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ABSTRACT

This paper present an improved reconstruction algorithm of the multi-gray level images based on
overlapping block method using exact continuous moments computation: Legendre , Zernike, Pseudo-
Zernike and Gegenbauer moments . We solve the artifact issue caused by unitary block reconstruction
which affects the visual image quality. This method aim to ensure high accuracy and low computation
time, using only small finite number of moments. Our approaches aims to introduce these moments in
the field of data compression and local feature extraction for pattern recognition. Experimental results
show the superiority of our proposed approaches over the existing methods.

Keywords-Exact continuous moments; Legendre moments, Zernike moments; Pseudo-Zernike moments;
Gegenbauer moments; Overlapping block ; Feature extraction; Compression.

1 Introduction

Since the introduction of Hu's moment methods in 1962 [1], the moments functions have been used
extensively in many research fields, especially in the fields of image processing and pattern recognition,
thanks to the unique global features of moment description [2-7].

As Legendre, Zernike, Pseudo-Zernike and Gegenbauer moments use the continuous orthogonal
polynomials as a basis functions. They all offer a better representation capacity and increases robustness
to image noise over other types of moments [2-3]. Yet they suffer from a lack of accuracy, especially due
to numerical approximation errors. In order to reduce those errors, many recent works proposed a set of
exact computation algorithms [8-12].

Globally, the computation of continuous moments is a time consuming procedure, mostly because of two
reasons: First, the handling of a set of complicated entities for each moments order. Also, the use of great
reconstruction space, involve a huge quantity of information, using high moments orders [13-15].

On the other hand, researchers have been working on establishing the mathematical formulas to
describe the relationship between the global and local moment features within the same image. In
this regard, we suggest a novel approach offering fast and efficient reconstruction algorithm in the case
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of multi-gray level images with greater sizes, concentrating on the local feature extraction. Our main
objective is to reach high reconstruction quality using only a small finite number of moments, by splitting
the original image into blocks, and using fast and exact approximation. This strategy relies in the
utilization of low-order polynomials on small intervals instead of high orders on a single one [13]. This
aims to introduce these continues moments in the data compression field, which can be achieved by
transforming the data, projecting them on the basis of functions, and then encoding the resulted
coefficients [16-17]. Therefore, the input image is partitioned into blocks of pixels which are then
reconstructed as separate entities.

This novel methodology based on a decomposition technique enables fast computation of image
moments. Such a process is commonly used in image compression standards, e.g. in JPEG [18] where
image is partitioned into blocks and DCT coefficients are computed in each part

However, when adjacent blocks have different reconstruction values, the block boundaries become
visible, producing vertical and horizontal lines in the reconstructed images. This phenomenon is known as
the blocking artifact [19].

To deal with this issue, we propose a new Overlapping concept, which use the neighboring information of
each block and exploits the inter-block correlation. This new approach called Overlapping Block based
Reconstruction (OBR), has been implemented with four different Exact continuous Moments types:
Legendre (OBRELM), Zernike (OBREZM), Pseudo-Zernike(OBREPZM) and Gegenbauer (OBREGM).

In order to evaluate the performances of those four new methods, we performed a set of comparative
tests on a multi-gray level images, in terms of local feature extraction either in visual quality, in PSNR or
in SSIM index [20].In addition, a comparison has been conducted between a reference method, DCT, and
our four proposed methods, in order to investigate whether this continuous moments an provide an
alternative to the existing JPEG compression.

The rest of the paper is organized as follows. Section 2, describes the recently introduced Exact Moments
computation. In section 3 we point out the theoretical details of the proposed OBRELM, OBREZM and
OBREGM methods. We describe the two application of our algorithm in section 4. Finally, Section 5 gives
the experimental validation with the summary of important results, and concluding remarks are
presented in section 6.

2 Exactcontinuousmoments computation

2.1 Exact Legendre moments (ELM)

The(p + q)order Exact Legendre Moments (ELM) [8-9], of an M x Nimage described by its intensity
function f(x,y) is:

LFpy= z Z Ip(x;) I (yf)f(xi'yj)' (1)

where
L,(x;) = 2p2+1 f:im P,(x)dx/ @)
() == B G)d .

