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Abstract

An automatic approach for the generation of moment invariants is presented. By making use of this approach a complete set
of moment invariants is generated, many of which have never been reported in the literature. This approach will guarantee not
to miss any possible expression that may be useful for pattern recognition. Consequently, the generated sets of moment invar-
iants, including higher-order moments, have been used for the recognition of English alphabets. We also include the results of
our study on selecting the best set of weighting factors for invariant moments, such that we have improved the recognition rates

to over 98.8%.
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1. Introduction

Moment invariants were first introduced by Hu
(1961, 1962) and a large number of papers (Wong
and Hall, 1978; Dudani et al., 1977; Hais, 1981; Bel-
kasim et al., 1991) that have significant contribu-
tions to the application of the subject appeared after-
ward. But only moment invariants of third order or
below third order were described in these papers.
Some higher-order moment invariants (up to sev-
enth order) can be found in (Belkasim et al., 1991).
However, only a small subset of moment invariants
was listed in the papers mentioned. In principle, there
is an infinitely large number of moment invariants
and most of them have not been reported in the lit-
erature. Manual calculation and brute force tech-
niques have been used for the generation of moment
invariants, which may be considered as the reason
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why other moment invariants have not been re-
ported and used in image processing. In this paper we
develop an automatic approach for the generation of
the moment invariants and give the best set of
weighting factors for character recognition.

Let us recall the definition of two-dimensional mo-
ments of order (p+¢q) of a density distribution func-
tion f(x, y) as follows:

Mpq = ” xPyif(x, y) dxdy . (1)

The moments that have the property of translation
invariance are called central moments and are de-
fined as

o= | | =2y (r= 917z, ) vy )

where X=my/ Mgy, V=mg,/ Mgy are the coordinates
of the centroid.
The normalized central moments, which are invar-
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iant to the scale of the image, can be defined as

Npg = ﬂpq/llﬁo (3 )

where y=(p+q)/2+1.
Under the following orthogonal transformation

x’ cosf® sinf||x
[y’]_ I:—sin(? cos B:Il:y:l (4)
and by the method of algebraic invariant as de-

scribed in (Hu, 1962), the following p+ 1 monomi-
als for moments up to order p can be obtained:

i . i(p—2)8 . .
I’po=elp01p0, I;)—],l:e](p )Ip—l,la s
—i(p—2 . —i
I,l,p—l=e i )gll,p—h IE)p:e l‘7910p' (5)

The general form of the coefficients of the invariant
identity in Eq. (5) can be written as follows:

I;Jq=1pqexP[i(p_q)0] (6)

where I}, is the coefficient in the rotated domain, 7,
is the coefficient in the original domain, p+gq is the
order of the moment.

2. Automatic generation of moment invariants

The moment invariants can be generated by elim-
inating the rotational dependent term & in Eq. (6).
Let us give some simple examples to illustrate the
idea.

For second-order moments, the moment invar-
1ants are: I,,, Ig* Iyo.

For third-order moments, some of the moment in-
variants are: I3g*Ios, Iy 112, I3+ Ios.

From the examples given above, the moment in-
variants can be obtained by multiplying a suitable
combination of terms in order to eliminate the ex-
ponential factor in Eq. (6). For some simpler cases
of lower-order moments, these can be done by man-
ual calculation. However, it is impossible to try out
all combinations of terms from different order of mo-
ments by hand calculation. In this section, we make
use of a basic idea of number theory to find out all
possible combinations of moment invariants. Our al-
gorithm for the generation is given in the following
five steps.

Step 1. Generate a link list which contains the differ-

ence of p and ¢ for each term defined in Eq. (6) fora
specified order of moments. Example: let us use mo-
ments up to third order to illustrate our idea in this
step, and for the rest of the steps, i.¢.

