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Computed tomography (CT) is an important imaging modality. Physicians, surgeons, and oncologists prefer CT scan for diagnosis
of lung cancer. However, some nodules are missed in CT scan. Computer aided diagnosis methods are useful for radiologists for
detection of these nodules and early diagnosis of lung cancer. Early detection ofmalignant nodule is helpful for treatment. Computer
aided diagnosis of lung cancer involves lung segmentation, potential nodules identification, features extraction from the potential
nodules, and classification of the nodules. In this paper, we are presenting an automatic method for detection and segmentation
of lung nodules from CT scan for subsequent features extraction and classification. Contribution of the work is the detection and
segmentation of small sized nodules, low and high contrast nodules, nodules attached with vasculature, nodules attached to pleura
membrane, and nodules in close vicinity of the diaphragm and lung wall in one-go. The particular techniques of the method are
multistep threshold for the nodule detection and shape index threshold for false positive reduction. We used 60 CT scans of “Lung
Image Database Consortium-Image Database Resource Initiative” taken by GE medical systems LightSpeed16 scanner as dataset
and correctly detected 92% nodules. The results are reproducible.

1. Introduction

Lungs are important organs of the body for survival of
human beings.The lungsmay suffer frommany fatal diseases.
Lung cancer is the most fatal of all these diseases. It is a
leading cause of cancer related deaths in the world. Early
diagnosis of lung cancer is a must for success of therapy.
Imaging modalities play an important role in diagnosis of
lung cancer. Positron emission tomography (PET) and com-
puted tomography (CT) are the most common noninvasive
modalities for detection and diagnosis of lung cancer. PET
scan is well known for discrimination of malignant and
benign nodules. CT technology is helpful for early detection
of malignant nodules. CT technology for diagnosis of lung
cancer is entering into its new phase known as computer
aided diagnosis (CAD).

CAD systems are active area of research of the day.
Automated CAD systems are useful for radiologists for

detection and diagnose of lung cancer fromCT slices. ACAD
system is made up of subsystems. Important ingredients of
a CAD system are lung segmentation subsystem, potential
pulmonary nodule identification (PNI) subsystem, features
generation subsystem and nodules classification subsystem.
Potential PNI subsystem is the key component of a CAD
system. A nodule overlooked during pulmonary nodule
identification phase is always missed for the rest of the
process. The present research is focused on PNI.

PNI is a prerequisite for diagnostic and treatment proce-
dures for lung cancer [1]. It is used in the CAD systems for
diagnosing of tumor growth in successive computed tomog-
raphy scans [2, 3] and monitoring therapy success [4, 5],
lung cancer screening for early detection by computer aided
methods [6–8], and computer aided diagnosis of malignancy
of lung cancer [9, 10].

PNI involves nodules detection and nodules segmen-
tation. Lung nodule segmentation is the delineation of
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the nodular lesions appearing on the lung CT. Nodule
detection is the recognition of an object as a nodule. The
nodule segmentation and detection are important and crucial
steps in lung cancer diagnosis applications. Some techniques
have been proposed and utilized by the researchers for
PNI. Thresholding [11, 12], region growing [13, 14], dynamic
programming [15], mean shift [16], watershed transform [17],
mathematical morphology [18, 19], deformable model [20,
21], and model fitting [22, 23] are the techniques reported by
the scientists and engineers for PNI.

These works [11–23] mainly focused on features extrac-
tion and classification for PNI. Features extraction and classi-
fication are time consuming and costly processes, particularly
for large number of CT slice images (240 to 300 images) in
a single CT scan. Our objective is accurate identification of
potential pulmonary nodules without features extraction and
classification.

The proposed system takes a CT slice as input, calcu-
lates density threshold value, performs lung segmentation,
enhances the nodular object on image, generates nodule
masks, carries out nodule segmentation, and reduces the
number of false positives. The process is performed for each
slice of the CT scan.The flow diagram of the system is shown
in Figure 1.

