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Various types of moments have been utilized to recognize image patterns in a number of applications. Multi-

distortion invariant—radial harmonic Fourier moments were investigated in the recognition of cell smear images. Image

recognition experiments showed that radial harmonic Fourier moments are not only highly concentrated image features

but also have a good property of antidistortion and antinoise. They may be used in fast and accurate automatic cell

recognition.
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1. Introduction

Moment is a highly concentrated image feature
that has the invariant properties of moment function
in multi-distortion of an image such as translation,
scaling, rotation, and changing intensity. Therefore, it
has been extensively employed as the invariant global
features of an image in pattern recognition, image clas-

sification, target identification, and scene analysis.!

Hul? first introduced geometric moments invari-
ant in 1961, from which image was hard to be re-
covered. Teaguel®! introduced Zernike moments based
Other or-

thogonal moments are rotational moments,¥ com-

on the theory of orthogonal polynomials.

plex moments,®! and Legendre moments.[® Teh and
Chin/fl evaluated various types of moments and found
that Zernike moments outperformed the others in
terms of overall performances for image description
and robustness to noise. Sheng and Shen!” pro-
posed orthogonal Fourier—Mellin moments (OFMMs)
in 1994, which have better properties than Zernike mo-
ments for describing an image. In 2002, Ping et all8]

introduced Chebyshev—Fourier moments (CHFMs)

which have nearly the same performance as OFMMs.
We also suggested to choose a triangular function as
the radial function and proposed new moments named
radial harmonic Fourier moments (RHFMs).[®! Com-
pared with CHFMs, RHFMs have a superior perfor-
mance near the origin and better description ability
for small images in terms of image reconstruction er-

rors and noise sensitivity.

Cytological examination is indispensable for clin-
ical diagnosis, therapy and research. It is extensively
used for diagnosis of haemal system diseases, conta-
gious diseases and tumours by samples of blood, cere-
brospinal fluid and pleural effusion. However, the ex-
amination is nearly completely done by experienced
experts, which is time consuming and hard sledding,
thus not suitable for disease screening. Automatic,
fast and accurate cell image recognition is needed to

be realized urgently.

So, we use some cell slice images to investigate
the application properties of RHFMs. In this paper,
various cell images are described with RHFMs as the

feature and then the multi-distortion invariant pattern
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recognition experiment is performed. Results show
that as good image features, RHFMs are suitable for
fast and accurate cell recognition, and thus have great

potential for further applications.

2.Radial harmonic Fourier mo-
ments

2.1. Definition

A function set P,,,(r,0) defined in a polar coor-
dinate system (r,6) contains a radial function T, (r)

and a Fourier factor in the angle direction exp(jm#):

P (1,0) = T, (1)exp(j mb), (1)
where
%, if n=0;
Tn(r) = \/gsin[(n + )], if n=odd; (2)

if n = even.

2
\/; cos(nmr),

The set of P,,,(r,0) is orthogonal over the range
0<r<1,

27 1
/ / P (7,0) Py (r,0)r dr d6 = 0pmrt,  (3)
o Jo

where §,,,,%; is the Kronecker symbol, and r=1 is the
maximum size of the objects that can be encountered
in a particular application. The image f(r,6) can be

decomposed with the set of P,,,,(r,0) as

o0

+oo
[0 =3 Y G Tu(r)exp(imd),  (4)

n=0 m=-—o0

where
2m 1
B = / / f(r,0)T(r)exp(—jmO@)rdrdd. (5)
o Jo
We define @,,,,, as RHFMs.

2.2. Normalization and invariance

RHFMs are not invariant themselves, however,
they can be normalized into invariant for shifting, scal-
ing, rotation and intensity distortion of an image.!"!
Firstly, we use the first-order geometrical moments to
determine the centre of the image, which is taken as

the origin of the coordinate system. All the moments

calculated in this coordinate system are shift invari-
ant. Secondly, since the angle function is a Fourier
factor, a rotation of the image by an angle ¢ will re-
sult in a phase factor e ™ for all orders of @/, . The

modulus of RHFMs, | @/, |, are rotational invariant.

mls
, : : Moy .
Finally, lower-order Fourier—-Mellin transfer —Z.[ I'is

00
computed for every distorted image in the training set.

We use the following formulae (6) and (7) to calculate

k; and g; respectively for each image with the ratio

M
M—m being a constant and slightly smaller than the
00 '
o M,
minimum —

of all the images in the training set to

00
ensure that the normalized images remain inside the
()G @
Mg, Moo
o= [()/GR)] e o
‘ Moo M, Moo

&@p,m 1s then calculated by formulae (8) and (9) for all

images of the training set, which is scaling and inten-

unit circle.

sity distortion invariant.

