families on unit disc in the continuous space are: Zernike, Pseudo-Zernike, Orthogonal Fourier-Mellin, 

chebyshev Fourier . The polynomials orthogonal on a rectangle originate from 1D OG polynomials whose 2D 

versions were created as products of 1D polynomials in x and y. The main advantage of the moments orthogonal 

on a rectangle is that they preserve the orthogonality even on the sampled image. The popular orthogonal 

moments defined on rectangle are Legendre moments and Cheybyshev moments They can be made scale-

invariant but creating rotation invariants from them is very complicated. The polynomials orthogonal on a disk 

are intrinsically 2D functions. They are constructed as products of a radial factor (usually a 1D OG polynomial) 

and angular factor which is usually a kind of harmonic function. When implementing these moments, an image 

must be mapped into a disk of orthogonality which creates certain re- sampling problems. On the other hand, 

moments orthogonal on a disk can easily be used for construction of rotation invariants because they change 

under rotation in a simple way. The most well known orthogonal moment families are: Zernike, Pseudo-

Zernike, Legendre, Fourier-Mellin, Tchebichef, Krawtchouk, with the last two ones belonging to the discrete 

type moments since they are defined directly to the image coordinate space, while the first ones are defined in 

the continuous space. 

 A regular moment has the form of projection of (x, y) onto the monomial  

 

 

 

 

 The basis set X
p
 and Y

q
 is not orthogonal. The moments contain redundant information. As X

p
 and Y

q
 

increases rapidly as order increases, high computational precision is needed. Image reconstruction is very 

difficult, where  (.) corresponds to the moments kernel consisting of specific polynomials of order n 

and repetition m, which constitute the orthogonal basis and NF is normalization factor. Moments have the 

ability to carry information of an image with minimum redundancy, while they are capable to enclose distinctive 

information that uniquely describes the image content. Due to these properties once finite number of moments 

upto a specific order nmax is computed, the original image can be reconstructed by applying a simple formula, 

inverse to (1),of the following form 

 

 

 

II. Related work: 

 Geometric moments were used to generate a set of invariants that were then widely used in pattern 

recognition (Alt, F.L., 1962), ship identification (Smith, F.W., M.H. Wright, 1971), aircraft identification 

(Dudani, S.A., 1977), scene matching (Wong, R.Y., E.L. Hall, 1978), image analysis (Th, C.H. and R.T. Chin, 

1988), object representation (Papademetriou, R.C., 1992), edge detection (Luo, L.M., 1994), and texture 

analysis (Tuceryan, M., 1994). Shape is one of the fundamental visual features in the Content-based Image. 

 

 

 

 

 
  

Fig. 1: A Snapshot of Database of Images. 

 

 Retrieval (CBIR) paradigm. These can be broadly categorized as region based and contour-based 

descriptors. Contour-based shape descriptors make use of only the boundary information, ignoring the shape 

interior content. Examples to contour-based shape descriptors include Fourier descriptors (Granlund, G.H., 

1972; Kauppinen, H., 1995), Wavelet descriptors (Muller, K. and J.R. Ohm, 1999; Chuang, C.H. and C.C.J. 

Kuo, 1996), curvature scale space descriptor (Mokhtarian, F., 1996).  
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 Mukundan et al. (2001) has suggested the use of discrete orthogonal moments to eliminate the problems 

associated with the continuous orthogonal moments. They introduced Chebyshev moments based on the discrete 

orthogonal Chebyshev polynomial. They showed that Chebyshev moments are superior to geometric, Zernike, 

and Legendre moments in terms of image reconstruction capability. However, this first formulation of 

Chebyshev moments did not have rotational invariance. Recently, Mukundan (2004) introduced radial 

Chebyshev moments which possess rotational invariance property. In this section we present a brief overview of 

the Radial Chebyshev moments (RCM).Radial Cheybyshev moments have robust feature representation 

capability and that allows for fast computation of invariants and Invariant moment transform than Zernike 

Moments.  

