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Abstract

Detection of a pulmonary fissure in lungs is difficult due to its anatomical changeability among humans and it is essential in the
clinical environment for accurate localizing and treating the lung abnormalities on a lobe level in human lungs. In this work, an
algorithmic approach is proposed to detect the lung oblique fissures from lung computed tomography (CT) images. In the
preprocessing module of our approach, the lung structures are enhanced using morphological operation and lung images are
de-noised using Wiener filter. In the second module, lung regions are segmented using techniques, namely, thresholding and
background subtraction. In the third module of our algorithm, initially, fissure regions are segmented using the active contour
model, then by applying the rule based approach on the fissure regions, the oblique fissures are segmented. The proposed
algorithm has been tested on 50 images collected from Lung Image Database Consortium (LIDC) and 30 images obtained from

Early Lung Cancer Action Program (ELCAP).
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Introduction

The importance of medical imaging in clinical applications is
to visualize, analyze the human anatomy and for identifying
the various diseases. CT is a powerful tool among other med-
ical imaging techniques in capturing three dimensional bio-
images [1]. CT produces voluminous of data and providing
detailed structural (anatomical) information, it is the preferred
imaging modality for assessing and localizing the lung disease
[2]. Figure 1 describes the human lungs anatomy and the lungs
have five different partitions called lobes and the boundaries
of each lobe are fissures. The left lung has two lobes namely
upper and lower lobe. The left oblique fissure separates the
upper lobe from the lower lobe. There are three lobes in right
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lung namely upper, middle and lower lobe, in which the hor-
izontal fissure divides the upper lobe from the middle lobe.
The oblique fissure from the right lung divides the middle lobe
from the lower lobe [3]. Fissures can visually appear as a sharp
edge in high- resolution CT images and as a void space in
clinical CT images where no vascular or bronchial trees cross
each other [4]. In medical applications, lobar level analysis of
the lung is appropriate for accurately locating and treating the
disease within the lobar region. As the number of CT slice per
CT scan is more than 200 slices in thin-section CT images, the
fissure detection by the medical physician is tedious and time-
consuming in the busy medical environment. Therefore, there
is the prerequisite to develop a automatic methodology for the
detection of fissure in lung images.

Literature survey

Numerous research works related to automatic or semi-
automatic segmentation of fissures have been developed.
These methods are primarily based on the concept of using
lungs anatomical and grayscale information.

Zhou et al. [5], in their method have used both the anatom-
ical information and statistical intensity distribution of lung
structures to segment airway tree, lungs, fissures and lung
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Fig. 1 Anatomy of human lungs

lobes from CT images. They have tested their method on 44
chest CT images and obtained a coincidence degree of 98%
for lobar regions and an average shortest Euclidean distance of
1.8 mm-2.8 mm for fissure segmentation.

In Wang et al. [6], they have applied initialization step to
identify the fissure key sections. In the next step, they have
applied ridge map transformation to enhance the fissure. In the
final step, they have applied the shape-based curve growing
method to segment the lung boundary called fissure, in which
the energy function is determined based on the Bayesian esti-
mation theory. They have tested their method on 10 CT im-
ages with pulmonary nodules and obtained an average dis-
tance of 1.01 mm between their automatic methods with
ground truth value.

In Wei et al. [7], in the first stage, they have applied
fissure sweeping method to identify the fissure region. In
second stage, they have used watershed transform to
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Fig. 2 Input Lung CT image
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localize the locations and curvatures of the fissures in
the fissure region. They have tested their method on six
clinical CT images of thickness range from 2.5 mm—7 mm
and achieved an accuracy of 85.5-95.0 for the oblique
fissure in the left lung, 88.2-92.3 and 100% for an
oblique fissure and horizontal fissure in the right lung
respectively.

In Wei et al. [8], initially they have the applied sweep-
ing technique to identify the fissure region. Finally, they
have used wavelet operation to detect the fissure locations
and curvatures in fissure region. They have tested their
algorithm on 9-high resolution lung CT images of thick-
ness 0.6 mm and achieved an accuracy of 76.7% for
oblique fissure in the left lung, and 94.8% for horizontal
fissure in the right lung.