2. Material and Method

In the lung CT scan, nodules are objects comparatively
brighter than the background with spherical/elliptical shape
or having embedded spherical/elliptical objects upon them
besides their particular visual properties and pathologies.
Figure 1 gives a general idea of the proposed lung nodule
detection system. The following sections illustrate material
and methods.

Section 2.1 describes the dataset. Section 2.2 illustrates
calculation of density threshold which was subsequently used
for lung segmentation and nodules identification process.
Section 2.3 describes lung segmentation. Segmented lung
images are input for nodule identification process. Section 2.4
mentions lung enhancement. Section 2.5 explains nodule
masks generation and candidate nodule segmentation pro-
cesses. Section 2.6 describes false positive reduction process.

2.1. Data Set. LIDC-IDRI (Lung ImageDatabaseConsortium-
Image Database Resource Initiative) [24] is a globally acces-
sible resource for development and testing of CAD methods
for lung cancer detection and diagnosis. We used available
60 CT scans taken by GE medical systems LightSpeed16
scanner. The total number of slices/images is 8573. There
are 222 nodules in all. The size of the nodules is 3–30mm
(millimeters). All the 60 scans contain nodules. However,
there are a large number of slices in these scans which do not
contain modules. Each slice has 12 bit gray scale resolution.

2.2. Density Threshold Calculation. We calculated density
threshold value for lung segmentation and nodules identifi-
cation process by Algorithm 1.

Density threshold 
calculation

Input slice

Lung segmentation

Nodule enhancement

FP reduction and potential nodules identification

Masks generation and nodule segmentation

Final mask generation and potential nodules
segmentation 

Th1 Th2 Th3 Th4 Th5

IM1 IM2 IM3 IM4

Figure 1: Flow diagram. IM stands for intermediatemask.Th stands
for threshold (intermediate threshold). FP stands for false positives.

Value 0.9 is experimental value showing better segmenta-
tion results.

Algorithm 1 takes a slice of the CT scan as input and gives
as an output a density value. Step (1) calculates mean of all the
density values of the input slice andnames it as “IT.” “IT” is the
initial threshold value. The slice (image) is thresholded using
the value “IT.” Two clusters of density values are formed. As
stated in Steps (2) and (3), mean of each cluster is calculated.
According to Step (4), mean of means of the two clusters is
computed and named as “T.” “T” is the new threshold value.
In Step (5), two threshold values “IT” and “T” are compared.
If difference of “IT” and “T” is greater than 0.9, new threshold
value “T” becomes initial threshold “IT” and Step (2) to Step
(5) are repeated. If the difference of “IT” and “T” is less than
or equal to 0.9, “T” is the final threshold value.The utilization
of this threshold value is in Lung Segmentation (Section 2.3)
and in Five Threshold Value Calculation (Section 2.5.1).

2.3. Lung Segmentation. Lung segmentation is a prerequisite
for computer aided lung cancer diagnosis system. CT slice
image of the lung is shown in Figure 2. We segmented
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(1) IT = Mean 𝑖(𝑥, 𝑦) // 𝑖(𝑥, 𝑦) is the image. Mean is mean of gray level values of
// 𝑖(𝑥, 𝑦). IT stands for Initial Threshold value.

(2) 𝜇
1
= Mean (𝑖(𝑥, 𝑦) > IT)

(3) 𝜇
2
= Mean (𝑖(𝑥, 𝑦) ≤ IT)

(4) 𝑇 = (𝜇
1
+ 𝜇
2
)/2

(5) If mod(𝑇 − IT) > 0.9
(6) IT = 𝑇

Go to Step 2
Else

Final Threshold Value = Round(𝑇)
End

Algorithm 1

Figure 2: CT slice image.

the lung regions from CT slice using density threshold,
mathematical morphology, and pixel connectivity.

Lung regions were approximated by thesholding, using
a threshold value calculated in Section 2.2. There are four
problems to be solved on the approximated lungs. There are
boundary connected objects other than lungs on slice images.
There are some missing portions (gaps) on the lung regions.
Trachea exists which is not part of the lung. Boundaries of
lung regions are required to be corrected. Resolution of these
problems leads to final segmented lungs.