 The paper (Zongmin Li, A., 2006) introduces structure moment invariants based on the geometric moment 

invariants from transforming the density in geometric moments into a square density. To support our proposed 

approach, an algorithm for object shape analysis is designed and experiments based on square transform are 

conducted (Hu, M.K., 1962). Experiments give an encouraging high recognition rate by using the structure 

moment invariants.  

 The first introduction of orthogonal moments in image analysis, due to Teague, made use of Legendre and 

Zernike moments in image processing. Other families of orthogonal moments have been proposed over the 

years, such as Pseudo-Zernike, Fourier-Mellin etc. Moments, which better describe the image in process and 

ensure robustness under arbitrarily intense noise levels. However, these moments present some approximation 

errors due to the fact that the kernel polynomials are defined in a continuous space and an approximated version 

of them is used in order to compute the moments of an image. This fact is the source of an approximation error 

(Liao, S.X., M. Pawlak, 1998) which affects the overall properties of the derived moments and mainly their 

description abilities. Moreover, some of the above moments are defined inside the unit disc, where their 

polynomials satisfy the orthogonality condition. Therefore, a prior coordinates’ transformation is required so 

that the image coordinates lie inside the unit disc. This transformation is another source of approximation error  

that further degrades the moments properties 

 The following Table 1, summarizes the main characteristics of the most used moment families. 

  
Table1:Related Work Summary. 

Orthogonal Moments Computational load(pth 

order) 

normalization factor Type Coordinate system 

Zernike 
Mukundan,1998 

(p+1)*(p+2)/2 

 

Continuous Unit Disc polar 
coordinates 

Pseudo-Zernike 

Mukundan,1998 

(P+1)2 

 

Continuous Unit Disc polar 

coordinates 

Legendre 

Mukundan,1998 

(P+1)2 

 

Continuous [-1,1] 

Cheybyshev 

Mukundan,2001 

(P+1)2 F(n,N)*F(m,N) 

Where 

F(n,N)=  

discrete Image dimensions 

Radial Cheybyshev 

 

(P+1)2 

 

discrete Image dimensions 

 

 

A. Contribution of the paper: 

 Orthogonal moments defined on disk or rectangle are combined to extract the global features to improve the 

retrieval rate of the system which make RCMs local as well as global shape descriptors. The objective is to 

evaluate system performance for various sorts of databases for its robustness and scalability. Several research in 

the recent past shows that Radial Cheybyshev moment proves better results for Facial expression recognition, 

Hand Gesture classification. RCM are mostly employed for character recognition because of the improved 

image reconstruction ability.  

 So we proposed a new approach that combines the features of structure moment and RCM. The new square 

density function introduced in the RCM, increasing the possibilities for correct recognition for all images. After 

a successful recognition, the matched features are inserted into the detected match database model, enhancing 

the views for a model and further improving recognition robustness. We proposed hybrid descriptor which is 

suitable for all kinds of objects to capture shape and boundary information and method proves significant 

improvement for all object categories. 
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III. Background study: 

A. Geometric Moments: 

 The properties of Geometric moments has the form of projection of i(x,y) function on to the monomial x
p
y

q
. 

Properties of Geometric moment are as follows.For a 2D continuous function i(x,y),the moment of order(p+q) is 

defined as 

, ( , ). p q

p q

D

M i x y x y dxdy           (1)  

0,0M  Area of te object       

 0,1 1,0,M M Center of mass for p,q=0,1,2,3..... 

 

 A unique theorem[ ] states that if i(x,y) is piecewise continous and has non zero values only in finite part of 

the xy plane,moment of all orders exist and the moment sequence mpq is uniquly determined by 

i(x,y).Conversely mpq is uniquly determines by i(x,y).the central moments can be expressed by 

 

µpq=∑∑(x-x)
p
(y-y)

q 
i(x,y)              (2) 

 

Where x= m10/m00 and y=m01/m00 

 

B. Normalized Central moments: 

 w= +1            (3) 

 

C. Hu Moment: 

 Based on normalized central moments, Hu (1962) introduced seven nonlinear functions which are invariant 

with respect to object's translation, scale, and rotation .Hu moments are derived from normalized geometric 

central moments.  

  

D Problems of Regular Moment: 

 The basis set  is not orthogonal. The moments contain redundant information. As  

increases rapidly as order increases, high computational precision is needed. Image reconstruction is very 

difficult.  