And
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_ Ppi1(x0)—Pp_1(x) 3
[ B,(x)dx = B / 3)
_ Pg+1(0)—Pg-1(¥)
qu(Y)dy_ 2q+1 .

For the computation of Legendre polynomials, the recurrence relation can be used [8]:

_ (2p+D) p
Ppiy(x) = i xP,(x) — (anPP‘l(x)' 4)

For simplicity, upper and lower limits of the integration in (2) and (3) will be expressed as follows:

Upyp = =14 idx,U; = =1 + (i — 1)4x. (5)
Similarly,
Vigr =—1+4jdyV; = -1+ (G — 1A4y. (6)
Using (2), (3) and (4), the integral parts will be written as follows:

U _ [Poer®)—Pp_1(0)]Vi+1
fUiL+1 P, (x)dx = [—2p+1 . / (7)
L

Vir1 _ [Pq+1(y)—Pq_1(y) Vj+1
fV]- Pq(Y)dx— 2q+1 _V]. .

Substitute P, 4 (x) from (4) into (7) yields (8):
. Uj .
[y By (@)dx = = (2P (1) - Pp_l(X)]U‘H /1,7 B0y = - [P ) = (8)

Vi
Pq—l(y)]V;H-

The set of Legendre moments can thus be computed exactly by (1) where

2p+1 Vita
Ip (xi) =515 [xPp+1(x) - Pp—l(x)] /

2p + 2 Ui

2g+1 Vljﬂ (9)
I,(y;) = 2q+2 [yPg1 () — Pq—l(y)]vj :

Equation (1) is called the exact computation of Legendre moments (ELM) [8-9].

The image function f(x,y)can be written as an infinite series of expansion in terms of the Legendre
polynomials over the square[—1, 1]

FE) =) D Lyg BEEO),
p=0qg=0
where the Legendre momentsLEp,q are computed over the same square. If only Legendre moments of

order p + q < max are given, then the function f(x, y)can be approximated by a truncated finite series :
max P

Frax @) = DY Ly qqPrg COR), (11)
p=0 q=0
where the number of moments used in this form for image reconstruction is defined by [3]:

(max + 1)(max + 2) (12)
> :

Neotar =
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2.2 Exact Zernike moments (EZM)
Exact Zernike moments are computed by using exact geometric moments, proposed by Hosny in [10]. The

approach by first calculating the geometric moments accurately, then employing the relationship in (13)of
Zernike moments and the geometric moments.

p s lal
_p+1 m (S (4l
Zpq - z Z z w (]) m ByplqikGr—2j-m, 2j+m (13)
k=lq| j=0m=0
p—k=even
wheres = 0.5(k — |g]) and I =+v -1
(- q>0
W= {i, q<0’ (14)

The Exact Zernike momentszgqis simplified as following:

p—2
5 p+1
qu = _7-[ Z Bp|q|kRaqu (15)
k=q|
p—k=even

Zernike polynomial coefficients are computed using the following recurrence relations:

Bppp = 1, (16)
ptq
Byq-2p = p—q+2 P (17)
(k+q)(k—q)
= . 18
BM(R—Z) (p + k)(p —k+2) pqk ( )

The time consuming direct computations of factorial terms are avoided by using the following recurrence
relations:
D(p,k) =2=D(p — 1,k), (19)

D(p.k) = o5 Dk — 1), (20)

withD(0,0) = 1,and D(p,0) = 1.
The radial Zernike moments are expressed as a combination of geometric moments.

s lal
Radig = Y " W™ D(5, )D@m)G—zjom, 2jom (21)

j=0m=0

Hosny in [46] proposed an exact and fast geometric moments’s computation. In this exact method, the
set of geometric moments can thus be computed exactly by:

