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Abstract— Lung cancer is one of the most lethal form of
cancer worldwide. The tumor present in the lungs is not static
and changes its shape and position during each breathing cycle.
In order to segment the tumor, the physicians manually outline
the tumor on each slice. Slice by slice manual segmentation is
prone to errors and causes physician fatigue. A semi-automatic
method to segment and track the tumor in all the frames of
PET data is proposed in this paper. The tumor is segmented
from each slice of the first frame using wavelet features and
support vector machine classifier. This segmented tumor, after
validated by the experts is used in initialization of the contour
for segmentation of the tumor in subsequent frames by the
level set method. Another important contribution of this paper
is setting up tumor volume obtained from the first frame as
the termination condition for the level set method. The results
obtained from the proposed methodology are very promising
and eliminates the need for manual tumor segmentation. Our
proposed technique also maintains consistent segmentation and
the results obtained are not dependent on the operator as is
the case in manual segmentation.

Index Terms— Lung Tumor Tracking, Wavelets, Support
Vector Machines, Active Shape Models, Level Set Method,
Positron Emission Tomography

I. INTRODUCTION

Lung cancer or tumor is caused by the rapid growth

and division of cells that make up the lungs. This is one

of the most lethal and common form of cancer world-

wide [1]. The methods for diagnosing the lung cancer include

computed tomography (CT), magnetic resonance imaging

(MRI), positron emission tomography (PET), bronchoscopy

(examination of the airways with fiber optics) and biopsy

(examination of lung tissue sample). The most widely used

therapies for lung cancer are surgery, chemotherapy and

radiation therapy depending on the type, stage of the cancer

and the patients’ performance status.

Gross tumor volume (GTV) is defined as the size of the

cancer measured by the amount of space occupied by the

tumor. Target volumes or GTV must be correctly delineated

in PET for mapping onto radiation therapy treatment plan.

The fatality rate in lung cancer is high because of the

non availability of effective radiotherapy treatment planning.

Radiotherapy aims to deliver the necessary therapeutic dose

of ionizing radiation to tumor tissue whilst minimizing

irradiation of normal tissue. To spare normal tissues, shaped

radiation beams are aimed from several angles of exposure

to intersect at the tumor, providing a much larger absorbed

dose to the tumor than in the surrounding healthy tissue.

The inflation and deflation of the lungs enables the tumor to

change its position, shape and size with respect to time. As

a result, tumors in the lungs can move from 1-3 cms. during

respiration. The absence of an efficient tracking system to

track the tumor movements in the radiotherapy treatment

planning system forces the physicians to add an extra margin

of 3-5 cms. around the manually detected tumor volume [2].

This extra margin caters for the tumor movement during

respiration.

A. Motivation

The data from PET is obtained as frames which is a three-

dimensional volume data with each frame having about 40−
50 slices of two-dimensional data. Experts cannot visualize

the entire tumor volume simultaneously and typically resort

to manually outlining the tumor in a series of consecutive

2D slices of the original 3D volume data. Furthermore,

manual segmentation is tedious, time consuming and suffers

from poor reproducibility. In order to avoid expert fatigue

and maintain accuracy of segmentation there is a need for

an efficient automatic segmentation and tracking system to

clearly delineate the tumor from all the frames.

The behavior of the tumor in the lungs can be imagined

as a water balloon which deforms its shape, position and

size when the pressure is applied in any direction. This

behavior eliminates the use of fixed shape models. This

motivated us to use deformable models which are capable

of accommodating this variability of tumor over time and

across different individuals. Many models are available for

cardiac cycle tracking [3] and very limited research is carried

out for tracking lung tumor.

There are two novel contributions coming out of this

work. Firstly, the initialization area of the level set contour

is automated using a machine learning technique. Most of

the recent work in initialization process involves very basic

image processing method [4] or manual segmentation [5].

