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Abstract

Discrete orthogonal moments have been recently introduced in the field of image analysis. It was shown that they have better image
representation capability than the continuous orthogonal moments. One problem concerning the use of moments as feature
descriptors is the high computational cost, which may limit their application to the problems where the on-line computation is
required. In this paper, we present a new approach for fast computation of the two-dimensional Tchebichef moments. By deriving
some properties of Tchebichef polynomials, and using the image block representation for binary images and intensity slice
representation for gray-scale images, a fast algorithm is proposed for computing the moments of binary and gray-scale images. The
theoretical analysis shows that the computational complexity of the proposed method depends on the number of blocks of the image,
thus, it can speed up the computational efficiency asfar asthe number of blocksissmaller than theimage size.

MESH Keywor ds Algorithms ; Image Enhancement ; methods ; Models, Theoretical ; Pattern Recognition, Automated ; methods
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INTRODUCTION

Moments and moment functions have been extensively used for feature extraction in pattern recognition and object classification [1 ]
5]. One important property of the momentsis their invariance under affine transformation. The pioneering work on this subject was by Hu
[6 1. Since then, many applications have been developed, which made use of geometric, complex, rotational and orthogonal moments [7 ]-[
12].

Considerable attention has been paid on the theoretic study and application of the orthogonal moments since they can be easily used to
reconstruct the image, and have the minimum information redundancy to represent theimage [13 ]-{17 ].

Recently, discrete orthogonal moments such as Tchebichef, Krawtchouk, dual Hahn, Racah and Hahn moments have been introduced
in image analysis community [18 ]-[23 ]. It was shown that they have better image representation capability than the continuous orthogonal
moments.

One main difficulty concerning the use of moments as feature descriptors is their high computational complexity. To solve this
problem, a number of fast algorithms have been reported in the literature [24 1-[39 ]. Most of them concentrated on the fast computation of
geometric moments and continuous orthogonal moments. Less attention has been paid on the fast computation of discrete orthogonal
moments [35 ]-[39 ]. Wang and Wang [35 ] proposed a recursive algorithm based on Clenshaw’s recurrence formula to compute the
Tchebichef moments. Kotoulas and Andreadis [36 ] presented a hardware technique based on FPGA for implementing the calculation of
Tchebichef moment values. They further proposed a more flexible architecture [37 ] dealing with various types of moments. Papakostas et
al. [38 ] derived a unified methodology based on the image representation method for efficiently computing the discrete orthogonal
moments. Bayraktar et a. [39] proposed an approach that consists of calculating the polynomial coefficients with arbitrary precision.

In this paper, we propose an efficient computation of Tchebichef moments for both binary and gray-scale images. For binary images,
by using the image block representation proposed by Spiliotis and Merzios [25 ], the image moments can be obtained from the moments of
all blocks. We further derive some properties of Tchebichef polynomials which can be used to efficiently calculate the moments of each
block. The proposed method is then extended to gray-scale images by using the so-called ‘intensity slice representation’ introduced by
Papakostas et al. [28].

The rest of the paper is organized as follows. In Section |1, we review the definition of Tchebichef moments. Section 11 gives a brief
introduction of the image block representation and the intensity slice representation. In Section IV, we first derive some properties of
Tchebichef polynomials, and then propose a fast algorithm for computing the Tchebichef moments for both binary and gray-scale images.
The computational complexity is analyzed in Section V and some experimental results are also provided. Section VI concludes the work.
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Tchebichef moments

The two-dimensional (2-D) Tchebichef moment of order (n +m) of an image intensity function f (x , y ) with size N x N isdefined as|

181,[19]
Tnm:i]ilrn[x] td VIF (X, V),

x=0w=0
wheret (x ) isthe n th order orthonormal Tchebichef polynomial defined by

i)