N N
Gpg = Z Z LI, G) f (x0yp), (22)
i=0 j=0
where
I, (D) = pi[Uiz:l — Uty 23)
. 1 +1 +1
L, = et Uiy = uit,

Fast computation of exact geometric moments can be achieved by successive computation of the gth
order moments for each row. (22)will be rewritten in a separable form as follows:
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N
Gpg = D p(DYig () (24)
i=0
where
N
Z DS (x1,5)- (25)
. . th e _. 2
Y;4in(25)is the g” order moments of row i. Since,/ (i) = e
Substitute I, (i) into (23) yields;
A (26)
SR
i=0

The image intensity function f(x, y) can then be expressed in terms of Zernike polynomials over the unit
circle as

fy) = Z z ApZpgVpq (X, ),
=

= q
p—q=even
qsp

(27)

where,, is a normalization constant that depends on the square to circular mapping technique and

Voq(x,y) = Ryq(Me™%, r € [-1,1] (28)

Where r = \/x2 + yZ is the length of the vector from the origin to the pixel (x,y), and 8 = tan~1(y/x) is
the angle between the vector r and the principle x-axis. The real valued radial polynomials are given by

P
Rpq(r) = Z Bpjqi™, (29)
k=q

p—k=even
where the polynomial coefficients, By|4|x are defined as:

()( ( ) (30)

B

With Zernike moments,Z,,, are computed over the same unit circle. However, the reconstruction of image
function using arbitrary large order of Zernike moments is not efficient. Therefore, this series expansion
is truncated at a finite order, Max, and considered as optimum approximation to the original image

function. The reconstructed image intensity functionf(x, y), based on the truncated series, is given as:

Max p
Faa@ = DD AZyglhg (). (31)
p=0 4
p—q=even
qsp

Where the number of moments used in this form for image reconstruction is definedin [3] by:
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Max + 2 .
)2, Maxiseven
Nt tal = 2 (32)
ota Max + 1 Max + 1 .
5 )2 + TR Maxisodd

2.3 Exact Pseudo-Zernike moments (EPZM)

EPZM are computed as a linear combination of exact geometric and radial geometric moments, where
they are exactly computed by using mathematical integration [11].

Pqu ( Z B qukq+ Z B qukq) (33)
k=q+1
k— q even k—qg=odd
where
= Z§=0 Z?n:o(_i)m C]'SCTC;lGMk—Zj—m, 2j+m> (34)
RIIC-I,CI = Z§=0 Zgnzo(_i)m C]'SC#LHR—Zj—m, 2j+m- (35)

The PZM coefficients B, 4, are computed using the following recurrence relations:

Bppp = 1, (36)
B k+p+1 B
p—q+1P"” (37)
(k+q+1)(k—q)
Bok—1) = . 38
PACD " p+k+ D —k+1) P* (38)
The geometric and radial geometric momentsGM,,; and Hy,,are defined in function, of image intensity

p(g-p =

f(x,y), as follows:

Bl ]

Mg = 2 3 110G f (), (39
i=0 j=0
5 ]

Hpq = ZZ! Ol DV Y7 f (x3) (40)

i=0 j=

wherel, (x) andl, (y)are calculated by Eq.(23).
Where the number of moments used in this form for image reconstruction is defined in [3] by:

Niotar = (Max + 1)? (41)

2.4 Exact Gegenbauer moments (EGM)

The accurate orthogonal Gegenbauer moments of order (p, g) [12] with the scaling parameter a > -0.5
are defined as follows:

6@ = - (a)C - )ZZIX () 1Y () f (xi 97)s (42)

where the normalization constant C,, () defined with the recurrence relation as:
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-1+ a)(p—1+2a) (43)
Cy(a) = ot D Cp-1(a)
Cola) = nl'(2a)