 

 IV. Overview of the Proposed Method 

 The following steps are necessary to extract features of any image using Cheybyshev moments. 

 (1) First of all convert color image to gray-scale image  

 (2) Perform Translation and Scale Normalization 

 (3) Convert Cartesian to Polar coordinate transformation. 

 (4) Extract the Radial Cheybyshev Moment Features 

 (5) Extract the Radial Cheybyshev Moment based on square Transform 

 The translation normalization is achieved by moving the image center to the image centroid. The scale 

normalization is achieved by set the image's 0th order regular moment m00 to a predetermined value β.  

 

A. Translation Normalization: 

 

 f(x,y) =  where          (4) 

 

 ,  

 

B. Scale Normalization: 

 For a grayscale image f(x, y),  is the total number of shape pixels in an image, for a scaled image f(αx, 

αy) is given by  where is the regular moments of f(x, y). Our objective is to make 

 = β 

  

 β  
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             (5) 

 In our implementation of cheybyshev moments, we use grayscale images with spatial resolution of 64×64. 

All of these grayscale images are normalized into a unit circle with fixed radius of 32 pixels. Overview of 

proposed method is described in Figure2. 

 

C. Radial Cheybyshev Moment Computation: 

 A general definition of moment functions Φ
pq 

of order (p+q), of an image intensity function f(x, y) can be 

given as follows:  

 

 Φ
pq 

= Ψ∫∫xy
pq

(x,y) f(x, y) dx dy, p, q = 0,1,2,3....         (6)  

 

where Ψ
pq

(x,y) is a continuous function of (x, y) known as the moment weighting kernel or the basis set. The 

simplest of the moment functions, with to derive shape descriptors that are invariant with respect to image plane 

transformations. Legendre and Zernike moments were later introduced by Teague with the corresponding 

orthogonal functions as kernels. These orthogonal moments have been proved to be less sensitive to image noise 

as compared to geometric moments, and possess far better feature representation capabilities. The information 

redundancy measure is minimum in an orthogonal moment set. The computation of orthogonal moments of 

images pose two major problems (Cheng, L., 1990; Mukundan, R., K.R. Ramakrishnan, 1998): (i) The image 

coordinate space must be normalized to the range (typically, −1 to +1) where the orthogonal polynomial 

definitions are valid. (ii) The continuous integrals in (7) must be approximated by discrete summations without 

loosing the essential properties associated with orthogonality. This paper introduces a new set of moment 

functions based on Chebyshev polynomials that are orthogonal in the discrete domain of the image coordinate 

space. Chebyshev moments completely eliminate the two problems referred above, and preserve all the 

theoretical properties, since their implementation does not involve any kind of approximation.  

The scaled orthogonal Chebyshev polynomials for an image of size N x N are defined according to the following 

recursive relation: 

 to(x)=1 

 t1 (x)=(2x-N+1)/N 

 ,p>1 

 and the squared-norm ρ ( p, N) is given by 

          (7) 

 p=0,1,…,N-1 

 The radial Chebyshev moment of order p and repetition q is defined as: 

 

         (8) 

where m denotes (N/2)+1. In the above equation, both r and θ take integer values. The mapping between (r,) and 

image coordinates (x, y) is given by: 
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Fig. 2: Block Diagram of Feature Extraction. 

 

D. Radial Cheybyshev Moment Computation on Square Transform: 

 To compute the Cheybyshev moment of a digital image using structure moment, we just need to change f(x, 

y) in the equation .
 
The radial Chebyshev moment of order p and repetition q is defined as:

 

 

         (9) 
 
F(f)=f

2  

 According to (14), if f (x, y) is a limitary two-dimensional function, F(f)=f
2
and the basis function is a set of 

complex, orthogonal polynomials, then moment of order (n +m ) can be defined as follows 

Read Gray scale Image 

Translation & Scale 

Normalization 

Computation of Radial Cheybyshev Invariant 

moments for each block 

Computation of Square Density f
2
(x, y) 

Compute the unit Disk  

  

Computation of RCM Basis Function 

 

Derive the Feature Space for each Image in the Database 

  

  Divide the Image 

into non overlapping 

Sub block 

  

 overlapping Sub 

block 

Train & Test using Back propagation Classifier  

  



57                                                             R. Athilakshmi and Dr. Amitabh Wahi 2014 

Australian Journal of Basic and Applied Sciences, 8(13) August 2014, Pages: 51-60 

          (10) 

 

 VI. Feature Extraction:  

 In our implementation of Radial Cheybyshev, we use gray scale images with spatial resolution of 64×64. 