0= (1-N), \ (=m=%)(1+n), nx=01 N1
= p(—ﬂjm mﬁl_mk X = .
=0

Here (a) , is the Pochhammer symbol

(a}lk=a{a+ Da+2)(a+k—-1, k=1and (.:1']0= L

and the squared-norm p (n, N ) isgiven by

(N + )
P N =G  IN = n= 10

Equation (2) can be rewritten as

tx) = 2 Cod —XJ,,

k=0
where

I - I
neT B reg? (-1

B o N 21
Votrddy (ki -1

The orthogonality property leads to the following inverse moment transform

JF':X: :J*":' = E :S : Tnmrnlixjrn{yl
n=0m=0

If only the moments of order up to (M -1, M -1) are computed, equation (7) is approximated by

fix ¥)= i S T rmt dX) V)
=0 =0

Representation of binary and gray-scale images
Image block representation for binary images

Image block representation (IBR) was introduced by Spiliotis and Mertzios [25 ] and has been used to achieve a fast computation of
geometric moments for binary images.

A binary image, f (x, y ), can be represented as a set of blocks, each block corresponding to an object or a part of object. Thisblock is
defined as arectangular area, which gathers a set of connected pixels whose value isincluded in the same value interval. This area building
is briefly reviewed through the following algorithm [25], [28].

Algorithm IBR
* Stepl

Consider each liney of theimagef (x, y ) and find object level intervalsinliney .
® Step 2
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Compare intervals and blocks that have pixelsin liney -1.
® Step 3

If an interval does not match with any block, thisis the beginning of a new block.
* Step 4

If ablock matches with an interval, the end of the block isintheliney .

After applying the agorithm, the binary image is represented as a set of blocks of level one. This block-represented image is described
by the relation

fix Y)=1b; i=0 1 .., K- 1

where b; isthe i th block and K is the total number of blocks. Each block is described by the coordinates of the upper left and down
right corner in vertical and horizontal axes.

Partial intensity slice representation for gray-scaleimages

Papakostas et al. [28 ] recently introduced a new image representation scheme, known as the intensity slice representation (I1SR), which
decomposes agray-scaleimage f (x , y ) into a series of two-level imagesf, (x ,y ), that is

fix V) =i fix V)
=1

where L is the number of slices (equal to the number of different intensity values) and f; (x , y ) is the intensity function of the i th
dice. Inthe case of abinary image, wehaveL = 1, sothat, f (x,y )=, (x,y).

Once a gray-scale image is decomposed into several slices according to the ISR scheme, each dlice can be considered as a two-level
image where the IBR agorithm can be applied. Instead of applying the IBR algorithm to each slice, Papakostas et a. [28 ] proposed to use
the partial IBR (PIBR) algorithm. The PIBR algorithm consists of one pass of the image and a bookkeeping process, which can be
described as follows.

Algorithm PIBR
*Stepl

Consider each liney of theimagef (x , y ) and find object level intervals for each intensity value that existsinliney .
® Step 2
Compare intervals and blocks that have the same intensity liney -1.
* Step 3
If an interval does not match with any block of the same intensity, thisisthe beginning of a new block.
* Step 4
If ablock matcheswith an interval of the same intensity, the end of the block isin theliney .
After applying the algorithm, the gray-scaleimage f (x , y ) can be redefined in terms of blocks of different intensities as
fIx V={fx v i=12 .. L
JFE.(XJ }":I={bi-jj=':!. ] LKL

where bij isthej th block of dlicei and K; is the number of image blocks having intensity f; . Each block is described by the coordinates
of the upper left and down right corner in vertical and horizontal axes.

