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mage segmentation is an important task for many
oblems in computer vision. Image segmentation
ims at the partitioning of an image into visually
istinct (homogeneous) regions.

This paper introduces a new and unique tech-
lque for image segmentation for binary and grey
tiel images. The proposed approach relies on
be Electrostatic Field Theory (EFT). Electrostatic
arges are used to model the input image. The
ectrostatic potential is then computed and used
) segment the input image. This paper entails an
tensive performance evaluation and the develop-
nt of the input imagery. The experimental re-
s are very encouraging.

age processing, remote sensing, and industrial
bmation are the principal areas of computer vi-
0 research. These areas employ scene analysis
d pattern recognition, where one uses a computer
Xtract high-level information from an image.
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Image segmentation is one of the fundamental
tasks for many problems in scene analysis and pat-
tern recognition. It aims at the partitioning of an
image into visually distinct but homogeneous re-
gions. The homogeneity of a region can be defined
by many properties, such as brightness, colour, tex-
ture, etc.

Image segmentation has found applications in dif-
ferent types of data such as magnetic resonance im-
ages, ultrasound images, natural and artificial tex-
tures, and synthetic aperture radar images.

The results of image segmentation are in the form
of regions, the contours of which are the desired
objects. A grey scale image is usually sufficient to
provide information on physical discontinuities in
the scene. However, colour is a useful characteristic
for obtaining surface material information in a scene
[21]. These material changes are interesting because
they outline object entities in the image and are
frequently used in object recognition.

Many techniques addressing the problem of image
segmentation have been reported in the literature
[11]. Many problems, however, remain unsolved.
For example, methods to quantitatively evaluate
the results are still lacking. Recently, there have
been some efforts in this direction [17]. Many seg-
mentation approaches fail to produce a satisfactory
result for complex and noisy pictures. A number
of algorithms are based on the local image proper-
ties resulting in fragmenting of regions [7]. Some
techniques require human supervision to guide the
segmentation process, or take into account special
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characteristics of the imaging process [6].

The objective of this paper is to propose a new
approach to image segmentation. The proposed ap-
proach is based on the Electrostatic Field Theory
(EFT). This paper shows that the EFT presents a
natural solution for the image segmentation prob-
lems.

The organisation of this paper is as follows. Sec-
tion 2 introduces the EFT background. A new EFT-
based approach for image segmentation is described
in Section 3, which is called the EFT-based image
segmentation approach. The experimental results
for the EFT-based approach are discussed in Sec-
tion 4. Finally, the paper concludes in Section 5.

2 Electrostatic Field Theory

This section reviews the general concepts of the
EFT. For a more detailed description consult [20],
[22].

1. Let us consider two charged particles separated
by a fixed distance R. According to Coulomb’s
Law, the force acting along the line between
two charges can be expressed in the following
vector equation:

FeQg2izp
where (); and Q- are the magnitude of charges,
R is the distance between charges, C is a con-
stant which depends on the medium, and 7 is
a unit vector.

2. The entire region of influence of a charge is
called the electrostatic field. Its magnitude is
specified by a quantity called the electrostatic
field intensity and is denoted by symbol E. The
field intensity is defined as the force per unit
charge exerted on a given charge in the field, or

B O o,
The corresponding potential distribution may
be found as:
v=0C %.

3. The electrostatic field intensity vector E(z,y)
can be computed from the potential v(z,y) as:

E = —-Vw.

The following observations can be made: the
field is in the direction of the steepest descent of
the potential; the field lines are perpendicular
contours and are directed from the high to the
low potential.

4. The electrostatic field conveys the same infor-
mation as the curvature of an object boundary,

which has been verified both theoretically and
experimentally [19]. Electrostatic field extrema
along an equipotential contour correspond to
curvature extrema: significant convexities and
concavities [1].

3 Application of EFT in Image
Segmentation

In the EFT-based segmentation scheme for binary
or grey level images all points of the objects are
modelled as unit charges. For a binary case, the
values of the charges are set to 255 (see Figure 1(a)).
For a grey level image, the values of the chargesare
defined by the intensity values of the image points
(see Figure 1(b)).

The following steps describe the organisation of
the EFT-based image segmentation algorithm for
binary or grey level images: ‘

1. Compute the potential distribution V = v(z, y) '
of image objects. i

i

2. Detect all equipotential contours at a given po-
tential veon.

3. Display the retrieved regions. 1

The following sections describe the details of each
of the above steps.

3.1 Solution of the Potential Distri-
bution

The presented method of computation of the po-
tential distribution V = wv(z,y) uses a predefined
structuring element. The structuring element K i§
of the same size as the image. The origin is at the
centre of the structuring element. The value of the
element at location (z,y) is (x—zm’ where
depth is an integer number that defines the view-
ing distance from the image plane (depth > 1), ais
a real number parameter defined by the user (@ >
0.5). '

The value of the element at location (z,y) gives
the contribution of a unit charge located at (z,y)
because the electrostatic potential v(z,y) at the
centre is inversely proportional to the distance be-
tween (z,y) and the centre of the mask. Hence, the
total potential at the centre of the mask is the sum-
mation of all the potentials due to charges within
the neighbourhood of the mask. )

The potential distribution is given by the con-
volution of K with the input image, which can be
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‘wmputed efficiently using the Fast Fourier Trans-
lom (FFT). The FFT of K is computed and then
1bis pointwise multiplied with the FFT of the in-
put image. The inverse FFT is then performed to
obtain the potential field distribution of the image.
-~ After the potential distribution is computed, it
snormalised as follows. The potentials outside the
bject boundaries are set equal to 0. The maximum
Otential is set equal to 255. The potential values
e the objects are computed using a simple lin-
ar transformation.

