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Abstract

Moment functions are widely use in image analysis as feature
descriptors for pattern recognition. In this work, we propose a
method to recognition problem using Legendre moments. The
proposed approach is based on the decomposition of the original
image into block images. The optimal number of moment used
to represent original image is deduced from the measure of the
error between the original image and its reconstructed. Servo
image is used to demonstrate the performance of the proposed
method.
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1. Introduction

The mathematical concept of moments and function
moments has been around for many years and has been
utilized in many fields ranging from mechanics and
statistics to pattern recognition, detection of pathology
and scene analysis [1-4].

Historically, the first significant work considering

moments for pattern recognition was performed by Hu [5].

Teague [6] has suggested the notion of orthogonal of
moments to cover the image from moments based on the
theory of continuous orthogonal polynomials, and has
introduced both Zernike and Legendre moments. Many
works have focused on the reconstruction aspect of
orthogonal moments and have shown that the image can
be reconstructed easily from a set of orthogonal moments:
Moment Invariants (MI) [5], Zernike Moments (ZM)
[7]1[8] and Legendre Moments (LM)[9]. MI is poor in the
representation of image shape due to its mnon-
orthogonality. LM and ZM can be used to represent an
image with minimum amount of redundancy of
information. ZM has superior performance both as region-
based and shape-based descriptor but is computationally
complex when compared to LM [10]. To compute the ZM
of an image the centre of the image is taken as the origin
and the pixel coordinates are mapped to the range of unit
circle. Those pixels that fall outside unit circle are not
used in the computation [11]. This has motivated us to use
LM to represent the image in this work.

For selecting an optimal number of moments from the
digital images, Teh and Chin [12] have considered the
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mean square error between an image and its reconstructed
version as a good measure of image representation ability.
Liao and Pawlak [13] suggested a statistic cross-
validation methodology. However, all methods depend on
the unknown original image function or difficult in its
implementation.

In this work, the Legendre moments representation and
reconstruction method by block processing is proposed.
The optimal order of reconstruction is automatic selection
by using the local error of each block image.

The paper is organized as follows: in the section 1,

2. Image reconstruction from Orthogonal
Moments

The orthogonal functions and their moments have been
utilized as features in much image processing application
pattern recognition, scenes analysis, localisation of
pathology and target identification. Moments of image are
treated as region-based shape descriptor.

2.1 Legendre Polynomial

The nth-order Legendre polynomial is defined by
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The Legendre polynomials have the generating function
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From the generating function  the recurrent formula of

the Legendre polynomials can be acquired
straightforwardly:
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Then we have
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+(k=1)p, (%)

Or the recurrent formula of the Legendre polynomials:
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The Legendre polynomials Pa (%) are a complete

orthogonal basis set on the interval [_ 1 1] :
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Where Smn is the Kronecker function, that is:

5 = 1 if m=n .
™10  otherwise ™

2.2 Legendre Moments

Legendre moments belong to the class of orthogonal
moments and they were used in several pattern
recognition applications. They can be used to attain a near
zero value of redundancy measure in a set of moment
functions so that the moments correspond to independent
characteristics of the image. The definition of Legendre
moments has a form of projection of the image intensity
function into Legendre polynomials.

The two-dimensional Legendre moments of order
(p +q), with image intensity function f(x,y), are defined

as:
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The recurrence relation of Legendre polynomial P (X) , 18
given as follows;

0. (X)= @Em-1)py (X) —(M-Dpy,(X) ©)
m
Where p,(X)=1, p;(X)=X and m>1. Since the
region of definition of Legendre polynomials is the
interior of [—1 1] , a square image of N x M pixels
with intensity function f@,j)) ,
(0<i<Nandl< j<M), is scaled in the region of
—1<x,y <1, as a result of this, equation (8) can now be

expressed in discrete form as:
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Where f,,, is the normalizing constance:

B = 2m+D@2n+1)
A NxM
X; and Y; denote the normalized pixel coordinates in the
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range of [— 1 l] , which are given by
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If only Legendre moments of order < MX are given, the
function f(i, J) can be approximated by a truncated

-1 (12)

series:
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3. Image Reconstruction from Legendre
Moments

The input image, which is described by the function
f (X, ), is partitioned into square blocks of pixels of size

(k, 1), a thing that produces a number of sub-images which
will be reconstructed separately.

Let N xM be the image size by pixels and let (k, 1)
represent the block size. The number of image blocks is

ven b M
iven by — X —.
g y Kol
The image function f(x,y) can be expressed by image
blocks as follows:

fx,y)= U U f**(x.y) (14)
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Where f2°(X,y) is the sub-image associated to block

{a,b} .
The equation (A1) can rewrite each image block as
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The block image function reconstructed from L‘?n’g to a
given order 6 can intuitively be defined as:
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4. Optimal-order moments

To measure the error between the original image and its
reconstructed version is given by:

11

error (T )= [ [(F00Y) = Fu (6, y) dxdy (17)
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wherein MX is the highest moment order involved in

fMX (X, y)
reconstructed image from f(X,y) and —1< X,y <1.

reconstruction,  and represents  the

The normalized mean square error between the original

image f(X,Y) and the reconstructed image fy, (X, Y) is
defined by:

error (fy, . f) (18)
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The local error between the original block image and its
reconstructed version block can be approximated by the
given expression:
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and the global error is computed from the whole local
error:

error wx = Z Localerror (22, £2°) (20

0<as<N /k
0<b<M /1

With i is the order of moment.
To measure the performance of resemblance between the

block images fy,; and fNMX’H can be expressed by:

Derrory, = errorwx,i- error w,i-i (21

5. Experimental results

In this section, simulation results are provided to validate
the framework developed in the previous section. The
image which is shown in figure (1) is used as the test
image (Medical Image).

Figure 1: The original image

The original image is reconstructed by blocks using the
Legendre moment which is shown in figure (2).

Figure 2: The reconstructed image using Legendre moments with the
block size (4 x 4) at the orders 20(a), 25(b), 34(c) and 42 (d)
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Figure (3) shows the error (Eq 20) values from the reconstructed image
from order 1 up to order 90. It should be noted that the error decreases
monotonically after order 30.
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Figure (4) show the variation of error (Eq 21).
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Conclusion

In this work a brief historical survey of the development
of concept of moments, first introduced by Hu and
improved with Teague, Zernike and Legendre, was
provided. After a demonstration of image reconstruction
from orthogonal moments, the Legendre Moments
technique (LM) was proposed. Being of an orthogonal
nature, this method proved to be with high performance as
it is used to attain a nearly zero value of redundancy in a
set of moments functions — by contrast to the Zernike
Moments method (ZM) whose the only flaw is that it is
computationally more complex.
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