2 k;
¢iLm :/ / gif(r/ki,G)Tn(r/ki)e_jmerdrd&
0 0
, ' (8)
D), = B/ 9k (9)

Here, ®! . is the invariant moment of the image i.

m

3. Multi-distortion invariant pat-

tern recognition experiment

Twenty-six types of blood cell images, ordered as
A to Z, were chosen to be the training set with intensi-
ties ranging from 0 to 255 in 64 x 64 pixel matrices after
normalization (Fig.1). In normalization, the averaged
My value of all images was taken as a constant, which
was 156.06. The reference set was obtained through
rotating each reference object by 15°, 30° and 45° and
scaling it by 1.5 and 2 times, so as to determine the in-
class variance of RHFMs. The testing set images were
the rotated- (60° and 150°), scaled- (0.4 and 3 times),
and intensity-changed (0.5 and 3 times) versions of the
training images, without or with zero-mean additive
noises 0=400 and 0=2500. Figure 2 shows the testing

set of orthochromatic normoblast (image R).
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Fig.1. The training set of cell images A-Z after normalization.

Fig.2. Testing image for the image R. From top left to bottom right: the image R has been
intensity changed by 0.5 and 3 times, scaled by 3 and 0.4 times, rotated by 60° and 150°,

with zero-mean additive noise of =400 and o=2500.

We used 25 RHFMs with m, n=0, 1, 2, 3, 4 to de-
scribe the images, and then obtained a 25-dimensional
feature space (x1,z2, -+, xs5) . Testing objects were
classified in the feature space using the weighted
minimum-mean-distance rule. The weighted distance

was calculated as

| E 1Bl = (Baml)i?
dl(N,M)_{n%EO o)? } , (10)

where | @,,,,,| is the modulus of the RHFMs of the test-
ing object, (|Pnm|): are the RHFMs of the reference
object of class i, and (0,,,,)? is the in-class variance
of the (| Pnml)i-
lar harmonic order and highest degree of the radial

M and N are the maximum circu-

polynomials respectively.

A testing image was classified to the class ¢ for
which the distance d; was minimum. d;(M,N) are
shown in Figs.3-10 as a function of M and N with
various distortions. Take the recognition of intensity-
changed (3 times) image R as an example (Fig.3), the

distance between it and the reference image R is the

shortest, after which are reference images of images
N, X, O, Z and C when M=N=4. The differences
between the minimal distance and others are rather
large, so it is easy to classify correctly. We can also
find that in some cases, the minimal distance is not
that of the test image to its reference image when
lower orders are chosen. In this situation, a higher
and proper order should be used. All the experimen-
tal results show that recognitions are well performed
for various distorted image R with RHFMs being the

feature.

The misclassification rates are zero for all test-
ing images, except for image B with a high-level noise
0=2500. Figure 1 shows that images B and V are
very similar, which causes the misclassification when
high-level noise exists. More RHFMs are needed in
When we used M=N=6, the above

misclassification could be avoided. Images B and H

this situation.

with a high-level noise 0=2500 are misclassified when

OFMMs are used as image feature.
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When weighted minimum-mean-distance rule is
used for classification, the bigger the difference be-
tween minimal distance d.;, and sub-minimal dis-
tance dgup-min, the stronger the distinguishing ability
of the feature is. So, we define the absolute difference
A as the subtraction of dsyp-min and dmin, and the

relative difference A as

A = Latoomin (11)
dmin

Table 1 shows the absolute and relative differ-
ences of the image R under various distorting situ-
ations. The values in the table are rather large, in-
dicating that the distinguishing and describing ability
of RHFMs is strong. At the same time, it is highly
concentrated since the correct cell image recognition is
performed when only 25 features are extracted (with
M=N=4). Using more RHFMs should be considered

in more complicated cases.
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Fig.3. d;(M,N) as a function of M and N for
intensity-changed image R (0.5 times).
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Fig.4. d;(M,N) as a function of M and N for
intensity-changed image R (3 times).
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Fig.5. d;(M, N) as a function of M and N for scaled
image R (0.4 times).
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Fig.6. d;(M, N) as a function of M and N for scaled
image R (3 times).
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Fig.7. d;(M, N) as a function of M and N for rotated
image R (60°).
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Table 1. The absolute and relative differences of the testing image R.
Distortion Distorting factor dmin dgub-min A A
Intensity 0.5 2.60 20.79 18.19 8.00
3 2.61 20.83 18.22 7.98
Scale 0.4 8.38 23.02 14.64 2.75
3 2.04 20.84 18.80 10.22
Rotation 60 3.09 21.14 18.05 6.84
150 3.34 21.05 17.71 6.30
Noise 400 3.16 21.07 17.91 6.67
2500 9.02 21.17 12.15 2.35
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Fig.8. d;(M, N) as a function of M and N for rotated
image R (150°).

40

351

fotitd

~- ~q QNOMZT

30}

251

20

d;(M,N)

15}
10}

5

ko | s N | . . .
00) (10) (LD (21) (22) G.2) (39) (45) (44)
(M, N)

Fig.9. d;(M, N) as a function of M and N for image
R added with noise (0=400).
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Fig.10. d;(M, N) as a function of M and N for image
R added with noise (6=2500).

4. Conclusion

We have investigated the application of RHFMs
in various cell images recognition in this paper. With-
out any preprocessing of images, RHFMs can extract
enough morphology information for accurate cell clas-
sification, which makes it easy for clinical cytologi-
cal examination. Experiments show that classifica-
tion of all the 208 distorted images of 26 kinds of
cells can be finished within 2 min. So, as good im-
age features, RHFMs are suitable for quick and cor-
rect cell image recognition. It will be our research
focus to optimize the program, make it compatible
with the clinical hardware and do some necessary case

validation.
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