32 Tracking of Equipotential Con-
~ tours

e equipotential contours at a given potential, v.op,
iithin the range 0 - 255, are constructed from the
wmputed potential map. This step can be visu-
lised as a 3D surface V' = v(z,y) being cut by a
nstant potential plane (parallel to the x-y plane).

intours at a given potential are defined as follows:
R= {R1(3)7R2(s)’ v 7Rk(3)7 sir e ,Rn(S)},

fiere n is the number of regions, Ry (s) = {(z,v)
on < ¥(z,9)}, k= 1,2,...,n, and v(z,y) is the
ential at location (z,y). The pixel values of the
gmented regions are set equal to a mean value
‘the corresponding region pixels of the original
lage.

It is worth noting that the higher the value of
e contour potential v.,y,, the closer the contours
located to the boundaries of the objects. Fig-
82 depicts the input grey level image and some
lipotential contours constructed for this image at
lious potentials. For the higher potential value of
), the equipotential contours outline the central
i of the image regions. The equipotential con-
s at a lower potential value of 30 are located
0%er to the regions’ boundaries. This is an in-
&ting property, particularly for the images with
e boundary noise for the image objects.

\ larger value of a reduces the influence of
charges that are located at a greater distance
lincreases the contribution of the neighbouring
iges. Therefore, a larger value of a forces the
ipotential contours to be located closer to the re-
§' boundaries. Figure 3 illustrates the influence
arameter o on the behaviour of the equipoten-
contours.

Object boindaries:  ©

Uhngiims 0 e e
(set to 255) j

)

. Object boundaries

b)

Figure 1: The EFT-based image model: (a) for a
binary image; (b) for a grey level image.

(a)

Figure 2: Distribution of the equipotential contours.
(a) Original grey level image. (b) The colour con-
tours are the equipotential contours. The equipo-
tential contours shown are constructed in the po-
tential range 0 - 255 in steps of 30.
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Figure 3: Effect of the o parameter. The equipoten-
tial contours shown are constructed in the potential
range 0 - 255 in steps of 30, parameter depth = 1.
(a).a =1;(b) o= 2:; (c)0.=3.35; (d) a= 5.

By appropriately choosing the value of a viewing
distance from the image plane, depth, the desired
level of detail (or scale) of the segmentation can be
selected. In particular, choosing a larger value of
depth, a coarse segmentation is generated, whereas
a smaller value of depth results in a fine segmen-
tation process. The effect of the depth parameter
on the behaviour of the equipotential contours is
illustrated in Figure 4.

4 Experimental Results

To test the performance of the EFT-based image
segmentation the following synthesised and real im-
ages are used: 1) Binary images of a crossboard
with different size parameters. Noisy images of a
crossboard are generated by adding 0-mean Gaus-
sian noise with standard deviation ¢ ranging from 0
to 50 in steps of 5. Figure 5 depicts some of the im-
ages in this category. Some existing segmentation
techniques have a bias for horizontally and verti-
cally oriented edges. The images of a crossboard
are selected to illustrate the invariance of the EFT-
based approach to the orientation of the edges in
an image. 2) To generate synthesized grey level im-
ages, the distance transformation of a binary image
is used as the grey level image (see Figures 6).

Evaluation is an important issue in image process-
ing. Most algorithms are evaluated visually and
qualitatively. To evaluate the performance of the
EFT-based image segmentation, the F-evaluation

Figure 4: Effect of the depth parameter. The
equipotential contours shown are constructed in the
potential range 0 - 255 in steps of 30, parameter a|
= 1. (a) depth = 1; (b) depth = 3; (c) depth =5
(d) depth = 10. ]

image 2 image3d |

Figure 5: Binary images of a crossboard for im-|
age segmentation corrupted with 0-mean Gaussian|
noise with standard deviation: (a) o = 0 (noise
free); (b) o = 10; (¢) o = 30; (d) o = 50.
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measure introduced in [16] is adopted. For the bi-
nary and grey level image segmentation the follow-
P =B
2

X E 5 o where I is the input binary image,
Rdenotes the number of regions in the segmented
image, e; is the error of region 7, defined as: e;
= Zf;l |X1 — X2|, where X1 is the value of
the pixels j in the original image I and X2 is the
assigned value of the same pixel in the segmented
image.

According to [16] good segmentation results
should satisfy the following criteria: regions should
be homogeneous, should not contain many holes in-
iide, adjacent regions should be significantly dif-
ferent and regions boundaries should be smooth.
These criteria are used to judge the performance
of the EFT-based approach.

