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Abstract—ILung cancer is the leading cause
of cancer death in both men and women.
The accurate segmentation of lung lesion
from computerized axial tomography (CAT)
scans is important for lung cancer diagnosis
and research. A novel toboggan based
region growing algorithm with a three-step
framework is wused for lung lesion
segmentation. The initial seed point in the
lung lesion was first automatically selected
using an improved toboggan method for the
subsequent 3D lesion segmentation. Then,
the lesion was extracted by an automatic
growing algorithm with multi constraints.
Finally, the segmentation result was
optimized by a lung lesion refining method.
By using this lung lesion segmentation
algorithm better performance and accuracy
will be obtained. In conclusion, we believe
that the novel toboggan based region
growing algorithm can achieve robust,
efficient and accurate lung
segmentation in CT images automatically.

lesion

Index Terms— Back-off mechanism,
computed tomography (CT), lung lesion
segmentation, region growing, improved
toboggan algorithm

I. INTRODUCTION

LUNG cancer is the leading cause of
cancer mortality around the world [1]. Up to
10 million patients in the world will die of
lung cancer by 2030 in terms of the report
from the World Health Organization [2].
Early prevention of lung tumor has an
important role for survival benefit
improvements. With the hypothesis that
deep analysis of radiographic images can
inform and quantify the microenvironment
and the extent of intra- tumoral
heterogeneity for personalized medicine [3],
[4], analysis of large numbers of image
features extracted  from  computed
tomography (CT) with high throughput can
capture spatial and temporal genetic
heterogeneity in a non-invasive way, which
is better than invasive biopsy based
molecular assays.
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It will be useful for medical research,

computer-aided diagnosis, radiotherapy and
evaluations of surgery outcome as well. For
this purpose, accurate segmentation of lung
lesions is the pre-requisite. One method for
lung lesion segmentation is that experts with
experience such as radiologists delineate the
lesion manually. It is a difficult task to
obtain robust and efficient results for a
variety of reasons. First, the experts may
overestimate the lesion volume to enclose
the whole lesion. Different manual
delineations are also varying. Furthermore,
the time consumption limits converting CT
images to mineable data with high
throughput. Therefore a highly robust,
efficient and automatic lung lesion
segmentation approach is urgently required.
However, accurate segmentation of lung
lesions by an automatic method is also
difficult because the heterogeneity of the
lesions. Christo Ananth et al. [7] proposed a
principle in which the division is the urgent
stage in iris acknowledgment. We have
utilized the worldwide limit an incentive for
division. In the above calculation we have
not considered the eyelid and eyelashes
relics, which corrupt the execution of iris
acknowledgment framework. As shown in
Fig. 1, due to the diversity of lung lesions,
current segmentation accuracy is inadequate.
The shape, intensity and location of lung
lesions change greatly because of the
existence of the spatial genetic heterogeneity
of various lesions. The intensity of lung
lesions is sometimes close to the intensity of
vessels, fissures or chest wall (Fig. 1 a (1)-a
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(3)). But other times it is close to the
intensity of lung field, such as ground-glass
opacity (GGO) (Fig. 1 ¢(1)-c(3)), which is a
nonspecific finding on CT scans that
indicates a partial filling of air spaces by
exudate or transudate, as well as interstitial
thickening or partial collapse of lung alveoli
[5]. Moreover, the influence of the inherent
noise in CT images can also be significant.
All these facts render that it is very
challenging to achieve the precise
delineation of lung lesions automatically.

Fig. 1. Different types of lung lesions: (al)-
(a3): solid nodule, a (1): solitary nodule, a
(2): juxta vascular, a(3): juxta-pleural, (b):
cavity, (cl)-(c3): GGO. c(1): solitary, c(2):
juxta-vascular, c(3): juxta-pleural.