Fast computation of Tchebichef moments

In this section, we first derive some properties of orthonormal Tchebichef polynomials, and then develop an efficient algorithm for
computing the Tchebichef moments.
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Some properties of orthonormal Tchebichef polynomials
Theorem 1

Let 7% where (-x) (isdefinedby (3) andc,,#0,n=0,1, ..., N -1, be aset of polynomials. Assume for integer numbers a and
X , we have

Pla+x)= ES(Q;': S a}lEPk[xl

k=01=0
then the coefficients g, (n, k) are given by

gzm‘ MZZ| _E'Slcﬂ,ilﬂd-f,?e
= /

where Dy =(d,, ), withO=<k<n<N -1, istheinverse of the lower triangular matrix Cy =(c, ) of sizeN x N, i.e, Dy =Cy,

The proof of Theorem 1 is deferred to Appendix . In order to apply Theorem 1, an essential step consists of finding the inverse matrix
D\ when the original matrix Cy is known. In this paper, we are interested in the use of Tchebichef polynomials. For the orthonormal
Tchebichef polynomialst, (x ) defined by (5) and (6 ), we have the following Proposition.

Proposition 1
For the lower triangular matrix Cy whose elements ¢, | are defined by (6 ), the elements d,, , of the inverse matrix D\ are given by

s 1nm|:2k+l:(ﬂ!ﬁw—k—1]!
== D N == 1

The proof of Proposition 1 is deferred to Appendix . Based on Theorem 1 and Proposition 1, we can easily derive the following result.
Corollary 1

For the orthonormal Tchebichef polynomials, letting

fdd +x)= 2 S‘: gE[ n k(- .r:fjlE t(x)
=0ED

then we have
N nl2k+ DN —1-k || (k, N) s'(n+I+SjIEN—1—S—I)! ,
gin b==0" -1 \Jpnlmg o= T S ks Mo A= 1= 0ksn

For the purpose of this paper, we are particularly interested in the case where a=1in (15 ). By the definition of (a) , given by (3), we
have (-1),=1, (-1),=-1,and (-1) ,= Ofor | = 2. Using these properties, equation (15) becomes

Lix+1)= i‘. gO[n, k)t (x) — zlglli n, Kt x)
k=0 k=0

whereg, (n, k), 1=0,1, defined by (16 ), are given as

AN (2K + N — 1 k)l f.ﬂ(kf‘ﬂ )(n+s) .
g()mu-'i—ll' (N-1-—n) p(nNZ s s+ k+ 1) O=k=n
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N-1-rit \ pir) i-?ﬂ]fﬂ— 1= )= s s HeH D= R

(etUT=1-k) [AR) il =11 (2r=s)!
I 1 fellgtey 0 (P8 ) (M= re-5) etk sl 1k s))

_ zn-i'c—lB O<k
- o0 mk,o =R=N- l

=1
. niZ+HLN-1- i'c:n pik) (= 1L+
gmnk=(-1 Z

where

B — (= D(2k+ 12n —s) (N =1-k) [plk, N)
nks = (n—s(N-n+ssin+k-sn-1-k-sl(N-1-nl\pn N}

For the computation of g ,(n, k ), we have the following result.
Theorem 2
Forg,(n, k) givenby (18), we have

ginn=1 gnk=0forO=sk=n-1

The proof of Theorem 2 is deferred to Appendix .

Using (21), equation (17) becomes

fdx + 1) =t{x) —zlglm Kt (x)
k=0

We are now ready to propose a new approach for efficiently computing the Tchebichef moments defined by (1 ). Thisis the subject of
the following subsections.

Fast computation of Tchebichef momentsfor binary images

For abinary imagef (x , y ) represented by K blocks, as described in (10 ), equation (1) can be rewritten as

Xag, Yag L
T rom S EAX) V) = S'.l Trm
i=D

=0 M= 15, }'—}'“-?
where (X, ,, Y ;) and (X, .Y, ) arerespectively the left-up and right-bottom coordinates of the block by, and Trim is the moment

of block b; given by

Zl'r
Toim= Doy Sropi AN )

=[5

MR ) Yarg ey
= Sn(xl,b,l Xzbljsm(yj,ble yai'-"'.'l

with
xZ.&I- :‘"zj.
SriXypy Xop) = Z trl ) S??b}]_’b! ygbj = Z Ll V)
-x:xl.l'rl- ! ! »= 1E;

Equation (23) shows that to obtain the image moments, we need to calculate the moments of each block, so we turn to it in the
following. Since S, (X ,, X 5 p) @A S, (Y 1, Y 2 ) givenin (25) can be calculated in asimilar way, we consider only the computation

of Sn(xl’bl,xzybi).