Secondly, the termination of level set contour is based on

the volume obtained from the first frame. Most of the

earlier work involves setting the number of iterations as
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the terminating condition which is usually chosen by trial

and error [6], [7]. The paper is organized as follows: The

methodology adopted to segment the tumor in the first

frame using machine learning technique and tracking the

tumor from the subsequent frames using level set method

is described in section 2. Results and discussions are given

in section 3. Conclusions are given in section 4.

II. METHODOLOGY

In this section, the proposed semi-automatic method is

explained. PET images were obtained from the Peter Mac-

Callum Cancer Centre in Melbourne, Australia. We have

tested the proposed methodology on approximately 2000 2D

slices of images. The details of image acquisition can be

found in [8]. As mentioned earlier the data from PET is

obtained in frames. In order to segment the tumor in all

the frames, we use a detailed and more accurate slice by

slice segmentation of the tumor in the first frame. This is

achieved by using Daubechies second order wavelet features

and support vector machine (SVM) classifier [8]. The result

of this segmentation is validated by experts and any miss

recognition of the tumor will be corrected by the experts.

The surface points obtained from the first frame will become

the initial contour for level set method to track the tumor in

the subsequent frames.

A. Segmentation of tumor from the first frame using machine

learning approach

The first step towards tracking the tumor along the frames

is to segment the tumor accurately from the first frame. The

presence of heart poses a great challenge in segmenting

tumor alone from the lung PET images. The heart is a

very active organ and appears bright like tumor in most

images. Some of the standard segmentation schemes like

threshold, edge detection and region growing fails to isolate

the tumor [9]. A detailed comparison of feature and classifier

approach for differentiation between the tumor and non-

tumor (heart) has been discussed in our previous work [8].

The performance of geometric moments, discrete cosine

transform and wavelet features using k-nearest neighbor

and SVM classifier was analyzed. Daubechies second order

wavelet with SVM classifier was exceptional and consistent

with an accuracy of 97%.

It is very important to accurately segment the tumor in the

first frame as this result will be used as initial condition for

level set method in the subsequent frames. At this stage, an

expert validation is required. As the human intervention is

minimal it reduces physician fatigue and maintains segmen-

tation consistency across slices. Individually both computer

and humans are prone to some errors but together they can

accurately and effectively detect the tumor.

B. Segmentation of the tumor from the subsequent frames

using level set deformable model

Deformable model was introduced by Kass [10] in 2D

and was generalized to 3D by Terzopoulos [11]. The widely

recognized potency of deformable models stems from their

ability to segment, match, and track images of anatomic

structures by exploiting constraints derived from the image

data together with a priori knowledge about the location,

size, and shape of these structures [12].

Level Set Method: Level set models [13], an explicit

representation of the continuous deformable model, was first

developed by Osher and Sethian [14] for capturing moving

fronts. The main idea of level set method is to embed the

deformable model in higher dimensional space [12]. In the

level-set method, the model M is implicitly defined as the

zero level-set of a higher dimension function v. Starting from

a given shape M0, the model is able to evolve towards the

shape of the object to segment, according to the first order

evolution law:

∂M

∂t
= F �N = (Fint + Fext) �N (1)

with F the force applied on the surface and �N the surface

normal vector. This force is decomposed into two compo-

nents: an internal component Fint, enforcing a regularity

constraint over the surface and an external component, F ext,

taking into account the image to enforce the convergence of

the model shape toward the data. Given an initial surface

M0, the level-set function is v(x, y) = d((x, y), M0) where

d is a signed distance. The initial contour is defined as

M = (x, y)|v(x, y) = 0. v is represented as a distance map.

The map values outside the contour is positive while inside

they are negative [4]. The level set method shows that the

model evolution shown in equation 1 corresponds to an

evolution of the distance map satisfying equation 2.

∂v

∂t
= F‖∇v‖ = (Fint + Fext)‖∇v‖ (2)

where v(x, y, t) is the evolutive distance map. Equation 2

is only valid at the model location. As a consequence, the

distance map of v will not be preserved. In order to cope with

this problem there is a need to re-initialize v periodically so

that it corresponds to a distance map.