I1. Related Work

Intensity-based segmentation [22], [21]
has been applied to the nodule segmentation
problem using local density maximum and
thresholding algorithms. These classes of
algorithms are primarily effective for
solitary  nodules  (well-circumscribed),
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however, fail in separating nodules from

juxtaposed surrounding structures, such as
the pleural wall (i.e. Juxta-Pleural and
Pleural-Tail nodules) and vessels (Vas-
cular), due to their similar intensities. More
sophisticated  approaches  have  been
proposed to incorporate nodule-specific
geometrical and morphological constraints
to address this issue (e.g. [23]-[24]).
However, juxta-pleural, or wall-attached,
nodules still remain a challenge because
they can violate geometrical assumptions
and appear frequently. In addition, typical
low dose CT (LDCT) scans have low
contrast, adding further difficulties to
obtaining the precise nodule spatial support
or region of interest ROL.

In CT slices the rib areas tend to appear
with high intensity values, which cause
other difficulties when using only intensity-
based segmentation approaches. These high-
intensity regions near a given marker can
bias the semi-automatic nodule center
estimator resulting in inaccurate
computations of size. Robust segmentation
of the juxta-pleural cases can be addressed
in two approaches: a) global lung or rib
segmentation and b) local non-target
removal or avoidance [25]. The first can be
effective but also computationally complex
and dependent on the accuracy of the whole-
lung segmentation. The second is more
efficient than the former but more difficult
to achieve high performance due to the
limited amount of information available for
the non-target structures.

IL.LLESION SEGMENTATION WITH
MULTI CONSTRAINTS

Seed point is selected automatically in the
lung lesion regions we obtained in section
.The multi-constraints are proposed to
control the lesion segmentation. As the
intensity of vessels and visceral pleura is
close to that of the lung lesion, they are
sometimes considered to be part of the
adjacent lesions.

In the process of lesion segmentation, a
five-dimensional symbol vector is defined to
describe the new lesion voxels in each
generation. The vector is organized by
spatial coordinates, iDegree and iCount of
each voxel. As the basic flag of growing
segmentation, iDegree  describes the
generation number during segmentation.
The initial seed point is the first generation,
where the iDegree is given as 1.

On the basis of the area of the lung
lesion we have obtained by the improved
toboggan algorithm, a largest distance
constraint (LDC) is defined to restrict the
growth in each direction during lesion
segmentation. Its morphologic meaning is
the maximum Euclidean distance between
the center point and lesion boundary
points.

The LDC we use is calculated as
follows:

LDC = 1’ d‘; Z:a

= Range
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Where is the size of the lung lesion

region obtained by the improved toboggan
algorithm. A decision mechanism of voxel
p based on the two-norms is described as
follows:

Fig 2. Segmentation by the improved
toboggan method, images a to 1 are solid
nodules, and images m to r are ground-glass
opacities (GGO).

III .LUNG LESION REFINEMENT

A lung lesion refining method is used
for more accurate lesion boundary
definition. Since the iterative growing
segmentation only uses gray scale
information but neglects the morphologic
characteristics of the lesion, miniscule
incorrect segmentation In the two adjacent
lesion slices, for example, one slice includes
a slender vessel but its adjacent slice does
not[8&].
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Fig. 3. Lung lesion refining, where the
internal profile represents the center image,
and the external one represents the adjacent
slice.

(a) Presents two contours before
boundary smoothing.

(b) Denotes the contours after
boundary refining.

The refining method only works on
the adjacent lesion slices in a cross-section
view, so the two slices being processed are
regarded as the center slice CI and its
adjacent slice is CI'. The direction from the
neck to the abdomen is considered as the
main direction.

IV.PROPOSED METHOD

Improved Toboggan Based Region
Growing Algorithm is proposed.
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Fig:4. Proposed method Block diagram

a)INPUT IMAGE

Lung lesions from the LIDC-IDRI
database were used. The slice thicknesses
for those images ranged from 1.25 to 2.50
mm with a 0.70 mm x 0.70 mm resolution.

Since their morphology is completely
different from that of a solid nodule and
GGO. Their diameter ranged from 3 mm to
30 mm (average 9.80 mm).

Fig 5. LIDC database CT scan image

b)2D LUNG PARENCHYMA
SEGMENTATION

Image segmentation is the process of
partitioning a digital image into multiple
segments (sets of pixels, also known as
super-pixels). The goal of segmentation is to
simplify and/or change the representation of
an image into something that is more
meaningful and easier to analyze.[12] Image
segmentation is typically used to locate
objects and boundaries (lines, curves, etc.)
in images.