Assuming that the block b; contains &, = x , , = X ; , + 1 pixelsin width, we have
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Sy Xan)= X, kg )
=0
Using (22), we have

rnﬂ(xlb +j+1)- rnﬂ(xlb + fI= S‘.gl n+1 Ufkikj,b + 1

Summing the two sides of (27 ) fromj =0to 5, - 1, we obtain

Era(Xap, +6p) — LaydXap) = Zb Y oG+ L Kty + )

i 'g.l.—l
Y ot k) e+

Using (26 ) and making the notation
Rnli'ﬁblj = rm_l(}{lbl. + Eblj — l‘nﬂ[}{lbll

Equation (28) becomes

Ri{6y) = S. g, n+1 RIS ey Xop)
k=0

LetVi, (X1 5 Xp5)=(So(X 5 X25) S1(Xq 5 X5 p) - Su-1(X g5, X5p)) Tand Uy, (8,) = (Ro(8,), Ry (3, ):-- Ry -1(8,)) T
where the subscript T denotes the transpose and M is the maximal order of Tchebichef moments we want to calculate, we have

UM['ﬁE'IJ = = AMVM(XLET Xab.‘l
where A, isan M x M lower triangular matrix given by
g(10 0 0
g,20 g(21] 0
An=lgB30) 931 g{32)

g,(M, 0) Q(M I gM2) g(MM-1

Theelementsg, (n, k) of the matrix A, can be computed via (19 ). In particular, we have

pn—1 N) [on—=12n+1
g,nn-1=22n- IJJW ZZH[N—HIN+H) :

Since all the diagonal elements are not zero, the matrix A,, is non-singular. Thus, we have
V (K:I,bla Xab:' = — A, UM('ﬁb !

The above equation shows that to obtain the values of V, (x ; ,, X, , ), we need only to compute U, (8, ), which can be done via (29
). The Tchebichef polynomial values can be calculated by the following recurrence formula[19]

tx) = a tyx — D+astyx -2 forn=123 ., N-1x=23 L NJ2
where

B 2 L s

ay = Xi—-3) )
T
X= "
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and
(M —ri2nt])
0= — \arseny a0}
t41) =] 1+ 55 |6.0)

(0 =%,

Notethat in (35), the following symmetric property is used
tAN — 1= =(— 1t fx)

As indicated by Mukundan [19 ], the use of (35 ) and (38 ) allows avoiding the numerical instability in the calculation of polynomial
values.

Because the computation of g , (n, k) for 0 < k < n -2, when using (19 ), requires the evaluation of factorial functions, this could be
time consuming. To avoid this, we use the following recurrence relations for computing the coefficients B, | .

AN-—n+1 [2n-102n+ 1)

Bnoo= 1 U(N— N + 1) Bpip n=2
m—s+lin+tk—-s+lin-k—-silN-n+s-1 ,
Brye= - dn—si2n—s+ N —n+s) Brjeen O=s=n-k-1

(n—k—38) |(2k+ DN+ K) .
Bﬂkf:(nﬂ:—s}l\l(?k—l}lﬁ L]Bﬂ;k—lm l=k=n-7

Bigo=2—=—.
100 "'INE—l

It is worth noting that the elements g , (n, k) are independent of theimage f (x , y ), they can thus be pre-computed and stored in a
look-up table for further use.