224 La[T @)]?
The symbol, I'(.), refers to gamma function and:
5
IX,(x;) = Z BTy () (45)

46
IYq(yJ ZB( Iq- Zk(yj) 46l

The floor operator[p/2], equal to either (p —1)/2 or p/2 for odd and even values of p, and the

coefficients matrix B Y obey the following recursive relations

Bgg =1, (47)
() _ 2(a+p-1) (@)
BpO TBp 1,0 (48)
(@ _ @-tp2i) @ 45
B 4k(a+p—k) Bp,k—l’ ( )
The definite integration I,,_,, (x;)and I;_,,(y;) is evaluated using the recurrence relation:
1 a+0.5 a+0.5
ur- 2 _ 2 _
= Garn! (1-U?) Ul (1 - UA, + (T = Dlp_y 50)

whereT is a non-negative integer, T = 2,3, 4, ..... Max,with Max is the maximum order of Gegenbauer

moments, and o = [;/*(1 - x?)**3dxand I = ——[(1 - UZ)"""* = (1 - UZ)*+*5].

(2a+1)

The integration of [ is difficult to be evaluated analytically. So, an accurate numerical integration method
is a good choice. The composite Simpson’s rule is proved to be very accurate where the numerical and
exact values are almost equal [12].

For the computation of Gegenbauer polynomials, the recurrence relation can be used :

2p + 2a)
(p + 2a)

p+2a—1
P+1D

P(Ol)( ) (51)

P = OR
with? (x) = 1, P (x) = 2ax and p = 0.

The image function f(x,y) can be written as an infinite expansion series in terms of the Gegenbauer
polynomials over the square[—1, 1]x [—1, 1]:

fxy) = Z Z 6B IR ) (52
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(@)
Gp,a-
of order smaller than or equalto Max are given, then the function f(x,y) in equation (43) can

where the Gegenbauer moments, are computed over the same square. If only Gegenbauer moments

bereconstructed as follows:

Max P

fMax(x' y) ~ Z Z GZS"_‘)q,qu(fZI (x)Pq(a) (}’) (53)

p=0q=0
Where the number of moments used in this form for image reconstruction is defined in Eq.(12).

3 Overlapping blocks reconstruction using Exact moments
We learnt from the previous chapter, that regardless of the moments used, It is established that the exact
momentscomputation can reduce significantly the reconstruction error rate and increase the outcome
quality.

Nevertheless, if we consider images with greater sizes, higher order moments are involved and the
handling of greater quantity of information is necessary [13]. Hence the moments computation becomes
a time consuming procedure.

Nevertheless, if we consider images with greater sizes, higher order moments are involved and the
handling of greater quantity of information is necessary [13]. Hence the moments computation becomes
a time consuming procedure.

To overcome this limitation, we first proposed an approach using block based reconstruction method: The
input image is subdivided into square blocks of pixels of size (k,1),which generates a number of sub-
images reconstructed separately. Because sub-image size is smaller, only low moments's order are needed
to better describe its content. Thus, this method allows faster computation of image moments.

However, since each block is handled as an independent entity, discontinuities occur at the block
boundaries. This is known as the blocking artifact, which is a consequence of the lack of inter block
correlation during the reconstruction process.

In order to exploits this inter block correlation, our proposed approach relies on the overlapping concept:
We use for each block the three adjacent neighboring information's by performing the moments
computation process on the Overlapped blocks and reconstructing the initial non-overlapped block. In our
case, the blocking artifact is dealt with at the source, namely, the moments computation process.

We applied this Overlapping approach to each of the four moments types: Legendre, Zernike, Pseudo-
Zernike and Gegenbauer. Hence, we will propose four reconstruction methods:

OBRELM: Overlapping Block based Reconstruction using Exact Legendre Moments.
OBREZM: Overlapping Block based Reconstruction using Exact Zernike Moments.
OBREPZM: Overlapping Block based Reconstruction using Exact Pseudo- Zernike Moments.
OBREGM: Overlapping Block based Reconstruction using Exact Gegenbauer Moments.

Those methods are performed through two stages: (i) the exact moments computation which extracts the
block neighborhood information by proceeding on overlapped blocks; (ii) the reconstruction process
which acts on output blocks and merge them into the final image (Figure. 1).
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The following figures show the reconstruction stages and the Overlapping scheme.