More precisely, image segmentation
is the process of assigning a label to every
pixel in an image such that pixels with the
same label share certain characteristics.[12]
Region boundaries and edges are closely
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related, since there is often a sharp

adjustment 1in intensity at the region
boundaries. Edge detection techniques have
therefore been used as the base of another
segmentation  technique. = The  edges
identified by edge detection are often
disconnected. To segment an object from an
image however, one needs closed region
boundaries. The desired edges are the
boundaries between such objects or spatial-
taxons.

¢) PREPROCESSING

Image-specific preprocessing
methods are aware of the 2-D image nature
of the data and are applied two-
dimensionally. Dilation of a binary (0/1,
'off'/'on") image expands contiguous regions
of 'on' pixels in an image. It examines the
neighboring pixels within a "Window'
around each pixel. If more than the specified
fraction ('Threshold') of neighboring pixels
are 'on' then dilation turns the pixel 'on'.
Pixels which are 'on' already are never
altered.

Erosion of a binary (0/1, 'off'/'on")
image contracts contiguous regions of 'on'
pixels in an image. It examines the
neighboring pixels within a specified
'Window'. If more than the specified fraction
(‘Threshold') of neighboring pixels are 'off'
then erosion turns the pixel 'off. Pixels
which are 'off" already are never altered.

d) IMPROVED
SEARCHING

TOBOGGAN
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Multi-scale Gaussian
convolution could reflect image gradient
changes in different directions. For
example, different Gaussian convolution
kernels could describe the gradient on
each coordinate axis (X-axis, Y-axis or Z-
axis) in and The multi-scale Gaussian
gradient could also give a more accurate
description for the lung image compared
with other gradient computation methods.
Besides, the highlighted noise would be
eliminated by the improved toboggan
algorithm after contrast enhancement
using multi-scale Gaussian convolution.

Fig 6. Gradient image of lung
parenchyma

By the improved toboggan method, the
highlighted vessels, tracheal wall and other
noise in the gradient image will be moved
into the lung field while the lesion remains
at a higher value. Therefore, the other
tissues would be dimmed and the lesion
could be enhanced in the label image for the
subsequent automatic seed point selection.

Algorithm:

Step 1: Calculate the gradient image.
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Step 2: Scan the four neighborhoods (or

eight) of each pixel in the gradient image.
As one slice is enough for the selection of
the lesion seed point.

Step 3: Mark the pixels slide to the local
minimum by the same label with the
“minimum” pixel.

Step 4: Repeat the process for all pixels. If a
pixel is not labeled, its four neighborhoods
(or eight) will be searched to find the local
minimum. The process is repeated until all
pixels in the image are segmented.

e) 3D LUNG LESION SEGMENTATION

Region growing methods rely mainly
on the assumption that the neighboring
pixels within one region have similar values.
The common procedure is to compare one
pixel with its neighbors. If a similarity
criterion is satisfied, the pixel can be set to
belong to the cluster as one or more of its
neighbors. The selection of the similarity
criterion is significant and the results are
influenced by noise in all instances.

One region-growing method is the
seeded region growing method[10]. This
method takes a set of seeds as input along
with the image. The seeds mark each of the
objects to be segmented. The regions are
iteratively grown by comparison of all
unallocated neighboring pixels to the
regions. The difference between a pixel's
intensity value and the region's mean, r, is
used as a measure of similarity. The pixel
with the smallest difference measured in this
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way is assigned to the respective region.
This process continues until all pixels are
assigned to a region. Because seeded region
growing requires seeds as additional input,
the segmentation results are dependent on
the choice of seeds, and noise in the image
can cause the seeds to be poorly placed.

f) LESION CONTOUR EXTRACTION
AND LUNG LESION REFINING

Abnormal  tissue  region  are
extracted.Lung lesion refining method is
used for more accurate lesion boundary
definition. Since the iterative growing
segmentation  only  uses grayscale

information but neglects the morphologic
characteristics of the lesion, miniscule
segmentation

incorrect

Fig 7. The toboggan results for a cavity
tumor.