In Pu et al. [9], they have used the shape property of
the pulmonary fissure and it involves four steps, namely,
lung region detection, binarization, initial fissure identifi-
cation and fissure extension. They have evaluated their
method on ten chest CT images with 0.625 mm thickness
and obtained a root mean square (RMS) of 1.48 +0.92 to
2.04 +3.88.

In Ukil et al. [10], they have applied watershed transform
followed by the graph search method to detect the complete
fissure and have applied the fast marching method to identify
the incomplete fissure. They have evaluated their method on
29 chest CT images and obtained a RMS error of less than
2.7 mm for all images.

In Wei et al. [11], have applied the Wiener filter to de-
noise the lung CT image. Then they have used the
thresholding to detect the lung region. In the next step,
they have applied texture analysis and feed forward
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Neural Network to identify the fissure region. Finally,
they have used the dynamic programming technique to
detect the pulmonary fissure. They have tested their meth-
od on sixteen CT images of different pathologies and have
validated their method with manual segmentation and ob-
tained a mean distance of 1.92+2.07 mm for oblique
fissure in the left lung and 2.07 +2.37 mm for the oblique
fissure in the right lung.

Gu et al. [12], in their method have applied the plane
fitting method to detect the fissure patch and have used
the clustering technique to classify the fissure into three
types, namely, oblique fissure of the left lung, oblique
fissure and horizontal fissure of the right lung. They have
tested their method on 30 CT images of normal healthy
case and different pathology cases. Compared with the
manual segmentation, their approach obtained an RMS
of 2.5+3.3, mean of 1.0+ 1.2 and the maximum distance
of 20.5 + 8.4 for the fissures namely oblique and horizon-
tal fissures in the left and right lung.

Lassen et al. [13], in their work have the applied the
thresholding method followed by morphological operation
to segment the lung region. They have applied
thresholding method and connected component analysis
to segment the pulmonary vessels. In the next step, their
approach has used the Hessian matrix technique to en-
hance the fissure and the fissures are detected based on
mask construction and connected component technique.
They have used the region growing method to segment
the bronchi. The segmented vessels, fissures, and bronchi
are integrated to form the cost image. Finally, they have
used watershed transform on the cost image to segment
the lung lobes. They have evaluated their algorithm on
two datasets consisting of images of both normal and with
pathological cases. For dataset 1 consisting of 20 CT
scans, the algorithm obtained an average distance of
0.69 for the major fissure of the left lung, 0.67 for major
fissure of the right lung and 1.21 for the minor fissure of
the right lung. For dataset 2 consisting of 55 CT scans, the
algorithm obtained an average distance of 0.98 for the
major fissure in the left lung, 3.97 for the major fissure
in the right lung, 3.09 for minor fissure in the right lung.

In Qi et al. [14], Initially, they have the applied fissure
scanning technique to identify the fissure regions. They
have used Hessian concept to enhance the fissure lines.
Then they have used the cost search method to detect the
fissure surfaces. They have applied three implicit fitting
functions to segment the lung lobes. They have evaluated
the method on a dataset consisting of fourteen images
with mild emphysema and obtained a mean + Standard
Deviation of 2.05+1.80 for the oblique fissure, 2.77 +
2.12 for the horizontal fissure in the right lung, and
2.31+1.76 for the oblique fissure in the left lung. The
RMS values were 2.46 for the oblique fissure, 3.13 for

the horizontal fissure in the right lung and 3.25 for the
oblique fissure in the left lung.

Yu et al. [15], in their approach initially applied the
thresholding method followed by the morphological
rolling ball operation for segmenting the lung. Then they
have used Hessian matrix concept to increase the intensity
of the plane-like structures in the lung. Then they have
used the local bending degree to detect the fissure sur-
faces. Then they have applied the maximum bending
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Fig. 4 Experimental results of
preprocessing phase of proposed
algorithm on a sample CT image
from LIDC dataset. a. Lung
structures enhanced Image b.
Noise filtered image

degree to identify the fissure. Finally, they have applied
the plane fitting method to fill the gaps present in identi-
fied fissure. They have evaluated their method on 15 chest
CT images. Compared with the manual method, their ap-
proach obtained a mean value of the positive predictive
value of 91%, sensitivity of 88%, the RMS distance of
1.01 £0.99, and the maximal RMS of 11.56 mm for fis-
sure segmentation.