Input
i Overlapped
I block
1
1
T

w

1
]urpu[block

@.
Overlapping block
Moment computation

@

Block reconstruction process

Figure 1 The overlapping scheme of Legendre and Gegenbauer moments, which are defined in the unit
square

As we can see in Figure. 1 this overlapping scheme uses the information of the tree neighbors block, It's a
one side overlapping, the other side will be overlapped with the next block. In the case of Zernike and
Pseudo-Zernikemoments, our overlapping method also proceed by partionning the input image into
square blocks of size (k,1), which are then mapped on circular blocks (r, 8) parameters [10].

We consider w extra pixel on one side (Figure.l), the pixels of the additional perimeter would be
considered in the moment’s computation of this block.

Two works [15] and [19], have proved that an overlapping window size of one pixel is the most effective
in terms of image quality and time consuming.

By using the overlapping method, the image space will take the following form:

Qoverlap = X3 ¥jl0 =3, <M -1+ w, 0<yjsN-1+w} (53)
We assume that:
S;—1), (Sy—1 ,
Qovertap = UfZo” Uno Doveriap: (54)

nq,n, . .
Where the subset DOVerlap is expressed as:

Dovodan = X yjinak <x < (ny + Dk— 1+ w,ml < y; < (ng +

Overlap (55)
DI-1+w }.
Then let the image function associated to each Dgg:ﬁlapsubset be defined as follows:
nq,n _ n{,n
fOxllerzlap xy) = {f(XiJYj)|Xi; Vi € Doéerzlap}' (56)
This gives:
S1-1) | (Sz—1) ¢ny,
f(xy) = US Lo US,  forme (x,y) - (57)

We introduce The Legendre moments defined on the subspace Dgﬁl’:rzlapfor the Overlapping Block based

Reconstruction using Exact Legendre Moments method (OBRELM) is:
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Engn, _
Lp,q,IOl;p -
(n2+1)k_1+W (n1+1)l—1+w (58)
Z Z IP Olap (x1) Iq Olap (y]')fnl'n2 (Xiin)
i=l’12k j=n1]

The Zernike moments defined for the Overlapping Block based Reconstruction using Exact Zernike
Moments method (OBREZM) is:

p-2
gEmne _PH1 ByqixRadp:
pq,Overlap — plalk kq Overlap (59)
T k=[q|
p—k=even

The Pseudo-Zernike moments defined for the Overlapping Block based Reconstruction using Exact Zernike
Moments method (OBREPZM) is:

p
p+1 G, H,
Pzga?ﬁllap ( Z qu n1n2+ Z B qu n1n2)
k=

k=q+1
k—q= even k—qg=o0dd (60)

The Gegenbauer moments defined for the Overlapping Block based Reconstruction using Exact
Gegenbauer Moments method (OBREGM) is:

GE,nl,nz — 1
p.q.0viap Cp (o) Cq (o)

(ny+1)k—-1+w (n1+1)1-14+w

z z I ){:}OIap(Xi) I %I,?)lap (yi)fnllnz (Xi' Yj)-

i=nyk j=n4l

Then, the functions of each image block using the OBRELM, OBREZM, OBREPZM and OBREGM are as
follows:

(61)

fr?lzg,%)vlap (Xi’ Yj) ~

ma. El’l ,n
Z qu 0 p anOVlapPp—q,Ovlap (Xi)Pq,Ovlap(Yj)-

(62)
£nq,n; ~
max,0vlap (Xi' Yj) ~
max P E nin2 n1 n2
2p202  a  MpZpqoviapVpa (val)
p— q=<even (63)
qsp
nq,n3 ~
fmax,Ovlap (Xi’ Yj) ~
Zmax ZP 7\ ZE ,n1,n2 n1 n2 ( ) (64)
q p.q, Ovlap pq X Yj
p—g=even
qsp
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fr11’11'11;;1’)I<1,%)v1ap (Xi’ Yj) ~