To overcome this problem of re-initialization a new varia-

tional formulation approach to level set evolution without re-

initialization has been proposed by Chunming [7]. The above

method yields false segmentation when applied on the lung

PET images due to the large selection of the initial contour as

shown in figure 1. In this paper, this method is used with two

modifications. Firstly, the initial a priori model is set using

the result of machine learning method applied on the first

frame and secondly the termination condition is controlled

by the volume detected in the first frame.

a) Choosing the appropriate initial contour for level

set: Obtaining a proper initial contour will reduce false

alarms in segmentation. The recent work in initialization

process involves very basic image processing method [4]

or manual segmentation [5]. We propose a new automatic

method for choosing this initial contour. The edge or surface

points obtained from the first frame using machine learning

technique is used as the initial contour for the level set

method. This way of setting the initial contour will set the

evolution only near the tumor area thereby reducing the
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Non Tumor

 Tumor

(a) (b) (c)

Fig. 1. Level set output with Chunming approach [7] (a) PET image (b)
Initial Contour (c) Segmented regions (in green color)

false positive rate. As the tumor present in the lungs keeps

changing its position during respiration, instead of setting

the exact surface points a certain margin of 0.4 cm around

the surface points is chosen as the initial contour.

b) Choosing the appropriate termination condition for

level set: Selecting the appropriate stopping criterion for the

level set segmentation is very tricky. Most of the earlier work

involves setting the number of iterations as the terminating

condition which is usually chosen by trial and error [6], [7].

The total iterations for convergence on different slices of

PET images varied between 30 to 1000 depending on the

content of the image. It is very difficult to choose the correct

number of iterations required for convergence. Researchers

have tried several stop conditions including the variation of

the surface, the variation of the volume, and the variations of

energy criterions [4]. Computing the model volume is much

cheaper than computing its energy, and it is very unlikely

that the model will evolve significantly for several iterations

while its surface and its volume remain constant [4].

Even though the position and shape of the tumor varies

during respiration its volume is nearly constant. We have

made use of this volume as our terminal condition. As we

are performing slice by slice 2D segmentation, we keep the

tumor area from each slice of the first frame as the stop

condition. To cater for tumor movement during respiration

an offset of an extra 5% is added to the area of the slices

of the first frame. The evolution of the level set method

is performed until the area of each slice of the subsequent

frames matches with the total area (area + offset) obtained

from the slices of the first frame. The pseudocode of our

proposed method is given in algorithm 1.

III. RESULTS AND DISCUSSIONS

Selecting the proper initial contour is extremely important

to eliminate detection of false positives during segmentation.

The proposed novel method of using the surface points

segmented from the first frame using machine learning tech-

nique provided extremely good results as shown in figure 2.

Figure 2a is the PET image which has a bright tumor and an

active heart. Figure 2b shows the chosen initial contour for

the level set method obtained from the first frame. Figure 2c

shows the segmented region. The proposed initial contour

evolves only around the tumor region thus reducing the risk

of detecting heart (non tumor) as hot spot.

Algorithm 1 Pseudocode of the proposed method

{F : Frames of PET data, A: 1D matrix containing tumor area of all
slices from first frame}
{Each frame contains 40−50 2D slices, C: 2D matrix containing contour
points of all slices from first frame}
if F = First frame then

{Machine learning approach}
for i = 1 to all the slices in the frame do

Extract Daubechies wavelet features
Tumor identification using SVM classifier
A[i] ← area of the tumor
C[i] ← Extract contour of the tumor

end for
else if F �= First frame then

{Level set method}
for i = 1 to all slices in the frame do

Set the initial contour as C[i] with an extra margin of 0.5cm
repeat

level set evolution
Area[i] ← area of the tumor after each evolution

until area[i] ≥ A[i]
end for

end if

Figure 3 shows the level set segmentation variation when

the number of iterations is set as the constraint for termina-

tion. Figures 3a, figure 3b and figure 3c shows the variation

in segmentation on 20, 50 and 200 iterations respectively

when the iteration is fixed as termination condition. The

proposed condition of setting the volume obtained from

the first frame as the termination condition eliminates this

ambiguity of choosing the iterations. The level set will evolve

around the initial contour until the area under the contour

of the slice under consideration matches the area under the

contour obtained from the slice of the first frame. Figure 3d

shows the segmentation result of setting the volume as the

constraint termination.