In Wei et al. [16], initially, they have applied the
Wiener filter to de-noise the input image. To segment
the oblique fissure, their method has applied the texture
analysis using a neural network. Their method utilized the
stack rotation followed by dynamic programming to seg-
ment the horizontal fissure. Finally, their algorithm ap-
plied the surface modeling technique to obtain a 3D view
of lobes. They have tested the method on 24 lung images
and obtained the RMS errors of 2.21 +£1.21 for oblique
fissure in the left lung, 2.51+1.36 for oblique fissure in
the right lung, and 2.38 + 1.27 for the horizontal fissure in
the right lung.

Xiao et al. [17] have proposed an approach for fis-
sure segmentation. They have designed the derivative of
stick filter based on the rotating kernel transformation to
enhance the fissure. In the next stage, their method has
utilized the multi-thresholding technique followed by
steps, namely, branch point removal, and connected

Fig. 5 Experimental results of
preprocessing phase of proposed
algorithm on a sample CT image
from ELCAP dataset. a. Lung
structures enhanced Image b.
Noise filtered image
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component analysis to segment the pulmonary inter-
lobar fissure. They have evaluated their method on
two datasets, namely, Lung and Lobe Analysis
(LOLA11), which contains 55 CT images and
Groningen and Leiden Universities, study of
Corticosteroids in Obstructive Lung Disease
(GLUCOLD) dataset which contains 23 CT images.
Compared with the manual method, their algorithm have
obtained a median-score of 0.833, 0.885 and 0.856 for
left and right lungs separately from GLUCOLD dataset,
and the combined left and right lungs from the LOLAT11
dataset, respectively.

In Bragman et al. [18], initially, lungs, vessels and air-
ways trees are segmented. Using auxiliary tree structures
as anatomical information, the fissures were segmented.
The segmented fissures were combined to construct the
fissure model. The segmented fissures, anatomical infor-
mation, and fissure model are then combined to obtain a
cost image. Finally, lung lobes were segmented using the
watershed segmentation method. They have evaluated
their method on two datasets, namely, LOLA11 that con-
tains 55 CT scans and Chronic Obstructive Pulmonary
Disease (COPD) Gene study consisting of 30 CT scans.
This method has obtained a Fl-score of 0.90 for fissure
segmentation in COPD dataset and the highest score of
0.884 for lobe segmentation in the LOLA1 dataset.
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Fig. 6 Experimental results
obtained from lung region
extraction phase of proposed
algorithm on a sample CT image
of LIDC dataset. a. Thresholded
image b. Lung region image c.
Right lung image d. Left lung
image

In George et al. [19], the algorithm have applied pro-
gressive holistically-nested network model to identify the
lung fissures and used the random walker method to seg-
ment the lung lobes. They have tested their method on the
Lung Tissue Research Consortium (LTRC) dataset
consisting of 154 CT scans and obtained Jaccard score
of 0.888 £0.164 to segment the lung lobes.

In Giuliani et al. [20], they have used both anatomical
and prior shape knowledge to segment the lung lobes.
They have evaluated their method on two datasets namely,
the in-house dataset that contains 25 CT scans and
LOLAI11 dataset consisting of 55 CT scans. For the in-
house dataset, the algorithm has obtained a median abso-
lute distance of 1.04 mm and for the LOLA11 dataset the
algorithm obtained a score of 0.866.

Devaki and Bhaskaran [21] have proposed an approach
to segment the fissure from lung CT images. In their
work, they have applied a watershed method to detect
the region consisting of the fissure and non-fissure re-
gions. Finally they have applied removal method to re-
move the accessory fissure and non-fissure region. They
have evaluated their method on six CT scans of normal
and pathology and obtained an RMS of 0.877+0.224 for
the oblique fissure in the left lung and 0.803 +£0.262 for
the oblique fissure in the right lung.

In the proposed approach, a segmentation approach is
employed to detect the oblique fissure from left and right lung.
The approach has used both the anatomical and grayscale
information of the lung for efficient detection of the pulmo-
nary fissure from lung CT images.