Fast computation of Tchebichef momentsfor gray-scale images

By using the ISR algorithm, the Tchebichef moments of a gray-scaleimage f (x, y ), which is described by (11 ), can be computed as

Tom=), _ Soatetu), [ )
Z ZHD o LAV (% V)
=) £l

i ) isthe (n +m)th order Tchebichef moments of thei th binary slice.

where T, (i

Equation (43) shows that the (n +m )th order Tchebichef moment of agray-scaleimagef (x, y ) isequal to the intensity-weighted sum
of the same order Tchebichef moments of a number of binary slices. The latter moments can be computed using the algorithm presented in
the previous subsection.

To summarize, the proposed method for computing the moment values is described as follows.

Algorithm for computing the Tchebichef moments
®* Step 1

Image block extraction using IBR algorithm for binary image and PIBR algorithm for gray-scale image.
® Step 2

Computation of Tchebichef polynomial values at corners of each block using (35 ), and then the vector R (ébi) with (29).
® Step 3
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Calculation of 1-D Tchebichef moments of each block using (34 ).
* Step 4
Computation of image moment values using (23 ) for binary image and (43 ) and (23 ) for gray-scale image.
Computational complexity and experimental results

In this section, we give a detailed analysis of computational complexity of the proposed algorithm, and provide some experimental
results to validate the theoretic analysis.

Computational complexity

The complexity of the proposed a gorithm is due to the extraction of the extraction of image blocks with the PIBR agorithm and to the
computation of Tchebichef moments based on (23 ) for binary images or on (43 ) for gray-scale images. As pointed out by Papakostas et
a. [28 ], the procedure of block extraction is performed by simple mathematical and logical operations, and it adds very short time
overhead in the overall computation. For this reason, we do not take this part into account.

Since the computation of Tchebichef moments for a gray-scale image based on (43 ) depends on the agorithm being used to compute
the moments of each slice, we first consider the arithmetic complexity of (23 ) using the proposed agorithm.

Let us consider the case where a binary image contains one rectangular block with level one. For simplicity and without loss of
generality, assume a square block with J x J pixels, and the moments up to order (M -1, M -1) need to be calculated. For the direct method
based on (1), the computation of Tchebichef polynomial values t, (x ) using the recursive formula (35 ) for each given x requires 1
addition and 2 multiplications. The same number of arithmetic operations is needed for t_ (y ). Thus, the computation of Tchebichef
moments T,,,, of order up to (M -1, M -1) based on (1), using the direct method, for a block size J x J pixels needs M 2(3J2-1) additions
and 5M 2 J2multiplications.

We then analyze the complexity of the proposed algorithm based on egs (23) and (34) . The computation of the vectors U,, (6bi) and V
m(Xq b X2, b‘) requires respectively 3M additions and 4M multiplications, and M (M -1)/2 additions and M (M +1)/2 multiplications.
Thus, the total arithmetic operations required in the computation of Vy, (x ; , , X ; 1, ) ae M 2 [2+5M /2 additions and M 2 /2+9M /2
multiplications. The same number of operationsis required for V, (y , b Y 2b ). Therefore, the computation of M 2 Tchebichef moments
using (23) and (34 ) requires M 2+5M additions and 2M 2+9M multiplications. Table | summarizes these results. For comparison purpose,
we also list in Table | the arithmetic complexity of the algorithms reported in Refs. [35], [37 ] and [38 ]. Note that the algorithm presented
in [37 ] leads to the same number of arithmetic operations asin [36 ], and the method for computing the block moments reported in [38] is
just based on (24 ), which requires (4J -2)M 2 additions and (4J +1)M 2 multiplications. It can be seen from this table that among these
methods, both the proposed algorithm and the algorithm reported in [37 ] are independent of the block size, and our method has the lowest
computational complexity.