12():2, ]11=0: 102=—2’
130=3, ]21=]> Io=—1, [03=—3~

Step 2. Assign a variable X; associated with each en-
try of the link list described in Step 1 in order to form
a new polynomial as shown below:

Xo(2) + X1 (0) + X2 (=2) + X5(3) + Xu(1)
+Xs(=1)+Xs(—3)=0. (7)

Eq. (7) can be simplified by eliminating the terms
with zero and negative coefficients as shown in Eq.
(8). Using this simplified equation, a large amount
of processing time can be saved without missing any
possible solutions. Hence, in our example,

Xo(2)+ X, (3)+X,(1)=0. (8)

Step 3. Try out all possible combinations of X; from
zero up to a pre-defined upper limit ( £ N). The up-
per limit can be defined as the sum of the coefficients
in Eq. (8). Record all combinations of X; that make
Eq. (8) equal to zero. The values of X; are the corre-
sponding powers of [, that eliminate the rotational
dependent terms in Eq. (6). For our example: I3,°
I3, I3y 1oz, 3o+ 13, ete.

Note that the negative power of /,, is represented
by I, since I, is the complex conjugate of 1,,,.

It is very time consuming to solve Eq. (8). Espe-
cially when we are working with higher-order mo-
ment invariants, Eq. (8) gets more complicated. The
process can be simplified by making use of the fol-
lowing theorem.

Theorem. If a and b are positive integers that are mu-
tually prime, there must be two integers x', y’ that
satisfy

ax’+by'=1. (9)

Let x=cx’, y=cy’. Then from Eq. (9), we have

ax+by=c(ax’'+by')=c. (10)
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Then, if @ and b are mutually prime and c is an inte-
ger, there must exist integer solutions that satisfy Eq.
(10). One possible solution of Eq. (10) is

x=cx' and y=cy’.

In general, if x=cx" and y=cy’ form one set of the
solution of Eq. (10), the general solution of Eq. (10)
can be written as

x=cx'—bn, y=cy'+an (n=0, £1,..). (11)

Eq. (9) can be solved by the Recursive Division
and Backward Substitution (RDBS) Algorithm as
shown by the following pseudo code.

Recursive Division

i=1

dividend;=max{a, b}

divisor;=min{a, b}

do{
quotient; = —dividend,/divisor;
dividend, . , =divisor;
divisor;, ; =dividend,mod divisor;
I=i+1}

while (divisor; # 1)

quotient; =1

Backward Substitution
while (i>1){
i=i—1
quotient;_; =quotient,;_; *quotient,+quotient,, ,}

The solution of x and y are stored at the first two
locations of the quotient list, i.e. quotient, and
quotient,.

In practice, Eq. (8) can be written as

Y X,Ci=0. (12)

Choose any two coefticients (C;, C,) that are mu-
tually prime from Eq. (12) and rewrite Eq. (12) as
follows:

X,C+X.Ci+ ¥ X,C=0. (13)
[ # 7.k

i#],

Solve for X; and X} from Eq. (14) using the RDBS
algorithm:

X;Ci+ X Ce=1. (14)

Then from Eq. (11), the general solution of Eq. (13)
can be written as

Xi=—CX;—nC;, Xpe=—CXi+n-C (15)
where n=0, £ 1, £2, +3, ... and

C= Y X forX,=0,+1,+2 ., +N.

i#)k

Step 4. Eliminate all redundancy from the results ob-
tained from Step 3. Example: consider the moment
invariant [, -13,. Then I3, - I'$,, I3, *1§,, ... are redun-
dant and duplicating /5, - 13;.

Intuitively, some of the moment invariants such as
Iy, Io* Loy, 15,715, I39° 153 cannot be generated by Eq.
(8). However, these simple types of invariant can
easily be found separately and we do not need to gen-
erate them by solving Eq. (8). By making use of this
approach, the following set of equations has been
generated.