The proposed method uses machine learning only on the

first frame, while level set is used to segment the tumor in

the subsequent frames. In order to compare the performance

of the proposed method (LS), the tumor is segmented indi-

vidually from all the frames using machine learning (ML)

technique. The results are summarized in table I. Except for

Patient P1, the calculated standard deviation is lower than

ML method for all the patients. Lower standard deviation

indicates very minimal variation in the volume across the

frames which is achieved by setting the constraint.

As the proposed method is semi automatic wherein the

Non Tumor

 Tumor

(a) (b) (c)

Fig. 2. Level set output with the proposed method (a) PET image (b)
Initial Contour (c) Segmented regions (in green color)
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TABLE I

VOLUME (cm3) OBTAINED FROM THE PROPOSED METHOD FOR FIVE PATIENTS ON EIGHT FRAMES OF DATA. ML = MACHINE LEARNING APPROACH,

LS = PROPOSED LEVEL SET APPROACH, STD = STANDARD DEVIATION

Patient ID → P1 P2 P3 P4 P5

Frame ↓ ML LS ML LS ML LS ML LS ML LS

1 563.06 - 161.44 - 37.37 - 40.02 - 41.96 -
2 567.28 578.69 164.94 178.58 37.00 46.24 39.12 43.71 44.49 42.98
3 568.25 580.08 168.74 180.76 36.82 46.18 38.94 44.61 43.34 44.67
4 562.58 574.11 167.35 178.10 38.94 46.24 38.39 43.47 40.27 44.85
5 563.12 581.48 161.32 176.11 37.13 46.368 39.60 43.71 39.12 45.03
6 563.32 576.09 154.98 186.43 38.15 46.61 40.57 43.47 40.14 44.67
7 567.16 577.43 154.68 176.11 37.19 46.48 43.22 43.28 40.03 44.79
8 565.23 573.50 151.84 180.94 39.36 46.54 43.47 43.47 40.08 45.04

Mean Volume 565.70 577.34 160.55 179.58 37.80 46.38 39.93 43.67 41.07 44.58
STD 2.16 2.97 6.76 3.59 1.02 0.16 1.60 0.44 2.01 0.72

(a) (b) (c) (d)

Fig. 3. Level set termination (shown in green color) based on number of
iterations. The image is zoomed for clarity (a) 50 iterations (b) 100 iterations
(c) 200 iterations (d) Using the proposed volume as termination condition

detected tumor is validated by the experts in the first frame.

This validated tumor volume is percolated to the other frames

using the level set method, as a result the segmented tumor

volume is accurate to the physician’s satisfaction. The intra

frame variability is high for segmentation using ML approach

alone as can be observed in table I. The experts analyzed the

volumes from both the schemes and suggested that the pro-

posed LS method was very consistent across the frames than

the ML approach. As the manual segmentation is completely

eliminated and only expert verification is adopted, time taken

to segment the tumor reduces considerably.

IV. CONCLUSION

A semi automatic method to segment and track the tumor

from lung PET images has been presented. The tumor is

segmented from the first frame using wavelet and SVM

classifier. Level set method is used to segment the tumor

from the subsequent frames. A novel method of using the

segmented tumor output from the first frame to set the

initial contour for level set method has been proposed. Even

though this method was completely developed taking only

respiratory gated data into consideration, when tested on

cardiac gated data it provided very accurate results. The task

of choosing the number of iteration for level set method has

been eliminated using volume as a constraint. The concepts

used are highly robust and this work can be easily extended

to any other part of the body for segmenting and tracking

the required object that can be a tumor or anatomical part.
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