All of these images are normalized into fixed size of 32x32 pixels. The utilization of moments up to a higher 

order generally leads to a better image representation power. For selecting the appropriate number of features, 

we perform experiments at various maximum orders of moments pmax for RCM. Standard gray level images 

are displayed in Fig. 1 are used where the full set of RCM and Structure moments are computed by using 

traditional methods. The image is then partitioned into 16x16 non overlapping subblocks. The splitted image is 

then calculated with Cheybyshev Moments to get total number of data features for all non overlapping subblock. 

The Feature image matrix F= [I1, I2 , I3 ….. IP] is constructed from the coefficients column vector Ii. Where i 

represent the number of images. For Pmax=10, We obtain 72 features per block. Feature Descriptor contains 

288 features for all the four sub blocks.The results of feature extraction include the calculation of Radial 

Cheybyshev Moment based on square transform with 288 features. The absolute values of RCM are given in 

Table 2 and for RCM using Square transform given in Table3.  

 The back propagation algorithm is used to train the multi layer perceptron with different choices for the 

number of hidden layer nodes and is fixed to be 1 as being a simple network resulting with small error and 

found to perform well. The number of input layer nodes is equal to the dimension of the feature space obtained 

from features. The number of output nodes is usually determined by the application, which is 1 (either 

“Yes/No”) where a threshold value nearer to 1 represents “Yes” and a value nearer to 0 represents “No”. Several 

image examples based on RCM of different orders are given and analyzed. The similar experiments are 

performed for measuring the retrieval accuracy of the moments, we consider the precision and recall 

performance measure. The time taken for the computation of RCM for pmax=10, is 0.034s, respectively. The 

retrieval accuracy and CPU time performance for Structure moment based RCM is 0.023s respectively. 

Precision is defined as the ratio of the number of relevant retrieved shapes to the total number of retrieved 

shapes. Precision is a measure of retrieval accuracy. Recall(Recognition rate) is defined as the ratio of the 

number of relevant retrieved images to the total number of relevant shapes in the database. The average 

classification performance of cheybyshev moments are given in Table5. 

 
Table 2: Absolute values of Radial Cheybyshev moments for pos-100.jpg. 

No. of Features 2nd Order 

(4x1) 

3rd order 

(6x1) 

4th order 

(9x1) 

5th order 

(12x1) 

6th order 

(16x1) 

1 0.7568 0.71 0.6746 0.6632 0.6473 

2 0.0565 0.053 0.0503 0.0495 0.0483 

3 0.6063 0.5689 0.5405 0.5314 0.5186 

4 0.0124 0.0117 0.0111 0.0109 0.0106 

5  0.0436 0.0414 0.0407 0.0397 

6  0.71 0.6746 0.6632 0.6473 

7   0.0503 0.0495 0.0483 

8   0.5405 0.5314 0.5186 

9   0.0111 0.0109 0.0106 

10    0.0407 0.0397 

11    0.6632 0.6473 

12    0.0495 0.0483 

13     0.5186 

14     0.0106 

15     0.0397 

16     0.6473 

Mean 0.0266 0.1277 0.0164 0.05989 0.05008 

 

A Analysis of Cheybyshev Moment Invariant and Image Rotation: 

 Functions of image moments, invariant to certain class of image degradations. Rotation, translation, scaling. 

Structure moments are calculated from central Moments. Central Moments are invariant to translation and 

Scaling. The magnitude of Hu moments are rotation, translation and scaling invariant features of the captured 

image. An image is rotated by an angle degrees in a counterclockwise direction around its center point. The 

structure moment, chebyshev moment and cheybyshev moment on square density features are extracted for each 

sample of rotation. The rotation error is calculated by finding the difference of original image with the sample 

angle of rotation as follows.  
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 Where φ(k image) represents original image and φ(k sample) represents the rotated image  
 
Table 3: Absolute values of RCM moments using Square Transform function for pos-100.jpg. 