For moments up to third order:

Iy, oIy, Ly o1y, Ig dos, 13 Ioa,s
Ly 151y, (16a)
Lo I3, g Iy 132, 130132, I3o 1327 1oy (16b)
For moments up to fourth order:

Ly, Iy 215, Tao Ioa, Iy + Do, 140'1%3,

Lo 1%, I3 135, (16c¢)
TP SFRY (VI FIEY (EL (PP YRS (FRF FTN

Lo I3+ I35, (16d)
Lio-113° 13, Lao 113+ Tag, Tao " 153 o,

Ina 13,1y, , (16¢)
iy Ly, Lo i3 dos Doy, Lao Tos Iy * Loz, (16F)
Ly Iogs-1 5 Ih, ... (16g)

Step 5. The final step is to express ,, in terms of the
central moments p,,. Recall Eq. (36) and Eq. (38)
defined in (Hu, 1962). From

HEH o
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we have
u=U+V, v=—-1(U-V), (17)

(Tpos oons D0p) (U, VP = (o, -y fop) (U, V)P . (18)

Substituting Eq. (17) and the required moment or-
der p into Eq. (18), the set of equations as shown in
Eq. (20) can be obtained. Let us take the second or-
der as an example. Substituting p=2 and Eq. (17)
into Eq. (18), we have

(Lo, 111, I02) (U, V)2 = (pa0, 115 o2 ) (14, v)?
= oo (U+ V)2 =i2u, (U+ V) (U=V)

—lo(U=V)?
= (oo — 1211 — fo2) U+ (pao + 1102) 2UV
+ (20 +i2py; — o2 ) V2. (19)

Comparing the coefficients of Eq. (19), it is clear that
Iao = (a0 — Mo2) =124y,

Ly = (20 + po2) »

Loz = (fta0 — Ho2) +12u1,

Then the relationship between the 7., listed in Eq.
(16) and the corresponding central moments can be
obtained as follows,

Do = (a0 — fo2) ~ 1211, (20a)
Ly = oo + ploz (20b)
Toa = (g0 + Mo2) +120y4 (20c)
T30 = (pt30 = 3t12) —1(3 21 — fo3) (20d)
Iy = (30 + w12) =1 (pt2r + o3 (20e)
Tia= (a0 + pi2) +1(par + o3 (20f)
Jo3 = (30 — 3p112) +1(3 221 — fo3) (20g)
Lao = (tao — Oth22 + ftos) —14 (13, — p113) (20h)
I3 = (pao — poa) —12(131 + 1113) » (201)
Doo = (ptao + 222 + 104} (205)
I3 = (Mo — Hoa) +12(p3; + p13) (20k)
Toa=(ftao — 61022 + tos) +14 (31 — 1113) - (201)

The absolute moment invariants, which are invar-
iant to rotation of images, can be obtained by substi-
tuting Eq. (20) into Eq. (16) and taking the real part

of the results. Similarly, the skew invariants, which
are useful in distinguishing mirror images, can be ob-
tained by taking the imaginary part of the results de-
scribed above. In addition, Eq. (16) can be normal-
ized to make them invariant under a scale change by
substituting the normalized central moments #,,, Eq.
(3), for y,,. Part of the equations of moment invar-
tants are tabulated in Table 1.

3. Weighting factors

One method for increasing the performance of
similarity measures involves a statistical analysis of
the training set of features (Hais, 1981; Cash and Ha-
tamian, 1987). Those features which are found to be
more reliable than others are given more importance
when making classifications. For the Euclidean dis-
tance measure, weighting factors are determined
which cause the more reliable feature to make a larger
contribution to the distance between two feature vec-
tors. The weighted Euclidean distance between two
feature vectors is given by

n

1/2
Dj(ql)= (Zl M"i(-xji_!//t)z) (21)
where w; is the ith weighting factor for the ith feature
vector component. The following weighting factors
were defined in (Cash and Hatamian, 1987):
1 o; o;

wWi=0;, W 5 w; Tk w; ; (22)
where o; is the standard deviation of the ith feature
of all classes in the training set, o; is the mean of the
standard deviation of the ith feature of each class (A-
Z,a-z,0-9), and | x| is the magnitude of the mean
of the ith feature of all classes.