We refined lung in previous works [30, 31]. In the works,
we removed objects connected with the border of the CT slice
image using pixel connectivity concept.We recognized all the
objects on the slice and removed those objects which have
at least one common pixel with the boundary of the slice.
These objects were due to attenuation of X-rays through the
air around the patient, partial volume effect, and different
artifacts. Gaps on the region of interest were stuffed by Flood
Fill Algorithm (FFA) on binary lung mask. The FFA fills
closed gaps on the objects. Tracheawas removed by exploiting
anatomical property. Anatomically, trachea is smaller in size
than left and right lungs. We compared the size of trachea
with left and right lungs and removed trachea (smaller object

Figure 3: Segmented lung image.

in size). We corrected lung boundaries by mathematical
morphology. For resolution of poor demarcation along the
boundaries of the lungs, the boundaries of the mask were
smoothed by morphological closing. Firstly, structuring ele-
ment of size one was tried but it could not cover entire
portion of the lung. More accurate segmentation resulted
with structuring element of size 2. Structuring element of
size 3 covered some portion of chest body along with lungs.
Resultant final segmented lungs are shown in Figure 3.

2.4. Nodule Enhancement. Image enhancement brings out
and highlights some specific features, characteristics, and
objects of the image. It denoises and smoothes out the
image. It is helpful for nodules discrimination from adjacent
anatomical structures. Manay and Yezzi [32] proposed anti-
geometric diffusion model for denosing and smoothing. We
have utilized themodel for nodule enhancement. Good thing
about the model is that it diffuses edges of the image. The
advantages of the diffusion across the edges include better
localization, better connectivity of the shape index map, and
less noise sensitivity. According to the model, if “𝑔” and “𝑡,”
respectively, denote the gradient and tangent direction of
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Vessel shape index map

Vessel Nodule

Nodule shape index map

0.24 0.66 0.71 0.69 0.22 0.92 0.95 0.99 0.92 0.89

0.22 0.18 0.72 0.72 0.28 0.99 0.96 0.98 0.94 0.94

0.17 0.17 0.57 0.78 0.74 0.98 0.99 0.97 0.93 0.97

0.11 0.23 0.76 0.40 0.75 0.99 0.94 0.98 0.98 0.96

0.24 0.75 0.77 0.74 0.73 0.88 0.99 0.99 0.96 0.86

Figure 4: Shape index of nodule and vessel.

the iso-intensity contour of an image “𝐼,” then anti-geometric
diffusion is defined as

𝜕𝐼

𝜕𝑡
= 𝐼
𝑔𝑔

or

𝜕𝐼

𝜕𝑡
=

𝐼
2
𝑥𝐼
𝑥𝑥
+ 2𝐼
𝑥
𝐼
𝑦
𝐼
𝑥𝑦
+ 𝐼
2
𝑦𝐼
𝑦𝑦

𝐼2𝑥 + 𝐼2𝑦
.

(1)

𝐼
2
𝑥, 𝐼
𝑥𝑥
, 𝐼
𝑥
, 𝐼
𝑦
, 𝐼
𝑥𝑦
, and 𝐼2𝑦 denote derivatives of image in

usual notations.
Nodule enhancement proved particularly useful in recog-

nition of low density nodules from the central parts of the
parenchyma of left and right lung.

2.5. Masks Generation and Nodule Segmentation. We calcu-
lated five threshold values and developed four intermediate
masks. We added four intermediate binary masks using
the principal of addition of images to generate the final
binary mask for nodule identification. The final binary mask
identifies nodules on the original slice images. On the binary
mask, nodule regions have the intensity values as “one” and
the rest of lung region have the intensity values as zero. The
procedure is described below in more detail.