To quantitatively evaluate the performance of the
BFT-based approach two evaluation measures are
Wed: the F-measure and the difference error be-
tieen an ideal segmented image and a segmented
mage using the EFT-based approach. The image
difference is defined as D(S,I) = S — I, where — is
ihe standard difference operation. For binary and
ey level images, S — I = { |s(z,y) - i(z,v)| |
{8,y) € S, i(z,y) € I }. The difference error is the
easure that depends upon the number of pixels
Ssigned to incorrect regions. In this paper, D(S,I)
snormalised by the size of an image.

First, the performance of the EFT-based ap-
Doach for binary images is examined. Figures 7
and 8 illustrate the segmentation results of the im-
465 of a crossboard depicted in Figure 5. Tables 1
ad 2 show the values of the F' and D(S,I) mea-
sires for the segmented images.

It is noteworthy that the potential values that
wmespond to the lowest value of the F-evaluation
icasure are selected in the segmentation process.
Allof the segmented images reflect the details of the
iginal image. The results do not appear noisy, e.g.
iith many small holes in the regions. Most noise

ing evaluation function is used:

ies, this is reflected by both evaluation measures.
i jagged boundaries can be improved by appying
moothing techniques, which are not considered in

ion results are illustrated in Figures 9 and 10.
fe original images are depicted in Figure 6. These
iginal images are obtained by computing the dis-
ince transform of binary images. Tables 3 and 4

Figure 6: Synthesised grey level images of a cross-
board for image segmentation generated by apply-
ing a distance transform to the binary images de-
picted in Figure 5(a). Images are corrupted with
0-mean Gaussian noise with variance: (a) ¢ = 0
(noise free); (b) o = 10; (¢) ¢ = 30; (d) o = 50.

image 1 image 2 image 3

>00
e

Figure 7: EFT-based image segmentation results
of the noise-free binary images of a crossboard de-
picted in Figure 5(a). (a) Segmented regions. (b)
Corresponding contours.
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Table 1: F-evaluation measure for the binary images
of a crossboard depicted in Figures 7 and 8.

| Noise level (o) [ image 1 | image 2 | image 3|

image 1 image 2 image 3 0 0 0 0
10 9.54 4.96 2.45 ]
30 90.16 48.53 24.59
50 255.27 | 135.09 | 65.75

Table 2: D(S,I) measure for the binary images of
a crossboard depicted in Figures 7 and 8.

| Noise level (o) | image 1 | image 2 | image 3]

0 0 0 0
10 3.55 3.54 3.52
30 12.24 11.57 12.00
50 20.30 19.51 19.64

show the values of the F' and D(S, I) measures for
the segmented images.

A9

OO

5 Summary

In this paper a set of experiments was presented

to examine the performance of the EFT-based ap-
proach under different parameters, and different lev-
els of 0-mean Gaussian and 0-mean boundary noise.
To test the performance of the approach a range of
binary, grey level and colour images has been de-
veloped. The EFT-based approach has been shown
to possess a number of desirable features, such as
noise resistancy and a multi-scale representation.

Figure 8: EFT-based image segmentation results of In order to evaluate the EFT-based image seg-
the noisy binary images of a crossboard depicted in mentation results quantitatively, the F-evaluation
Figure 5(b)-(d). Original images corrupted with 0- function is used. This measure has been modified
mean Gaussian noise with standard deviation: (a) to reflect the specifics of the approach. The F-
o=10; (c) 0=30; (e) 0=50. (a), (c), (¢) Segmented measure is used to select the potential values sothe
regions. (b), (d), (f) Corresponding contours. best segmentation results can be obtained. The dif

ference errror measure has been used to study the
noise sensitivity of the approach. The experimental
results demonstrate the feasibility of the proposed
approach.
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image 2

6666

image 3

figure 9: EFT-based image segmentation results
of the noise-free grey level images of a crossboard
depicted in Figure 6(a). (a) Segmented regions. (b)
Corresponding contours.

Table 3: F-evaluation measure for the grey level
images of a crossboard depicted in Figures 9 and 10.

Noise level () | image 1 | image 2 [ image 3 |
0 64.32 99.99 53.28
10 75.14 105.21 TONPT
30 250.79 317.61 334.39

| o0 405.48 759.87 890.82

le4: D(S,I) measure for the grey level images
acrossboard depicted in Figures 9 and 10.

Noise level (o) | image 1 | image 2 | image 3 |

0 17.61 22.57 14.72
10 19.32 23.03 19.89
30 25.60 28.89 22.70
50 31.02 32.70 27.50

image 1 image 2 image 3

604
o060
060

KRS
QT ROOEA
SOOI
X O e

Figure 10: EFT-based image segmentation results
of the noisy grey level images of a crossboard de-
picted in Figure 6(b)-(d). Original images cor-
rupted with O-mean Gaussian noise with standard
deviation: (a) 0=10; (c) 0=30; (e) 0=50. (a), (c),
(e) Segmented regions. (b), (d), (f) Corresponding
contours.
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