In addition to the weighting factors defined in
(Cash and Hatamian, 187), there are also many pos-
sible versions of weighting factors that can be used.
The following are some examples that have not been
described in (Hais, 1981; Cash and Hatamian, 1987):

— 1 ;
w,=0;,, W= 1 , W= ——, W= g (23a)
o | il [ 1]
w,=;, w,-:i, w,—:g (23b)
.ul :ul /l,'
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Equations of moment invariants

119

Second-order moment invariants

¢2,1=1n ¢2,z=lzo‘foz
Third-order moment invariants
Dy, =011, Dy2=I50"103 @33 =Re{l3 I}

* <D3,4=Im{1§,-102}
Dy, =Re{l3-1}:}

* @3 o=Im{l- 15, 13, }
* ¢3,|3=RC{130'1?2‘102}

* @3 5=Re{l30° 112 1oz}
D35 =Im{l3-11,}

* @311 =Re{l5 1%}

* ¢3,|4=Im{l3o'1f2'102}

* O3 =Im{l59° 112 Ior}
* ‘D3,9=R‘3{130'121'1(2)2}
* ¢3,12=Im{1§0'182}

Samples of fourth-order moment invariants

¢'4,1=I22

Dy 4=Re{l3 1oy}

* ¢4,7=Im{140'1%3}

* ¢4,10=RC{131‘1%2}

* @y 3=Im{lag 113 loo}

¥ ¢4,16=RB{]31'103'121}

* @40 =Im{lyg" I3, - I35}

* ¢4,22=Re{140’1?3’120}

* ¢4.25=Im{140'112)3']20}

* ¢D4,25=Re{1§, los+ 115}

* Dy 3 =Im{l4p 13 Jo3 Iy}
* Dy3=Re{ls-Ios- 115 o}

¢4,2=f31'113

D, s=Im{l3, Iy}
Dus=Re{l 1%}

* Dy =Im{13"1%2}

* @y 1a=Re{l4o lo3" 112}

* @y o =Im{l; Loz I}

* ¢4,20=Re{140'1|3‘1%2}

* ¢4,23=[m{140‘[?3'120}

* ¢4,26=RC{[40'1%2‘102}

* 4’4‘29:[‘“{1%1 o1y}

* @y 5=Re{lso Loz 121 1oz}
* @y 35=Im {13 Toz: 115 I}

¢4,3=I40'104

* ¢4,6:Re{140'1%3}
¢4,9=Im{14o'1(212}

* ¢4,|2=R€{I4o‘113'102}

* @y s=Im{lo To3-1)2}

* @y 3 =Re{lyo 151153}

* @y =Im{lo 113713}

* ¢4,24=RC{I4O’I%3'120}

* <Z’4,27=Im{140'1%2']02}

* @y 30=Re{l4o*T13°1p3 121}
* @y 33=1Im{l o3~ 1o Joa}

Samples of fifth-order moment invariants

‘ps,x=132'123

Ds 4=Re{lyIos}

Ds 7=Im{l3, 15}

D5 10 =Re{1§2'102}

* @5 3=Im{I5o 1147113}
* Ds516=Re{lso 123 Joa}
* Dy j9=Im{Iso Lo 112}
* Ds 2 =Re{ls0 los oz}
* Dsps=Im{ly; I3y Loa}

¢5,2=I41'114

Ds s=Im{l,;-los}

D55 =Re{l}, 113}

Ds i =Im{1§z'102}

* @5 14=Re{ls0" 14" Iop}
* D5 ;7=Im{l5o I3 Toa}
* D5 0=Re{l50° 113 o3}

* Ds 53 =Im{lso Loz Top}

‘D5,3=150‘[os
Dso=Re{ly 11}
Dso=Im{I3, 115}

* @5 o=Re{lso 114113}
* @5 s=Im{l5o- 114" 1o}
* ¢5,18=Re{150'104'112}
* D5y =1m{5o+ 115 Lo3}
* D5 pa=Re{ls 152 1ga}

* Moment invariants that have never been reported in the literature.

where y; is the mean of the absolute values of the ith
feature of all classes in the training set.