For agray-scale image f (x , y ) with size N x N, suppose that the total number of blocks for all the slicesis NB , that is, N2=S.kK,
where K; is the number of blocks of the i th slice. Then the computation of Tchebichef moments T, of order up to (M -1, M -1) based on
(1), using the direct method, requires M 2 (3N 2-1) additions and 6M 2N 2 multiplications. The computational complexity of the algorithm
reported in [38]isNB (4J-2)M 2+L -1 additions and NB (4J+1)M 2+L -1 multiplications, and that of the proposed algorithm based on (
43)isNB (M 2+5M )+L -1 additions and NB (2M 2+9M )+L multiplications.

Experimental results

Some experimental results are provided in this subsection to validate the theoretical analysis. Since the algorithm presented in [37 ]
was realized by hardware architecture, we compare here the proposed a gorithm with the direct method, the recursive algorithm presented
in [35 ] and the fast algorithm reported in [38 ] in terms of the computational efficiency. We do not provide a full comparison of our
method with that reported in [39 ] for the following reasons: the main advantage of the technique presented by Bayraktar et a. [39 ] isits
high precision. As noted by the authors, the computation of polynomial values using arbitrary precision calculator is much slower than the
recurrence formula. So, their method is fast only if al the polynomial coefficients are pre-computed and stored in alook-up table. On the
contrary, Bayraktar's algorithm is less efficient than the previously reported fast algorithms.

In the first example, four binary images with size 256 x 256 pixels (Fig. 1) selected from the well-known MPEG-7 CE-shape-1 Part B
database [40 ] were used as test images. The number of blocks of these imagesis NB = 171 for Apple, NB = 44 for Hammer, NB = 388 for
Octopus and NB = 136 for Tree. Fig. 2 shows the average computation time of moments up to order (120, 120) for these four images using
the direct method, the recursive algorithm based on Clenshaw’s recurrence formula, the algorithm reported in [38 ] and the proposed
algorithm. Note that the algorithm was implemented in C++ on a PC Dual Core 2.33 GHz, 2GB RAM. Fig. 2 shows that the proposed
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algorithm is the fastest among all the methods, and the algorithm presented in [38 ] is more efficient than the other two methods. Thisis
because these binary images have a small number of blocks. Note that the computation time for extracting the blocks of each image is
about 1 ms, thistime is much less than the computation time required in the calcul ation of moments.

In the second example, four gray-scale images with size 256 x 256 pixels shown in Fig. 3 have been used. The number of blocks of
these imagesis NB = 56211 for Lena, NB = 53048 for Pepper, NB = 47664 for Women and NB = 38561 for House. The computation time
for extracting the blocks of each image is about 2 ms. Fig. 4 shows the average computation time up to order (120, 120) for these four
images using various methods. The result again indicates that our method has better performance than the other algorithms. But the
algorithm presented in [38 ] is only faster than the direct method due to the large number of blocks in these images, and the computation of
1-D moments based on (24 ) istime intensive. Fig. 5 shows the reconstructed results using the inverse transform (8 ).

From the two previous experiments, it can be observed that our algorithm depends on the number of image blocks, which is related to
the image content, rather than on the image size. To illustrate this, the images shown in Figs. 1 and 3 were scaled to different sizes (from
320 x 320 to 1024 x 1024) where the nearest interpolation was used. Using such an interpolation, the number of blocks does not change.
Fig. 6 shows the average computation time required in the calculation of moments of order up to (40, 40) for different image sizes. It can
be seen from this figure that both the proposed algorithm and Papakostas's algorithm are much more efficient than the two other
algorithms. To make a full comparison in terms of the efficiency of different methods, we also apply the bilinear interpolation to images
shown in Figs. 1 and 3 . In such a case, the number of blocks increases with the image size. The average computation time required in the
calculation of moments of order up to (40, 40) for different image sizes is shown in Fig. 7 . It can be observed from this figure that the
computation time required in our method and Papakostas's method increases compared to that of Fig. 6 . However, the proposed method
remains the most efficient one.