No. 

of Features 

2nd Order 

(4x1) 

3rd order 

(6x1) 

4th order 

(9x1) 

5th order 

(12x1) 

6th order 

(16x1) 

1 0.7574 0.7192 0.6864 0.68 0.6786 

2 0.062 0.0589 0.0562 0.0557 0.0556 

3 0.6048 0.5743 0.5481 0.543 0.5419 

4 0.0209 0.0198 0.0189 0.0188 0.0187 

5  0.0137 0.0131 0.013 0.0129 

6  0.0048 0.0046 0.0045 0.0045 

7   0.1683 0.1667 0.1664 

8   0.0086 0.0085 0.0085 

9   0.2451 0.2428 0.2423 

10    0.0631 0.0629 

11    0.04 0.0399 

12    0.0534 0.0533 

13     0.0307 

14     0.0011 

15     0.0454 

16     0.0286 

Mean 0.02788 0.01455 0.03763 0.01491 0.01086 

 

 Rotating the image for 45 degrees intervals between the 0-360 degrees and sampling the image. We save 

invariant moments of these samples. Then we compare these values of invariant moments with the invariant 

moments of other images, we get the samples which has minimum difference. By this way we recognize the 

image. Table5 shows the absolute average values of different categories of moment features on four kinds of 

sample images for sampling 45 degree intervals between 0-360 degrees.Table5 shows that there is significant 

difference of average values of rotation error between RCM with other moment Features. The method proposed 

in the previous section was implemented and tested with a four kinds of images generated using rotational 

transformations. The experimental results showed that the rotation error rate of the RCM on square density is 

less than the traditional RCM Feature extraction Method. The graph in figure3 shows that rotation error of RCM 

with Moment on Square transform will be between 0 to 0.15. 

 
Table 4: Average Rotation Error Values of Sampling images from 0 to 360. 

Image RCM RCM on Square Transform 

pos-10.jpg 0.049123 0.077081 

pos-11.jpg 0.114216 0.089778 

pos-20.jpg 0.152152 0.145091 

pos-21.jpg 0.024182 0.109254 

001215.jpg 0.083089 0.025089 

002523.jpg 0.080033 0.060178 

002064.jpg 0.0521 0.065467 

000973.jpg 0.111633 0.081122 

s1\1.jpg 0.091944 0.089933 

s2\1.jpg 0.032878 0.0703 

s3\1.jpg 0.062033 0.039278 

s4 \1.jpg 0.076367 0.048711 

1.jpg 0.1211 0.073689 

2.jpg 0.028017 0.041778 

3.jpg 0.113422 0.101533 

4.jpg 0.029367 0.0728 

 
Table 5: Recognition Rates using Back Propagation Classifier for Five different Databases. 

Data set Recognition rate(%) 

Structure Moment RCM Moment (pmax=10) RCM using Square 

Transform(pmax=10) 

MIT Car 88 92 95 

VOC2007 bicycle 86 90 92 

ORL face 90 94 98 

Caltech 101 Object 

category 

85 88 90 

Voc2007 trucks 89 91 93 
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 Fig. 4: Rotation Error Analysis. 

 

7. Conclusion: 

 The idea of implementing Radial Cheybyshev moments is that they posses useful rotation invariance 

property. The new feature vectors are rotation and translation invariant and capture more global information on 

given set of images. This paper developed the moment invariants method from a new perspective. The structure 

moments through transforming the original density functions to the new ones are invariant with respect to 

translation, scale and orientation, and can describe the form of the complicated structure 2-D objects. In order to 

verify the method, we compared the results of the test of Radial Cheybyshev moments with Radial Cheybyshev 

features based on square transform, from which we can see we can see that RCM based on structure moments 

are distinctively better than RCM. The focal point of work in the future is how to choose a transformation so as 

to improve the precision and robustness of pattern recognition Radial Cheybyshev Moments 
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