The method used for finding the weighting factors
described in this section has some disadvantages. It
cannot screen out those features that have very little
discrimination power, and the weighting factors ob-
tained may not be the best set. It is because the range
of values that have been tried out were quite narrow.
Actually, there are infinitely many combinations that
can be used as weighting factors. Our next objective
is to find out the most optimum set of weighting fac-
tors that can achieve the highest possible recognition
rate, and to eliminate those feature vectors that have
no discriminating power. We introduce a solution to
the problem in the next section.

4. Automatic searching of weighting factor

One of our objectives is to develop an automatic
searching approach to find the most optimum set of
weighting factors. The approach tries out a large range
of numbers that can be used as weighting factors for
the classification process. The initial arrangement is
to have points (i.c. possible weighting factors) with
large separations, and each point is tested individ-
ually. Every feature vector is tested using different
values of weighting factors, and all points that pro-
duce the respective highest recognition rates (coarse
local maximums) were recorded. After all of the fea-
ture vectors have been tested, a few local maximum
points may be located.
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After the coarse local maximums are found, a fine
trimming procedure is carried out in order to find the
precise locations of the local maximums. It continues
to iterate until it finds the best weighting factor that
produces the highest recognition rate with respect to
each vector. This is a Breadth First Search algorithm
that can prevent it to concentrate on a local maxi-
mum and to miss the global maximum. In addition,
if it is found that the recognition rate does not change
by varying the weighting factor of a certain feature
vector, the smallest value will be selected as the best
weighting factor. For such arrangement, the weight-
ing factors for certain feature vectors converge and
tend to zero after a few iterations. Hence, those fea-
ture vectors that have very little discriminating power
can be screened out.

5. Experiment

In order to test the performance of the moment in-
variants developed in Section 2, fifty test documents
were created for this purpose. Each document con-
sisted of sixty-two alphanumeric characters A-Z, a—
z, and 0-9 as shown in Figs. 1 and 2. The characters
on the test documents were aligned on separate square

A B CDETFGH I

J K L MNOUPGO QR
§S T UV WX Y Z a,
b ¢ d e f g h i j

k I m n o p q r s

t uw v w x y z 0 1

2 3 4 5 6 7 8 9

Fig. 1. Training document.

ya e $w»n 0 Q1
v 2 VvE 2 Oodag
® L 2 < WA BMZ o
A I T A
£ 1 8 ¢ o a ~ s
t < 4 x & o A

D b 5 6§ A @® 9

Fig. 2. Testing document.

lattices so that the requirement for isolation of words
was not critical in the experiment. Twenty of them,
with right aligned characters as shown in Fig. 1, were
used as training sets. The remaining test documents
on which the characters were randomly rotated as
shown in Fig. 2, were used as test sets in order to test
the rotational invariant property of the moment
invariants.

In the experiment, most of the moment invariant
expressions developed in the previous section were
tested and used as features for classification. In order
to eliminate the influence of scale change of the im-
age, the normalized central moments 7,, were used
in Eq. (20). The effect of the possible weighting fac-
tors, described in Section 3, on the performance of
the classification process was also tested. The eleven
weighting factors in Eqs. (22) and (23) were evalu-
ated from the twenty training sets. Then, the per-
formances of the weighed Euclidean distances were
evaluated by using Eq. (21). Three sets of moment
invariants were used in the experiment, the first set
consisted of Hu’s invariants, the second set of Hu's
and fourth-order invariants, and the third set of our
new third-order invariants (see Table 1). The recog-
nition rates using the three sets of moment invariants
and using the weighted Euclidean distances are shown
in Tables 2, 3, and 4, respectively.

After the weighting factors described in Section 3
had been obtained, the process of the automatic
searching of weighting factors described in Section 4
was carried out. The best weighting factors found for
different sets of moment invariants are listed in Ta-
ble 5. The recognition rates obtained using different
numbers of training sets for the three sets of moment
invariants are tabulated in Table 6.