Conclusions

In this paper, by deriving some properties of Tchebichef polynomials, and using the image block representation and intensity slice
representation, we have presented a fast algorithm for computing the Tchebichef moments for both binary and gray-scale images. The
computation of the moments using the proposed method only depends on the number of blocks, thus, it can significantly decrease the
computation time when the number of image blocks is much smaller than the image size.
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Appendix A
Proof of Theorem 1

By definition of d, |, we have

(_K]n:i d&kpngl
E=D

Using the following relationship [41 ]

E 5o
(—a—x), =Z Ié_h: —a),_(—X),
=0

1 . . .
where!s=#% is the combination humber, we have
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Fn(a+><]=z;cmli —a-x) =Z;cmz;lgt— a, (-
=Y Y cull-ay -,
=Z;Zm%mf+%—au—

S

|+58
:Z - s—kl 3 _|Cni+.5' .s'k( a)gpklle

The proof of Theorem 1 is completed.
Proof of Proposition 1
To prove the proposition, we need to demonstrate the following relation

i Cn,kdk,m :.ﬁnm

k=m
where 5, isthe Kronecker symbol.

Using (6) and (14 ), we have

S‘andm:[_ﬂ A(2m + 1IN — m — 1) || (m,_N) fin+ k)

(N—-—n-1) pmN (m—k L+m+l}|(k ml

k=m
For n=m, it can be easily deduced from (A5) that

— 1"2n)

To prove (A4) form<n, letting

H+L+1" 2k '| (n+1-Kk-m

_ i'r:+
Gin K)=(-1) Hn L+ 1 k—min+k+Dn+m+ Un—-m)

It can be verified that

(— D+ k)
(m—Elk+m+ Dk —m)

Gln k+1)-Gln k)=

Substitution of (A8) into (A5 ), we obtain

Fl " 7
nignaili-ne1 [piml) =" (reHc)
Zk ﬁnc"‘#"d"’vm (= Vg Npirdh) [, Teiiliermeedif=rm form<n

-2 pindl)

=(— )\ P [Gin, n+ - G(n, m]=0,

i o T Z Gn k+1)— Gln, k)]

The proof is now complete.
Note that the proof of Proposition was inspired by a technique proposed by Petkovsek et al. [42].

Proof of Theorem 2
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It can be easily verified from (21 ) that g ,(n,n)=1. Toproveg,(n, k) = 0for k < n -1, it suffices to apply the relationship (A9) to (18).
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Fig. 1
Set of test binary images with size 256 x 256 pixels.
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(a) Apple (NB=171) b) Hammer (NB = 44

L.

(c) Octopus (NB = 388) (d) Tree (NB = 136)

Fig. 2
Average computation time for images shown in Fig. 1 using different methods
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Fig. 3
Set of test gray-scale images with size 256 x 256 pixels.

a) Lena (NB = 56211) (b) Peppf.:r (NB = 5348)

B
=

.

(¢c) Woman (NB = 47664) (d) House (NB = 38561)

Fig. 4
Average computation time for images shown in Fig. 3 using different methods
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Fig. 5

(c) Woman ' (d) House

Fig. 6
Average computation time for images shown in Fig. 1 and Fig. 3 with varying sizes in the calculation of moments of order up to (40, 40)
using nearest interpolation
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Fig. 7
Average computation time for images shown in Fig. 1 and Fig. 3 with varying sizes in the calculation of moments of order up to (40, 40)

using bilinear interpolation
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TABLE

Computational complexity of the direct method and proposed algorithm for computing the moments of order up to (M -1, M -1) of one block with J x J pixels

Multiplications

Additions
Direct method M 2(3J2-1)
Recursive method [3°] M 2(2J2+2J)
Method resented in [3/ ] M 3/3+M 2+2M /3
Papakostas's method [3° ] M 2(41-2)
Proposed method M 2+5M
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5M 22
M 2(232+3]+1)
(M +1)(M +2)(M 2+7M +24)/24
M 2(43+1)
2M 2+9M
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