2.5.1. Five Threshold Values Calculation. The threshold value
calculated in Section 2.2 is the “base threshold” for five
threshold values calculation. The “maximum intensity value”
of the slice is divided by 10 tomake a “step value.” “Step value”
is a numerical value which is added to or subtracted from
the base value in order to calculate more threshold values.
The first threshold value, Th

1
is the base threshold value plus

two times step value. Second threshold value,Th
2
, is the base

threshold value plus step value. Third threshold value, Th
3
, is

the base value itself. Fourth threshold value, Th
4
, is the base

threshold value minus the step value. Fifth threshold value,
Th
5
, is the base threshold value minus two times step value.

2.5.2. Intermediate Mask Generation. Four intermediate
masks IM

1
, IM
2
, IM
3
, and IM

4
are generated by using the

threshold values Th
1
, Th
2
, Th
3
, Th
4
, andTh

5
. The intermedi-

ate mask IM
1
is generated usingTh

1
andTh

2
. For generation

of intermediate mask IM
1
, on the original CT slice image,

intensity values less than or equal to the threshold value Th
1

and greater than Th
2
are assigned values as “1” and intensity

values greater than Th
1
and less than or equal to Th

2
are

assigned values equal to “0.” We improved the mask IM
1
by

morphological opening operation with disk as a structuring
element, 2 being the size of the structuring element. Using
a similar procedure, intermediate masks, IM

2
, IM
3
, and IM

4

were developed using threshold values Th
2
andTh

3
, Th
3
and

Th
4
, andTh

4
andTh

5
, respectively. It is worthmentioning that

Th
1
>Th
2
>Th
3
>Th
4
>Th
5
.

2.5.3. Final Mask Generation and Candidate Nodules Segmen-
tation. We generate a single final binary mask, NC Mask,
from the four intermediate masks IM

1
, IM
2
, IM
3
, and IM

4

utilizing image addition concept. Mathematically,

NC Mask (𝑖, 𝑗) =
4

∑

𝑘=1

IM
𝑘
(𝑖, 𝑗) . (2)

NC Mask(𝑖, 𝑗) is the final single mask for PNI. The single
mask for nodule identification saves a lot of computation
and avoids complexity as compared to the process of nodule
detection from four different binary masks and then showing
the resultant nodule objects.

Objects on binary nodule mask reveal the nodule objects
on original CT slice images.We segmented PNI from original
CT slice images by arraymultiplication of original CT images
and respective binary nodule masks.

2.6. False Positive Reduction and Potential Nodules Identifi-
cation. Shape index indicates the geometrical nature of the
objects on the image. Different shapes have different shape
index values [33]. The “cup,” “rut,” “saddle,” “ridge,” and “cap”
are important shape classes in image objects.The shape index
values for the shapes “cup,” “rut,” “saddle,” “ridge,” and “cap”
are 0.00, 0.25, 0.50, 0.75, and 1.0, respectively [33]. Shape
index map of an image is a map of shape indices of the image.
Shape index (SI) of a voxel 𝑉

𝑖𝑗
is calculated as

SI (𝑉
𝑖𝑗
) =
1

2
−
1

𝜋
tan−1
𝐾1 (𝑉

𝑖𝑗
) + 𝐾2 (𝑉

𝑖𝑗
)

𝐾1 (𝑉
𝑖𝑗
) − 𝐾2 (𝑉

𝑖𝑗
)

. (3)

𝐾1(𝑉
𝑖𝑗
) and 𝐾2(𝑉

𝑖𝑗
) are principal curvature of voxel, 𝑉

𝑖𝑗
.

Shape index of a vessel and nodule are shown in Figure 4.
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Table 1: Comparison.

Sr. number Study Year Nodule size (mm) Sensitivity (%) FPs

1 Dehmeshki et al. [13] 2008 —
—

84
100

—
—

2 Ye et al. [25] 2009 3–20 90.2 8.2
3 Messay et al. [26] 2010 3–30 82.66 3
4 Tan et al. [27] 2011 — 87.5 4
5 Cascio et al. [28] 2012 — 88 2.5
6 El-Baz et al. [29] 2013 — 82.30 12
7 Proposed method 3–30 92 6

Figure 5: Pulmonary nodule.