A similar approach has also been used to find the
best weighting factors for both central moments and
normalized central moments. One hundred percent
recognition rate can be obtained when the central
moments and normalized moments (for images
without rotation etc.) were used as feature vectors.
For moment invariants, the recognition rates have
also been improved, but not to the extent as great as
the other two kinds of moments by the best set of
weighting factors. It 1s due to the inherent property
of moment invariants, that they are invariant to the
rotation of images. Note carefully that the moment
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Table 2
Recognition rate obtained by Hu’s invariants

Weighting No. of training set & Recognition rate (%)
factor

1 2 3 4 5 10 15 20
None 68.47 74.12 79.43 81.55 82.63 85.51 87.52 88.72
a 61.36 68.56 73.88 76.97 78.41 83.98 85.23 86.68
1/6 74.43 79.18 82.47 85.09 85.51 88.87 90.23 91.41
g 63.78 71.38 76.01 77.97 79.72 83.59 86.41 87.78
1/o 71.89 77.54 81.98 83.56 85.38 86.78 89.04 90.57
a/6 68.41 74.16 80.12 83.07 84.23 87.12 88.65 90.07
1711 75.77 81.53 84.46 87.05 87.49 §9.88 91.23 92.56
o/ | u| 73.92 79.01 82.86 83.78 86.75 89.07 89.53 91.15
a1 74.74 78.34 82.07 83.22 85.89 88.29 89.18 90.23
1/4 75.69 82.87 86.23 87.69 88.34 90.45 91.48 92.90
ali 74.10 79.99 82.81 84.36 87.01 89.24 89.89 91.33
a/a 72.02 78.68 82.19 85.37 85.79 88.80 89.61 91.19
Table 3
Recognition rate obtained by Hu’s and fourth-order moment invariants
Weighting No. of training set & Recognition rate (%)
factor

1 2 3 4 5 10 15 20
None 68.41 76.44 83.12 85.26 87.51 92.11 93.43 94.20
g 62.14 70.06 77.34 81.03 83.14 87.96 90.26 91.17
1/6 85.87 90.68 93.29 95.32 95.55 97.29 98.03 98.29
a 61.96 73.15 79.08 81.64 83.80 89.11 90.01 92.18
/o 83.12 88.94 93.07 94.44 95.41 97.03 97.85 97.83
ag/a 72.09 78.51 85.43 86.49 88.58 93.01 94.46 95.34
1/l 65.23 73.50 80.23 82.23 83.82 89.01 90.98 92.42
o/ u) 84.27 88.19 91.13 93.21 93.52 96.28 97.14 97.90
G/ | u) 79.88 85.52 90.43 92.18 93.22 96.67 97.49 98.34
1/a 88.40 92.56 95.11 96.26 96.46 97.42 98.18 98.36
o/i 77.89 81.93 86.84 89.31 90.37 94.46 95.60 97.01
a/i 73.79 79.82 85.28 87.19 88.75 94.04 94.82 96.44

invariants will not be able to distinguish the charac-
ter pairs, such as (6, 9), (b, q) and (d, p).

6. Conclusion

From the experimental results listed in Tables 2-4,
it is evident that the performance of all sets of mo-
ment invariants has been greatly improved by the use
of suitable weighting factors. The most useful weight-
ing factors for Hu’s and the new third-order moment
invariants were 1/| 4| and 1/4. When the fourth-or-
der moment invariants were used, over 98% recog-

nition rate could be obtained by using the weighting
factors 1/4, 6/| 1| and 1/4. When more training sets
were used, the recognition rate was found to be higher
than those obtained by both sets of the third-order
moment invariants.

