
Isolation of Lung Cancer from Inflammation

Md. Jahangir Alam1, Sid Ray1, and Hiromitsu Hama2

1 Clayton School of Information Technology, Monash University,
Victoria 3800, Australia

{md.alam, sid}@csse.monash.edu.au
2 Faculty of Engineering, Osaka City University,

3-3-138 Sugimoto, Osaka, Japan
hama@info.eng.osaka-cu.ac.jp

Abstract. In this paper we propose an efficient new algorithm for mak-
ing an intelligent system for isolating the lung cancer from the inflamed
region using needle biopsies. The best way among the cancer treatments,
surgery, is the way that can be used for the removal of a malignant tumor
in an operation. It is most effective when a cancer is small and localized.
Identification and removal of the cancer cells in their earliest formation
are very much important. Almost all of the diagnostic laboratories in the
world use experts to identify the suspected cells of the lung tumors under
microscope. Due to the smaller number of experts, the proposed method,
derived based on image contour analysis, has an important significance
to replace the manual methods by an intelligent system.

1 Introduction

Cancer is a group of diseases characterized by the uncontrolled growth of abnor-
mal cells in the body. Once cells become malignant, they multiply more rapidly
than usual. Then they often form masses called tumors that invade nearby tissue
and interfere with normal bodily functions. Cancer cells also have a tendency to
spread to other parts of the body, where they may form a secondary tumor. The
surgical approach, the best way among the existing cancer treatments, is most
effective when cancer is small and localized.

Due to the rapid developments of image processing and pattern recognition
techniques, computer-aided lung cancer diagnosis has drawn additional attrac-
tion. Many accomplishments have already been achieved [1],[2],[3]. In an effort to
improve accuracy and the speed of lung cancer pulmonary radiology, an artificial
neural network-based hybrid lung cancer detection method was designed [4]. The
false-negative cases in mass screening of lung cancer were analyzed in [5], [6].
Koizumi [7] showed how cancer cell could be separated from the inflammation by
analyzing the high and low components of Fourier Descriptors of cell contours.
A system that extracted and analyzed features of the lung and pulmonary blood
vessel regions for the detection of tumor candidate from helical CT images is
described in [8].

In the work reported in this paper we use the compactness of the cell contour,
in conjunction with the equilibrium number of curvature zero-crossing points,
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to analyze the contour of the suspected cancer cell. The method of compactness
analysis is used based on the fact that the cancer cells (type-C1 and type-C2)
have spike-wheel contours. Due to the wheel shape, this type of cell is more
compact, unless the contour contains high frequencies. On the other hand, the
inflmatory cells type-B1 and type-B2 have non-wheel contour without spikes
on them. The rest of the paper is organized as follows. Section 2 presents the
proposed cancer cell isolation system. Section 3 shows the experimental results
and conclusion follows in Section 4.

2 Cancer Cell Isolation System

The typical cancer cell isolation system has four parts: image and contour ex-
traction, estimation of equilibrium number of curvature zero-crossing points,
compactness analysis varying scale-space parameter and cancer cell isolation de-
cision. The following three sub-sections describe these components.

2.1 Image Capture and Contour Extraction

A digital camera is mounted with the light microscope for capturing the sus-
pected cell images of the specimens of needle biopsies. Four cancer cell coun-
tours: type-B1, type-B2, type-C1, and type-C2 are shown in Fig. 1(a). It is to
be noted here that cancer cells type-B1 and type-B2 are not dangerous; these
cells form the inflammatory area in the lung region. In this paper, details of
image capture, preprocessing and contour extraction are not included. All the
cell contours are stored in the database. Each contour is normalized with 360
points implementing interpolation using FFT method [9]. Other interpolation
methods are also checked in but FFT method provides the best outcome.

2.2 Equilibrium Number of Zero-Crossing Points

The equilibrium number of curvature zero-crossing points is found by varying the
scale-space parameter. The scale-space parameter is chosen in such a way that
its value is neither too small nor too large so that we can avoid the influence of
noise effects and the loss of important features of the contour. When the contour
attains the equilibrium number of zero-crossing points, it remains unchanged for
a sufficient range of scale-space parameter values.

Of the many approaches to shape representation and analysis that have been
proposed, the notion of curvature of planar curves has emerged to be one of the
most powerful. There is psychophysical and physiological as well as computa-
tional and mathematical support in favor of using curvature as a representation
for contours.