Engq,
Zglj()){zg=o Gpilclllg,zovlappp—q,OVIap (Xi)Pq,Ovlap (Yj)-
The image function up to max of the three approaches using Legendre, Zernike and Gegenbauer moments
can be finally obtained by:
fmax(xr y) — U(S1—1) U(Sz—l) fhaun; (X, Y), (66)

n,=0 n,= max,Overlap

Our approaches OBRELM, OBREZM, OBREPZM and OBREGM using respectively Legendre, Zernike,
Pseudo-Zernike and Gegenbauer moments achieve improvement in the following points:

i Giving high reconstruction quality by using only a small finite number of moments.

ii. Mitigating the artifact involved in the block processing by exploiting the block neighborhood
information during the moments computation step, which allows to avoid enhancement post
processing techniques which are a time-consuming procedures.

This property can be used to extract local features from the desired Region of interest (ROI). Also, it can
be applied in the field of data compression, in which we aim to reconstruct the original image using only
a finite number of moments.

4 Applications of our four proposed methodes

4.1 Local features extraction

In this section, we show that we can use our proposed block representation approaches, based on
continuous moments, for local features extraction from an image. The local features can be extracted
easily from any desired location in the image (region of interest), due to the capability of our approaches
to separately represent the information of each block. Consequently, their use in object classification and
recognition applications is highly significant. Our proposed local features extraction algorithm is described
as follows: firstly; the input image is divided into small blocks. Secondly, for each block that correspond
to the desired ROI, we apply our proposed methods (OBRELM, OBREZM, OBREPZM and OBREGM) for
extracting the local features. Finally, we transform the resulting moments coefficients to a classifier
(Figure 2).
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Inputimage

v

Block that correspond
to the desired ROI

v

OBRELM/OBREZM
/OBREPZM/OBREGM

v

Coefficients

v

Local features
Extraction

v

Classifier

Figure 1 The principe of applying our four approaches in local feature extraction for classification

4.2 Compression algorithm

The compression algorithm is described as follows: Each images is first divided into sub-blocks whose size
is (M x M), each block is then transformed by using the OBRELM, OBREZM, OBREPZM and OBREGM. At
last, the set of calculated moments are transmitted to the receiver to be used in the reconstruction step
(Figure .3) .

Coder Decoder

Initial image Reconstructed image
OBRELM/OBREZM OBRELM/OBREZM
JOBREPZM/OBREGM /OBREPZM/OBREGM
) Normalized
Normalized
moments
moments .
reconstruction

Transmission Channel

Figure 2 Diagram of encoding/ decoding scheme

In order to evaluate the performance of different methods, we use the total compression ratio [17] which
is defined as follows:

i debit
TCR = image debi (67)
number of moments

5 Experimental results

This section aims to prove the effectiveness of the proposed methods using Legendre, Zernike, pseudo-
Zernike and Gegenbauer moments in terms of compression rate and local features extraction. Therefore,
a (128 x 128) real gray level “clock” test image is used to compare our four proposed methods in terms of
local features extraction. In order to complete our study, a comparison of our approaches with DCT for
image compression is made in terms of SSIM index, PSNR and time consuming using 128 x 128 Lena image.
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5.1 Local features extraction

To measure the capacity of our method, using continuous orthogonal moments, in term of local feature
extraction, we have conducted the local sub-image reconstruction via our approaches on a Clock image.
Firstly, we reconstruct just the clock object with only small moments orders. Then, we have adopted the
Peak Signal-to-Noise ratio (PSNR) and SSIM index [20] as the measurements to evaluate the reconstructed
images.
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Figure 3 Local Reconstuction image using Overlapping block approaches of Clock image using Legendre
moments (OBRELM) (A), Zernike moments (OBREZM) (B), ), Pseudo-Zernike moments (OBREPZM) (C) and
Gegenbauer moments (OBREGM) (D) with different orders
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Tablem 1 Values of the PSNR/SSIM for the local reconstructed clock images using the methods based on
overlapping block: OBRELM, OBREZM, OBREPZM and OBREGM using respectively Legendre, Zernike,Pseudo-
Zernike and Gegenbauer moments with block size (4x4).