Shape of the nodules is a “cap” class object. High value
of mean shape index value means more sphericity of the
object and so it is the indication of nodules.We defined shape
index value “0.76” as a threshold value. All objects having
shape index values greater than 0.76 are nodules. All objects
having mean index value less than or equal to 0.76 have
been deleted from the slice image in order to show only the
nodule objects. These objects were vessels, airways, or other
structures. Identified pulmonary nodules (PNs) are shown in
Figure 5.

3. Results and Discussion

Results are the worth of the research. Testing is important for
verification of the results. We used lung CT scan of LIDC-
IDRI database [24] for experimentation and evaluation. The
description and selection criterion of the images are stated in
Section 2.1. We achieved 92% sensitivity with full automation
taking nodule size 3–30mm. The number of actual nodules
and nodules detected is shown on bar graph in Figure 6. The
graph shows that the number of nodules is large when the size
of the nodules is less than 10mm. The detection rate is high
when the nodule size is large.

The proposed system was compared with existing meth-
ods on lung nodule detection. The parameters of the com-
parison are Sensitivity, False Positives (FPs), and Nodule
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Figure 6: Number of nodules detected.

Size. Table 1 shows the comparison of the proposed method.
Making an exact comparison is difficult as some researchers
did not use standard dataset for evaluation of their method
or they used different evaluation parameters. However, men-
tioned parameters together provide a reliable comparison for
the proposed method.

Asmanifested fromTable 1, the proposedmethod reflects
better sensitivity than thementioned contemporarymethods.
Some researchers did not report nodule size. We evaluated
nodules of all sizes 3–30mm. Dehmeshki et al. [13] showed
84% sensitivity with the fully automated system and 100%
sensitivity withmanual intervention.We achieved 92% sensi-
tivity with complete automation. Sensitivity of Dehmeshki et
al. [13] with manual intervention is better. However, manual
intervention has its own problems and difficulties which may
set aside higher sensitivity benefit. Moreover, Dehmeshki et
al. [13] did not mention nodule size and number of false
positives. Both these parameters influence the sensitivity.

We explored the nodule size and sensitivity calculus.
Nodule detection is a function of variable threshold levels,
shape index threshold, and nodule size criterion. Shape index
threshold was found empirically. Reason for the better results
of the proposed method as compared to the contemporary
research works (as shown in Table 1) is better detection of low
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intensity nodules andnodules attachedwith other pulmonary
structures.

4. Conclusion

Accurate lung nodule detection is vital for the diagnosis of
lung cancer. We proposed a novel automated lung nodule
detection system. Comprehensive testing revealed that the
proposed threshold based method provides encouraging
results in detecting pulmonary nodules on lung CT slice
images. Shape index threshold has proved good for false
positive reduction. It helped remove most of the tissues
such as apical scarring, blood vessels components, and some
objects which resulted from partial volume effect. In the
future, we would characterize the nodules and measure the
volume of the malignant nodules.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

References

[1] I. Sluimer, A. Schilham, M. Prokop, and B. Van Ginneken, “Com-
puter analysis of computed tomography scans of the lung: a
survey,” IEEE Transactions on Medical Imaging, vol. 25, no. 4,
pp. 385–405, 2006.

[2] D. F. Yankelevitz, A. P. Reeves, W. J. Kostis, B. Zhao, and C. I.
Henschke, “Small pulmonary nodules: volumetrically deter-
mined growth rates based onCT evaluation,”Radiology, vol. 217,
no. 1, pp. 251–256, 2000.

[3] J. P. Ko, H. Rusinek, E. L. Jacobs et al., “Small pulmonary
nodules: volume measurement at chest CT—phantom study,”
Radiology, vol. 228, no. 3, pp. 864–870, 2003.

[4] C. C. Jaffe, “Measures of response: RECIST, WHO, and new
alternatives,” Journal of Clinical Oncology, vol. 24, no. 20, pp.
3245–3251, 2006.