Fig. 7 Experimental results
obtained from lung region
extraction phase of proposed
algorithm on a sample CT image
of ELCAP dataset. a. Thresholded
image b. Lung region image c.
Right lung image d. Left lung
image

Contribution of the proposed algorithm

The proposed segmentation approach is different from other
work in the following aspect

* The morphological algorithm applied in preprocessing
module enhances the structures of the lung, namely, fis-
sures, bronchial and vascular trees and thereby the algo-
rithm accurately localizes the fissure region.

* Rule-based approach in the oblique fissure detection
phase efficiently detects the oblique fissure.

The rest of the paper is organized as follows: In section
“Materials and methods”, the materials and methods for
the proposed segmentation algorithm is given in detail.
Results and discussion about the proposed algorithm are
given in section “4 and 5” and in the last section, conclu-
sion are made.

Materials and methods

The proposed work aims at developing an efficient model
to detect the lung fissure from lung computed tomography
(CT) images. The input CT lung image is presented in
fig. 2 where the fissures, vessels, lobes are marked by
blue arrows. The detailed workflow is shown in fig. 3.
The work involves three modules. The modules are pre-
processing, lung region extraction and oblique fissure de-
tection. In the pre-processing module, the lung structures
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(fissures, vascular and bronchial trees) are enhanced and
the lung image is filtered. In lung region extraction mod-
ule, preprocessed lung image is binarized, non-lung parts
are removed and finally the left lung separated from the
right lung. In the oblique fissure detection process, the
structures of the lung are enhanced and segmented, the
fissure regions are segmented using the contour model,
the fissure region are enhanced, finally, the left and right
oblique fissures are segmented from the fissure region.

Pre-processing

This stage consists of two sub-processes performed on
the CT image, which include lung structures enhance-
ment and noise removal. In lung enhancement, the lung
structures, namely, the fissures, vascular and bronchial
trees are enhanced using morphological transformation
technique. In the noise-removal process, the noise in
the CT lung image is filtered using the Weiner filter.

Lung inner structures enhancement

As the fissures appear as straight line which originate
from outside boundary to inside boundary of the lungs

and it appear only in the region absence of bronchial
and vascular trees. The proposed algorithm uses this
anatomical information to accurately locates fissure re-
gions more efficiently. Therefore it is necessary to en-
hance the bronchial and vascular tress. The fissures,
bronchial and vascular trees in the lung CT image are
enhanced using the morphological algorithm [22, 23].
This algorithm uses top-hat operation and bottom-hat
operation. In top-hat operation, the morphological open-
ing of the input image with the structural element is
subtracted from the input image and is mathematically
represented in Eq. 1. In bottom- hat operation, the mor-
phological closing of the input image with the structural
element is subtracted from the input image and is math-
ematically represented in Eq. 2.

Top—HatTransFormedlmage(T)) = I;—(I;-Sk) (1)

Bottom—HatTransFormedlmage(B),) = I;—(1;*Sk) (2)

Where I; represents the input image, Sz represents the struc-
turing element, - represents the opening operation, and * rep-
resents the closing operation.

Algorithm 1 Lung inner Structures Enhancement

Input: CT lung image

Output: Lung structures enhanced image

Steps:

1. Perform top-hat and bottom-hat operation on input CT lung

image

2. Add the original input with the top-hat image and the resultant

output ( T) is represented in Equation 3.

Cr=Ty*1, 3)

3. Subtract the bottom-hat transformed image from the image

(CT) and the resultant image (R,) is given in Equation 4.

Rr=Cr— By (4)

@ Springer
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Noise removal

The random noise in CT scanners limits the radiologist’s capability
in discriminating two regions of different density in CT images
[24]. This type of noise can be modeled as Gaussian distribution.
Wiener filter is more appropriate to de-noise the Gaussian noise in
lung image [25]. Wiener filter finds that the estimate of the input
image such that the mean square error is minimized [26].

Lung region extraction

The other parts such as fat and muscles outside the lung are
removed in order to limit the search to lung structures inside

the lung. This phase consists of following sub-processes,
namely, binarization, and elimination of non-lung parts and
separation of left and right lung.