In the two adjacent lesion slices, for
example, one slice includes a slender vessel
but its adjacent slice does not. It is displayed
as a mutation on the original transverse
images. In this section, those mutations will
be smoothed for accuracy improvement.
Here we use the lesion boundaries in each
slice. The refining method in this paper only
works on the adjacent lesion slices in a
cross-section view, so the two slices being
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processed are regarded as the center slice C/

and its adjacent slice is CI".

The steps of the lung Ilesion
refining method are described as follows:

Stepl: Calculate the center of the gravity
(COQG, or a center point in the lesion) in CI:

SO
M
Where denotes the number of
lesion pixels in and represents the coordinate
of the lesion points.

COG =

Step 2: Extract the lesion contour

Step 3: Compute the distance between COG
and the boundary point 6* on CI:

Dis(b;) = |lb; — COG|y,i = (0,1...n)

Where \Wi - COG\\; means the
two-norms of (b,COG), and n is the total
number of boundary points. Dis(bi)

represents the Euclidean distance from bi to
COG.

Step 4: Calculate the distance between COG
and the boundary point 6* on C!/'. Draw the
straight line which is determined by COG to
b'i- DisW is used to describe the distance:

Dis (b)) = ||b, — COG||,,i=(0,1...n)

Where n' represents the
boundary points in CI. On the original
images, voxels and are the
boundary points of lesion.

transverse

We will process each difference
between Dis (b) and Dis (bi) in the same
direction in the next steps.

StepS: Execute Step 4 on all boundary
points in Cl'. Dis) and Dis(bi) in each
direction are stored for the subsequent
calculation in Step 6.

Step 6: Obtain the average distance Avg:

Avg = Z (| Dis (b)) — Dis(b;)||) /points

points

g) OUTPUT SEGMENTED IMAGE

Image contains solid nodule, solitary
GGO, juxta-pleural GGO. Algorithm
significantly ~ improves  lung  lesion
segmentation accuracy compared with other
methods.

Fig 8. segmentation results of the cavity
tumor

V.RESULTS AND DISCUSSION
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a) Input image

An input image taken here is LIDC
database CT scan image Shown in below.

we ©OR G -) o @l

Fig 9. Input image
b)2D lung parenchyma segmentation

The edge of input image is segmented
using prewitt method.

29RO o @HE -

Fig 10. 2D lung parenchyma segmentation
c¢) Preprocessing

Image-specific preprocessing
dilation and erosion methods are aware of
the 2-D image nature of the data and are
applied two dimensionally.

Fig 11. Dilated image

d) Improved Toboggan Searching

By the improved toboggan method,
the highlighted vessels, tracheal wall and
other noise in the gradient image will be
moved into the lung field while the lesion
remains at a higher value.

i
Fig 12. Toboggan search image

e) Segmentation single slice image

Single slice of sensitive segmented
image shown in below
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Fig 14. Single slice image
£)3D lung lesion segmentation

One region growing method is the
seeded region growing method. This method
takes a set of seeds as input along with the
image.

s onG ) o aTTM
Fig 15. 3D lung lesion segmentation image

g) Lung lesions including solid nodules

Image contains solid nodule, solitary
GGO, juxta-pleural GGO.
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Fig 16. Different types of lung lesion

L

h) Lesion region of the cavity tumor

Abnormal tissue of lung is said to

be cavity tumor that can be shown in below

a e 5 n T 5 EERETS :
Fig 17. Output segmented cavity tumor

region

VI CONCLUSION

This paper explains about an automatic
and quick-response lung lesion
segmentation algorithm, which has been
tested on the public LIDC database. The
initial seed points were first detected using
an improved toboggan method for the
subsequent lesion segmentation. Then, the
lesion was extracted by an automatic
growing algorithm with multi-constraints.

Finally, the segmentation result was
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optimized by a lung lesion refining method.

The important component of this work is
that it does not require any training datasets
or human interactions for lesion seed point
detection, while it could obtain more
accurate segmentation results compared
with other methods, especially for ground-
glass opacities. Better performance was
obtained with improved time efficiency by
our method.

FUTURE WORK

As the new method has a variety of
advantages for the segmentation of lung
lesions and can also be applied as a
reference for lesion segmentation in other
tissues. In the future classification of the
lesions into benign and malignant to be done
and calculation of the area and the size of
the lesions using simpler algorithms will be
addressed.
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