[5] M. A. Gavrielides, L. M. Kinnard, K. J. Myers, and N. Petrick,
“Noncalcified lung nodules: volumetric assessment with tho-
racic CT,” Radiology, vol. 251, no. 1, pp. 26–37, 2009.

[6] Y. Lee, T. Hara, H. Fujita, S. Itoh, and T. Ishigaki, “Automated
detection of pulmonary nodules in helical CT images based on
an improved template-matching technique,” IEEE Transactions
on Medical Imaging, vol. 20, no. 7, pp. 595–604, 2001.

[7] M. S. Brown, M. F. McNitt-Gray, J. G. Goldin, R. D. Suh, J.
W. Sayre, and D. R. Aberle, “Patient-specific models for lung
nodule detection and surveillance in CT images,” IEEE Trans-
actions on Medical Imaging, vol. 20, no. 12, pp. 1242–1250, 2001.

[8] S. G. Armato III, F. Li, M. L. Giger, H. MacMahon, S. Sone, and
K. Doi, “Lung cancer: performance of automated lung nodule
detection applied to cancersmissed in aCT screening program,”
Radiology, vol. 225, no. 3, pp. 685–692, 2002.

[9] K. Suzuki, J. Shiraishi, H. Abe, H. MacMahon, and K. Doi,
“False-positive reduction in computer-aided diagnostic scheme
for detecting nodules in chest radiographs by means of massive
training artificial neural network,” Academic Radiology, vol. 12,
no. 2, pp. 191–201, 2005.

[10] Y. Kawata, N. Niki, H. Ohmatsu et al., “Classification of pul-
monary nodules in thin-section CT images based on shape

characterization,” in Proceedings of the International Conference
on Image Processing (ICIP ’97), pp. 528–530, October 1997.

[11] B. Zhao, D. Yankelevitz, A. Reeves, and C. Henschke, “Two-
dimensional multi-criterion segmentation of pulmonary nod-
ules on helical CT images,” Medical Physics, vol. 26, no. 6, pp.
889–895, 1999.

[12] R. Wiemker and A. Zwartkruis, “Optimal thresholding for 3D
segmentation of pulmonary nodules in high resolution CT,”
International Congress Series, vol. 1230, pp. 653–658, 2001.

[13] J. Dehmeshki, H. Amin, M. Valdivieso, and X. Ye, “Segmen-
tation of pulmonary nodules in thoracic CT scans: a region
growing approach,” IEEE Transactions on Medical Imaging, vol.
27, no. 4, pp. 467–480, 2008.

[14] T. Kubota, A. K. Jerebko, M. Dewan, M. Salganicoff, and A.
Krishnan, “Segmentation of pulmonary nodules of various den-
sities with morphological approaches and convexity models,”
Medical Image Analysis, vol. 15, no. 1, pp. 133–154, 2011.

[15] Q. Wang, E. Song, R. Jin et al., “Segmentation of lung nodules
in computed tomography images using dynamic programming
and multi-direction fusion techniques,” Academic Radiology,
vol. 16, no. 6, pp. 678–688, 2009.

[16] K. Okada, D. Comaniciu, and A. Krishnan, “Robust anisotropic
Gaussian fitting for volumetric characterization of pulmonary
nodules in multislice CT,” IEEE Transactions on Medical Imag-
ing, vol. 24, no. 2, pp. 409–423, 2005.

[17] L. R. Goodman,M.Gulsun, L.Washington, P. G.Nagy, andK. L.
Piacsek, “Inherent variability of CT lung nodule measurements
in vivo using semiautomated volumetric measurements,” The
American Journal of Roentgenology, vol. 186, no. 4, pp. 989–994,
2006.

[18] J. M. Kuhnigk, V. Dicken, L. Bornemann, D. Wormanns, S.
Krass, and H.-O. Peitgen, “Fast automated segmentation and
reproducible volumetry of pulmonary metastases in ct scans
for therapy monitoring,” in Proceedings of the 7th International
Conference onMedical Image Computing andComputer-Assisted
Intervention (MICCAI ’04), pp. 933–941, September 2004.