Binarization

The global thresholding technique [27] is used to trans-
form the preprocessed grayscale lung image into a bi-
nary output. The histogram is computed for the
preprocessed image and valley point from the histogram
is used as the threshold value [28].

Algorithm 2 Binarization

Input: Preprocessed lung image
Output: Thresholded image
Steps:

1. Select the threshold value from the image histogram.
2. The pixels value greater than or equal to the threshold are replaced by

one and the pixels value less than the threshold are replaced by zero.

Non-lung parts removal

Morphological flood-filling operation followed by back-
ground subtraction is used to remove the regions outside the

region of interest (lung region). In the flood-filling operation,
the holes in the input image are filled till it reaches the object
boundary to make the background pixel values equal to the
foreground pixel values.

Algorithm 3 Non-lung parts removal

Input: Thresholded binary image
Output: Region of interest image
Steps:

1. Apply morphological flood-filling operation on the input image.
2. Perform background subtraction of the binary image from the filled image to

get the region of interest.

@ Springer
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Left lung and right lung separation

Performing connected component analysis followed by fea-
ture analysis on the lung image, the left and right lungs are
separated from each other.

Algorithm 4 Separation of Left and Right Lung

Input: Region of interest (Lung image)

Output: Left lung image and right lung image

Steps:

1. Perform connected component analysis based on four neighbour connectivity on

the input image to label the connected components in the image.
2. Extract the features on the labeled image, namely, area, bounding box.

W

Bounding box is created for the region only if the region area greater than 5500.

4. Crop the lung image into left and right lung separately.

Oblique fissure detection

In this phase, initially the lung structures are enhanced and
segmented, the fissure regions are segmented and finally, the
oblique fissures are detected on the fissure region image.

Lung inner structure extraction

Lung structures are enhanced using morphological algorithm
as discussed in preprocessing of the proposed work. The lung
structures are extracted using background subtraction.

Fissure region segmentation

In this phase, region of interest (vessels and fissure) are seg-
mented. Since fissure region contains vessels and fissures, in
which both fissure and vessels appear as continuous or dis-
continuous bright line in CT image, the Chan-Vese active
contour model is more suitable for segmenting the region of
interest. This model depends on global properties of the image
namely gray level intensities, contour length, region areas in-
stead of gradient of the image and detects the complex objects
namely holes, contour and disconnected regions. This method
relies on the concept of computation of minimal energy path is
mathematically represented in Eq. 5 [29, 30]. The starting
position of the contour and maximum iteration is specified
to start the curve to grow in the fissure regions.

@ Springer

G(b1,b2,b) = A.length(x) + S.Area(x)

2
+ A / |,u0<x,y)b, + X / |t (x,y)ba (%)

inside(b) outside(b)

Where p10(x, y) represents the input image, b represents the
growing curve A\, and ), are positive constant parameters and
value equal to one, b; and ), are intensity level inside and
outside the contour b, A represents the parameter controls the
length of the contour and S represents the parameter controls
the area inside the contour.

The minimization problem is represented as,

bll.rblg,b G(b1,b2,b) (6)

Fissure segmentation

In this phase within the segmented fissure region, the oblique
fissures are segmented in the lung image. Initially
Morphological dilation operation as discussed in preprocessing
of the proposed algorithm is applied to enhance the fissure
region. As the fissure visually appears as a sharp line in lung
CT images, line-type structuring element length one and degree
zero is chosen based on the experimental analysis. Then
Connected component technique of four neighbour connectiv-
ity is applied to identify the connected components of the fis-
sure region. In rule based approach, major axis length is mea-
sured for all the labeled connected components in the fissure



J Med Syst (2019) 43: 252

Page 9 of 13 252

Fig. 8 Experimental results of
right lung fissure detection phase
of proposed algorithm on a
sample CT image from LIDC
dataset a. Lung structures
enhanced image b. Fissure region
segmented image c. Oblique
fissure segmented image d.
Oblique fissure detected image

region, then the fissure is detected based on maximum major
axis length of the connected component in the fissure region.