Let us suppose β(s) is a parameterized contour defined by β(s) = (x(s), y(s)),
s ∈ [0, 1]. An evolved version of the contour βσ(s) can be computed as follows:

βσ(s) = (x(s, σ), y(s, σ)), s ∈ [0, 1] (1)



Isolation of Lung Cancer from Inflammation 467

Type-B1 Type-B2

Type-C1 Type-C2

(a)

Type-B1 Type-B2

Type-C1 Type-C2

(b)

Fig. 1. Different types of cell contours: (a) database contours and (b) test contours

where x(s, σ) = x(s) ⊗ g(s, σ), y(s, σ) = y(s) ⊗ g(s, σ), ⊗ is the convolution
operator and g(s, σ) denotes a Gaussian kernel of width σ:

g(s, σ) =
1

σ
√

2π
e

−s2

2σ2 (2)

The curvature K on βσ is given by [10]

K(s, σ) =
x′(s, σ)y′′(s, σ) − x′′(s, σ)y′(s, σ)

(x′2(s, σ) + y′2(s, σ))
3
2

(3)

The curvature zero-crossing points can be found by setting K(s, σ) = 0. There
is no way to know a priori what scale to search to smooth the contour. One
strategy followed is to search for the position in scale-space where the number
of dominant points is stable over the largest range of scales. We select a par-
ticular value of σ for which the contour of the object attains a certain number
of curvature zero-crossing points, which remains unchanged for a long period of
its changes. Fig. 2 shows an evolving contour of cancer type-B1 using different
levels of scale-space parameter.

Fig. 2. Evolving contour using different levels of scale-space parameter
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2.3 Compactness Analysis and Cancer Cell Isolation

The estimated values of the compactness for the input and database contours at
an equilibrium number of zero-crossing points condition are used for the isolation
of each cancer cell. As in [9], we measure the compactness of a contour by

γ =
(perimeter)2

4π(area)
(4)

Fig. 3 shows the variation of the compactness of the database (see Fig. 1(a))
and test contours (see Fig. 1(b)) for various levels of the scale-space parameter.

The test contours are identified based on two conditions: equilibrium number
of zero-crossing points (Neq) and the compactness at the equilibrium (γeq). If
the number of zero-crossing points (N) is high (N > Neq) and the compactness
(γ) is low (γ < γeq), the cell is malignant. This means that the person whose
lung cells have been tested, is very likely to be suffering from lung cancer. The
person should go for further investigation to identify the level and the location
of the tumor in the lung region. If N is low (N < Neq) and γ is high (γ > γeq),
the cell is inflammatory (not dangerous). The conditions, when γ is low and N
is also low or γ is high and N is also high, represent undecided cases.

To find out the values of Neq and γeq we use the findings from our exper-
imental observation. We know that the structure of a malignant cell is spike-
wheel-shaped. From the investigation of the experimental findings, the values of
Neq and γeq have been chosen as 15 and 1.5, respectively. The number of zero-
crossing points sustain at the equilibrium level for a certain range of scale-space
parameter. The compactness of each contour has been calculated when the equi-
librium number of zero-crossing points first appears corresponding to the value
of σ. To find out the equilibrium number of zero-crossing points, we change the
value of σ sufficiently small in each step.

3 Experimental Results

In examining the performance of the proposed method, experiments were con-
ducted on different cancer cells. Twenty sets of test cancer cell contour are con-
structed using noise and removing a small portion of the contour to show the
robustness in the case of contour deformation. Fig. 1(b) shows one set of con-
structed test contours corresponding to the database contours in Fig. 1(a). The
algorithm has been programmed in Matlab and implemented on a Pentium III
personal computer.

From Fig. 3 it is clear that even if the test contours contain noise, the ultimate
variation of the compactness remains in the same level for a sufficient range
of scale-space parameter. For the cells type-C1 and type-C2, the compactness
value (N) becomes almost 1.0 (contour becomes round shaped) for scale-space
parameter (σ) values in the range 18-20. At the same level of the scale, the
compactness for both cells type-B1 and type-B2 is more than 1.5. Cells type-
B1 and type-B2 take far higher range of σ values for the contour shape to be
elliptical.
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(a) (b)

Fig. 3. Compactness variation for (a) database and (b) test contours

Fig. 4 shows the variation of the number of curvature zero-crossing points for
various levels of the scale-space parameter for the database and the test contours.
For the test contour of type-B1, the equilibrium number of zero-crossing points
becomes 10, whereas for the same type in the database contour this number is
12. For the test contour of cancer cell type-B2, the equilibrium number of zero-
crossing points is attained at the value of 2, which is the same for the database
contour. For cancer cell types-C1, the number of zero-crossing points becomes 19,
which is very close to the number of zero-crossing points for the database contour
of the type-C1. For the case of cancer cell type-C2, the number of zero-crossing
points is 30, which is almost the same number as in the database contour.

(a) (b)

Fig. 4. Equilibrium zero-crossing points (bar) for (a) database and (b) test contours

4 Conclusion

In this research study we have dealt with the problem of cancer cell isolation
from inflammation using needle biopsies. From the the compactness analysis
at the equilibrium number of curvature zero-crossing points, each test contour
is correctly identified. In most cases, the equilibrium number of zero-crossing
points for cancer cell contours type-C1 and type-C2, is higher than 15 and the
compactness value is less than 1.5. On the other hand, for the non-dangerous
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cells type-B1 and type-B2, the compactness value does not go bellow 1.5 in
the equilibrium range of zero-crossing points. Furthermore, the number of zero-
crossing points maintains its value under 15. The proposed method is very simple
but effective in its use for the isolation of lung cancer from inflammation. A
limitation of this study is that the test cases are made artificially. Our future
goal is to implement the proposed system on a set of real data obtained from a
sufficient number of suspected lung cancer sufferers.
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