[19] J.-M. Kuhnigk, V. Dicken, L. Bornemann et al., “Morphological
segmentation and partial volume analysis for volumetry of solid
pulmonary lesions in thoracic CT scans,” IEEE Transactions on
Medical Imaging, vol. 25, no. 4, pp. 417–434, 2006.

[20] T. W. Way, L. M. Hadjiiski, B. Sahiner et al., “Computer-aided
diagnosis of pulmonary nodules onCT scans: segmentation and
classification using 3D active contours,”Medical Physics, vol. 33,
no. 7, pp. 2323–2337, 2006.

[21] T.W.Way, H.-P. Chan,M.M. Goodsitt et al., “Effect of CT scan-
ning parameters on volumetric measurements of pulmonary
nodules by 3D active contour segmentation: a phantom study,”
Physics in Medicine and Biology, vol. 53, no. 5, pp. 1295–1312,
2008.

[22] K. Okada, D. Comaniciu, N. Dalal, and A. Krishnan, “A robust
algorithm for characterizing anisotropic local structures,” in
Proceedings of the European Conference on Computer Vision, vol.
1, pp. 549–561, 2004.

[23] K. Okada, D. Comaniciu, and A. Krishnan, “Scale selection
for anisotropic scale-space: application to volumetric tumor
characterization,” in Proceedings of the IEEE Computer Society
Conference on Computer Vision and Pattern Recognition (CVPR
’04), pp. I594–I601, July 2004.

[24] M. F.McNitt-Gray, S. G.Armato III, C. R.Meyer et al., “The lung
image database consortium (LIDC) data collection process for
nodule detection and annotation,” Academic Radiology, vol. 14,
no. 12, pp. 1464–1474, 2007.



Computational and Mathematical Methods in Medicine 7

[25] X. Ye, X. Lin, J. Dehmeshki, G. Slabaugh, and G. Beddoe,
“Shape-based computer-aided detection of lung nodules in tho-
racic CT images,” IEEE Transactions on Biomedical Engineering,
vol. 56, no. 7, pp. 1810–1820, 2009.

[26] T. Messay, R. C. Hardie, and S. K. Rogers, “A new computation-
ally efficient CAD system for pulmonary nodule detection in
CT imagery,”Medical Image Analysis, vol. 14, no. 3, pp. 390–406,
2010.

[27] M. Tan, R. Deklerck, B. Jansen, M. Bister, and J. Cornelis, “A
novel computer-aided lung nodule detection system for CT
images,”Medical Physics, vol. 38, no. 10, pp. 5630–5645, 2011.

[28] D. Cascio, R. Magro, F. Fauci, M. Iacomi, and G. Raso,
“Automatic detection of lung nodules in CT datasets based
on stable 3D mass-spring models,” Computers in Biology and
Medicine, vol. 42, no. 11, pp. 1098–1109, 2012.

[29] A. El-Baz, A. Elnakib, M. Abou El-Ghar, G. Gimel’Farb, R. Falk,
and A. Farag, “Automatic detection of 2D and 3D lung nodules
in chest spiral CT scans,” International Journal of Biomedical
Imaging, vol. 2013, Article ID 517632, 11 pages, 2013.

[30] S. Iqbal and A. H. Dar, “Lungs segmentation by developing
binary mask,” in Proceedings of the 6th ACM International
Conference on Frontiers of Information Technology (FIT ’09),
Abbottabad, Pakistan, December 2009.

[31] S. Iqbal and K. Iqbal, “Lungs segmentation for medical diagno-
sis,” International Journal of Advanced Research, vol. 3, no. 5, pp.
161–166, 2011.

[32] S. Manay and A. Yezzi, “Anti-geometric diffusion for adaptive
thresholding and fast segmentation,” IEEE Transactions on
Image Processing, vol. 12, no. 11, pp. 1310–1323, 2003.

[33] O. Monga and S. Benayoun, “Using partial derivatives of 3D
images to extract typical surface features,” Computer Vision and
Image Understanding, vol. 61, no. 2, pp. 171–189, 1995.