After automatic searching of the best weighting
factors, Hu’s third-order moment invariants together
with the fourth-order moment invariants were tested
using the best weighting factors listed in Table 5. The
recognition rate of using this combination was found
to be significantly better than that of using Hu’s third-
order moment invariants alone. But after the new
third-order moment invariants were used, an even
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Recognition rate obtained by new third-order moment invariants
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Weighting No. of training set & Recognition rate (%)
factor
1 2 3 4 5 10 15 20
None 67.96 74.23 80.11 81.76 83.26 86.34 87.90 89.58
g 57.15 63.78 69.21 71.91 73.66 78.70 81.31 83.42
1/6 82.85 87.32 90.20 92.94 93.16 95.15 96.12 96.70
o 61.58 66.87 72.43 75.23 76.56 81.37 83.49 85.52
l/o 80.87 84.74 88.83 91.06 91.62 93.88 95.10 95.81
a/d 72.81 77.46 82.02 83.77 85.42 87.91 89.39 91.20
1/ pl 88.17 91.50 95.13 95.54 96.24 97.48 97.79 97.91
a/lu| 78.08 82.10 84.47 86.49 88.47 91.34 91.81 93.29
G/ 77.09 81.73 84.21 86.73 88.50 90.91 91.78 93.14
1/a 88.17 91.52 95.11 95.67 96.35 97.48 97.78 97.91
/i 78.07 82.12 84.64 86.51 88.55 91.22 91.83 93.28
a/i 76.92 81.68 84.21 86.71 88.56 90.90 91.76 93.13
Table 5
Best weighting factors for moment invariants
Hu’s Weighting Hu’s and Weighting New 3rd- Weighting
invariants factor 4th-order factor order factor
D, 0.2 D, 1.0 Dy, 0.008
D, 1.0 D, 10.0 Dy, 0.032
D, 12.5 D, 31.25 Dy, 1.56
D, 0.0 Dy 125.0 D;5 0.64
(28 0.0 D, 10000.0 Dy, 4.0
D¢ 2500.0 D,z 1.0 Dy 10.0
@D, 15600.0 D3 1.0 Dy 12.5
Dy 100.0 Ds 10 10.0
others 0.0 Dy, 100.0
D1, 125.0
others 0.0
Noted that @, ..., @, in Table S are moment invariants defined in (Hu, 1962).
Table 6
Recognition rate of moment invariants using the best weighting factors
Feature No. of training set & Recognition rate (%)
used
1 2 3 4 5 10 15 20
Hu’s 86.06 89.58 93.01 94.12 94.32 95.90 96.12 96.33
invariants
Hu's & 91.71 93.26 95.63 96.40 96.82 97.78 98.26 98.54
4th-order
New 3rd- 91.75 94.55 96.42 96.78 96.92 97.41 98.46 98.80

order




W.-H. Wong et al. / Pattern Recognition Letters 16 (1995) 115-123 123

higher recognition rate could be obtained by using
them as feature vectors.

For real time applications, the use of the new third-
order moment invariants is preferable, since their
recognition rate is not only better than that of the
fourth-order moments but their computation time is
also shorter. Using the fast computation algorithm
described in (Siu et al., 1992), the average compu-
tation time required for the computation of the
fourth-order moments of all the 62 characters in a
512512 image as shown in Figs. 1 and 2 is 83.17
ms. But the computation time required for the cor-
responding third-order moments (including the new
third-order moments) is only 49.72 ms.

The improvement of recognition rate of the pres-
ent study is due to (i) our approach for the genera-
tion of new moment invariants, and (ii) our sug-
gested approach for the selection of best weighting
factors. The speed of realization of moments has also
been greatly improved by our recently suggested ap-
proach (Siu et al., 1992) for using ROM look-up ta-
bles for fast realization of raw moments. We found
that both the new third-order and fourth-order mo-
ment invariants can significantly improve the recog-
nition rate for character recognition. However, fur-
ther usefulness of these two new sets of moment
invariants or the selection of useful moment invar-
iants from these sets and the assignment of weighting

factors for other applications, such as industrial ob-
jects, islands or aircrafts, are a fruitful area for fur-
ther investigation.
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