OBRELM OBREZM OBREPZM OBREGM
Order PSNR/SSIM

0 23.55/0.89 23.15/0.88 23.50/0.90 20.77/0.79
1 25.38/0.91 23.48/0.89 25.79/0.90 21.30/0.83
2 27.73/0.94 25.24/0.90 28.02/0.94 22.34/0.89
3 30.05/0.95 27.40/0.92 30.76/0.96 24.39/0.91
4 32.46/0.97 30.95/0.96 33.13/0.98 28.85/0.92
5 33.35/0.99 31.08/0.98 33.56/0.99 30.04/0.94

The above results (Figure.4, Table.1) illustrates the efficiency of the proposed methods against the
blocking artifact. They show how a relatively small finite set of moments can adequately characterize the
given image with no need to include higher order moments. The OBRELM and OBREPZM perform the best,
OBREZM using Zernike moments performs well throughout the reconstruction process and the OBREGM
using Gegenbauer moments perform lower than the others.

5.2 Compression: Comparison with DCT

In this section, comparison is made between our approaches and DCT for image compression. The
information is stored in some computed moments and coefficients in our three methods and DCT
respectively. After reconstruction, the PSNR and SSIM produces by the four methods are compared.
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Figure 4 Comparison between OBRELM, OBREZM, OBREGM and DCT for (128 x 128) Lena image using block
size (4 x 4) in terms of PSNR (a) and SSIM Index (b)
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Figure 5 comparison between OBRELM, OBREZM, OBREGM and DCT for (128 x 128) Lena image using
block size (8 x 8) in terms of PSNR (a) and SSIM Index (b)
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Table 3The reduction factors of reconstruction time for our proposed methods, using 128 x 128 Lena image
and (4 x 4) block size, for PSNR = 20, compared to the global reconstruction with 2.0 GHz i7 and 8 GB RAM.

Method
OBRELM OBREZM OBREPZM OBREGM
Correspondin
P & 0 1 0 2
moments Order
CPU elapsed
. 0.064s 1.87s 12.10s 0.58s
time
Time Reduction | 97.58% 92.23% 75.56% 81.62%

The results in Figure. 5 and Figure. 6 indicates that reconstruction using Legendre moments OBRELM
provide a better compression capability compared to Zernike, Pseudo-Zernike and Gegenbauer moments
which is. Whereas the OBRELM is slightly lower than DCT. However, for high compression rates the
performance is almost similar.

For a better compression ratio, a quantification and numerical redundancy exploitation and entropy
coding method such as Huffman coding [27] can be used.

Table 2 confirms that the OBRELM is a way better in term of data compression, but also in time reduction.
This also means the other methods are unsuitable because the compression schemes require very fast
encoding/ decoding image with low time consumption.

The OBRELM is better than the OBREZM and OBREPZM due to the fact that Zernike and Pseudo-Zernike
moments are a complex numbers and require, for a given order, two parts in the computation: magnitude
and phase. Hence, in the step of Zernike and Pseudo-Zernike moments reconstruction it will need an
additional computation of the two values and, by the way, increases the complexity of the overall process.
Some works used only magnitude information for recognition but involves erroneous results and
impreciseness [28].

6 Conclusion

In this paper, a novel and faster algorithm for the computation of exact continuous moments: Legendre,
Zernike, Pseudo-Zernike and Gegenbauer, have been presented. We proved that, by replacing a greater
size gray level image by a set of blocks, the moments computation can be accelerated significantly by
using only small finite number of moments. We have also applied those methods to local features
extraction and to data compression. The experimental results prove that the proposed methods
outperforms the conventional ones in terms of error reduction, image quality and time consumption. Our
OBREPZM method seems to be the best approach in term of local features extraction but it is high time
consuming. In the other hand, our OBRELM method is the most suitable for data compression. Indeed,
our approach allows a high compression ratio and deliver a good visual quality and low reconstruction
error with less time consuming.
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