Evaluation metrics for fissure validation

Compared with the manual method, the accuracy of the pro-
posed approach is calculated using the parameters [10, 14]
namely, Euclidean distance (ed), mean of the euclidean dis-
tance (Mean), standard deviation of the euclidean distance
(SD), root mean square error (RMSE) and maximum of the
euclidean distance (Max) is represented mathematically in
Egs. 7, 8,9, 10 and 11.

Fig.9 Experimental results of left
lung fissure detection phase of
proposed algorithm on a sample
CT image from LIDC dataset. a.
Lung structures enhanced image
b. Fissure region segmented
image c. Oblique fissure
segmented image d. Oblique
fissure detected image

ed,‘ = 1'njin \/(Xaj_Xmi)2 + (Yaj_ymi)z

Mean = M (8)
n
A/ ’.lled?
RMSE = % )
SD = \/T(i (edi_Edmemz)z) (10)
n\;=1
Max = max (ed;) (11)
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Fig. 10 Experimental results
obtained from right lung fissure
detection phase of proposed
algorithm on a sample CT image
of ELCAP dataset. a. Lung
structures enhanced image b.
Fissure region segmented image
c. Oblique fissure segmented
image d. Oblique fissure detected
image

Where (X, ¥,) and (X,,, Y¥,,) are the corresponding pixel
coordinates of the automatic and manual segmented result.

Results

The proposed algorithm are implemented using Mat Lab 2014
and tested on 30 low-dose lung CT scans of 1.5 mm thickness
taken from ELCAP database and 50 lung CT scans of 1.5 mm
thickness and 2.5 mm from LIDC database.

In preprocessing module, initially lung inner structures are
enhanced using morphological algorithm, in which the disk
type structuring element of size 6*6 is chosen based on repeated
experimental analysis to yield accurate results. The resultant
lung inner structures enhanced image for a sample CT image

Fig. 11 Experimental results
obtained from left lung fissure
detection phase of proposed
algorithm of ELCAP dataset. a.
Lung structures enhanced image
b. Oblique fissure region
segmented image c. Oblique
fissure segmented image d.
Oblique fissure detected image

@ Springer

from LIDC dataset is given in Fig. 4a and for a sample CT
image from ELCAP dataset is given in fig. 5a. The noise in
LIDC dataset is less compared to ELCAP dataset and based on
repeated experimental analysis, the filter of size 2*2 is chosen
as optimum in case of LIDC dataset and 3*3 is chosen for
ELCAP dataset and the resultant de-noised image for a sample
CT image from LIDC dataset is shown in fig. 4b and for a
sample CT image from ELCAP dataset is given in fig. 5b.

In lung region extraction module, initially thresholding is
applied to transform gray scale image to binary image. The
threshold value from the histogram is chosen based on repeat-
ed experimental analysis and the values are 55 for CT images
of 1.5 mm thickness, 90 for CT images of 2.5 mm thickness.
The resultant binary image for a sample CT lung image from
LIDC dataset is shown in fig. 6a, and for sample CT lung




J Med Syst (2019) 43: 252

Page 11 of 13 252

Table 1  Initial contour location and iteration values

Database Iteration Seed point for left lung Seed point for right lung

LIDC 500
ELCAP 500

(50:18,44:32)
(116:194,50:164)

(83:177,7:140)
(97:187,13:132)

image from ELCAP dataset is shown in fig. 7a.
Morphological flood filling operation followed by back-
ground subtraction on the binary image, the non- lung parts
are removed and the resultant lung region image for a sample
CT lung image from LIDC dataset is shown in fig. 6b,and for
a sample CT lung image from ELCAP dataset is shown in fig.
7b. After applying connected component analysis and feature
analysis, the left and right lung are separated and the resultant
right and left lung image from LIDC dataset is shown in fig. 6¢
and d. The resultant right and left lung image from ELCAP
dataset is shown in fig. 7c and d.

In oblique fissure detection module, lung inner structures
are extracted using morphological algorithm followed by
background subtraction and the resultant lung inner structures
extracted image for a sample CT right lung image from LIDC
dataset is shown in fig. 8a. Figure 9a shows the resultant lung
inner structures extracted image for a sample CT left lung
image from LIDC dataset.

The resultant lung inner structures extracted image for a
sample CT right lung image from ELCAP dataset is shown
in fig. 10a. Figure 11a shows the resultant lung inner struc-
tures extracted image for a sample CT left lung image from
ELCAP dataset. Chan-Vese active contour is applied to seg-
ment the fissure region and the contour position and iteration
parameters are chosen based on repeated experimental analy-
sis to accurately segment the fissure region and the values are
given in Table 1.

The resultant fissure region segmented image sample
CT right lung image from LIDC dataset is shown in fig.

8b. Figure 9b shows the resultant fissure region seg-
mented image for a sample CT left lung image from
LIDC dataset. The resultant fissure region segmented
image for a sample CT right lung image from ELCAP
dataset is shown in fig. 10b. Figure 11b shows the
resultant fissure region segmented image for a sample
CT left lung image from ELCAP dataset. By applying
feature extraction and rule based technique on the fis-
sure region, the oblique fissure is detected and the re-
sultant right oblique fissure segmented image from
LIDC dataset is shown in fig. 8c. Figure 9c shows the
resultant left oblique fissure segmented image from
LIDC dataset. The resultant right oblique fissure seg-
mented image from ELCAP dataset is shown in
fig. 10c. Figure 1lc shows the resultant left oblique
fissure segmented image from ELCAP dataset. The fis-
sure segmented image is superimposed with original
right lung image and the resultant right oblique fissure
detected image from LIDC dataset is shown in 8d.
Figure 9d shows the detected oblique fissure in the left
lung image from LIDC dataset. The resultant oblique
fissure detected in the right lung image from ELCAP
dataset is shown in 10d. Figure 11d shows the detected
oblique fissure in the left lung image from ELCAP
dataset.

Discussion

In-order to validate our algorithm, automated fissure is
statistically compared with manual segmented fissure.
Table 2 represents the evaluating results of proposed
algorithm for segmenting the left oblique and right
oblique fissure in LIDC dataset. Table 3 represents the
evaluating results of proposed algorithm for segmenting

Table 2 Fissure validation results

for LIDC dataset Patient No. Left oblique fissure Right oblique fissure
SD Mean RMSE Max SD Mean RMSE Max
1 0.045 0.005 0.045 0.529 0.097 0.039 0.096 0.591
2 0.084 0.014 0.085 0.748 0.158 0.070 0.152 1.122
3 0.045 0.007 0.039 0.264 0.150 0.056 0.151 1.090
4 0.200 0.055 0.207 1.182 0.215 0.067 0.206 1.348
5 0.180 0.033 0.183 1.424 4.182 3.309 4.497 11.881
6 0.444 0.136 0.457 2.181 2.396 1.944 2.173 7.353
7 0.158 0.045 0.164 0.953 0.289 0.114 0.280 1.851
8 0.419 0.113 0.402 2438 0.097 0.041 0.100 0.374
9 0.161 0.042 0.166 0.953 1.211 0.657 1.123 4.305
10 0.046 0.005 0.0466 0.529 0.100 0.044 0.104 0.374
Ave.(50 cases) 0.706 0.513 0.785 2.758 0.765 0.610 0.852 2.865
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Table 3 Fissure validation results

for ELCAP dataset Patient No. Left oblique fissure Right oblique fissure
SD Mean RMSE Max SD Mean RMSE Max

1 0.453 0.169 0.483 1.925 0.143 0.027 0.146 1.090
2 0.190 0.046 0.196 1.322 0.216 0.060 0.220 1.322
3 0.097 0.015 0.098 0.836 0.019 0.001 0.019 0.2645
4 0.432 0.139 0.453 2275 0.099 0.012 0.100 0.836
5 0.038 0.005 0.038 0.264 0.068 0.010 0.068 0.529
6 0.247 0.086 0.261 1.182 0.079 0.009 0.079 0.836
7 0.270 0.050 0.274 2.065 0.800 0.267 0.761 5.088
8 0.132 0.039 0.138 0.954 2.105 1.670 2.107 6.106
9 0.086 0.032 0.092 0.264 0.414 0.122 0.4327 2.658
10 0.329 0.114 0.347 1.870 0.751 0.237 0.786 3.712
Ave.(30 cases) 0.333 0.127 0.359 1.825 0.747 0.394 0.805 3.334
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