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ABSTRACT

Lung cancer is characterized by uncontrolled cell growth in
tissues of the lung. Recently, image processing techniques are
widely used in several medical areas for image improvement
in earlier detection and treatment stages, where the time factor
is very important to discover the abnormality issues in target
images, especially in various cancer tumors such as lung
cancer, breast cancer, etc. This paper aims to develop an
efficient lung nodule detection system by performing nodule
segmentation through thresholding and morphological
operations. Thresholding is one of the most powerful tools for
image segmentation. The segmented image obtained from
thresholding has the advantages of smaller storage space, fast
processing speed and ease in manipulation, compared with the
gray level image which usually contains 256 levels. Image
Segmentation using the watershed transforms works well if
we can identify or “mark” foreground objects and background
locations, to find “catchment basins” and “watershed ridge
lines” in an image by treating it as a surface where light pixels
are high and dark pixels are low. Morphological operations
apply a structuring element to an input image, creating an
output image of the same size. By choosing the size and shape
of the neighborhood, it can possible to construct a
morphological operation that is sensitive to specific shapes in
the input image. Morphological operation has been widely
used to produce binary and grayscale images, with
morphological techniques being applied to noise reduction,
image enhancement, and feature detection. The proposed
method has two stages: lung region segmentation through
thresholding and then segmenting the lung nodules through
thresholding and morphological operations.
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1. INTRODUCTION

Lung cancer is a leading one among the five main types of
cancer to overall cancer mortality contributing about 1.3
million deaths per year globally. A lung nodule is an
abnormality that leads to lung cancer, characterized by a small
round or oval-shaped growth in the lung which appears as a
white shadow in the CT scan. In this matter, the time factor is
very important to discover the abnormality issues in target
images, especially in various cancer tumors such as lung
cancer, breast cancer, etc. There are several different types of
lung cancer, and these are divided into two main groups:
Small cell lung cancer and non-small cell lung cancer which
has three subtypes: Carcinoma, Adenocarcinoma and
Squamous cell carcinomas. The rank order of cancers for both
males and females among Jordanians in 2008 indicated that
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there were 356 cases of lung cancer accounting for (7.7 %) of
all newly diagnosed cancer cases in 2008.

Lung cancer affected 297 (13.1 %) males and 59 (2.5%)
females with a male to female ratio of 5:1 which Lung cancer
ranked second among males and 10th among females. In lung
cancer research, one of the most sensitive methods for
detecting pulmonary nodules is Computed Tomography (CT),
in which a nodule is defined as a rounded and irregular
opaque figure on a CT scan, with a diameter up to 30mm.
Each scan contains hundreds of images that must be evaluated
by a radiologist, which is a difficult process. The difficulties
of detecting lung nodules in radiographs are below:

[ Nodule sizes will vary widely: Commonly a nodule
diameter can take any value between a few
millimeters up to several centimeters.

[1 Nodules exhibit a large variation in density — and
Hence visibility on a radiograph— some nodules are
only slightly denser than the surrounding lung
tissue, while the densest ones are calcified.

7 Nodules can appear anywhere in the lung field

So for this reason, the use of a system that can provide an
effective solution by assisting radiologists in increasing the
scanning efficiency and potentially improving cancer
detection. An effective computer-aided lung nodule detection
system can assist radiologists in detecting lung abnormalities
at an early stage. If defective nodules are detected at an early
stage, the survival rate can be increased by up to 50%.

2. PROPOSED METHOD

In general, a nodule detection system consists of two steps:
lung segmentation and nodule candidate detection. Figure 1
shows a general description of the lung nodule detection
system. The first stage starts with taking a collection of CT
images (normal and abnormal). In this paper, there are
different image processing techniques such as Thresholding,
filtering, Erosion, morphological operations, and Opening are
applied for extraction of lung region. After that, we segment
the lung nodules from the segmented lung region. The
segmented nodules are used for feature extraction.

The proposed method is generally considered advantageous to
detect lung abnormalities at an early stage. Initially, the lung
CT image is preprocessed using the Weiner filter and the lung
region is extracted from the CT image by performing
thresholding and morphological reconstruction. Then from the
extracted lung region, the nodules are segmented by using
global thresholding and morphological operation.
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The segmented nodules are used for feature extraction. The
detected nodules are passed to the proposed system and some
features are extracted. The diagnosis rules are then generated
from those images and these rules are passed to the classifier
for the learning process.

3. REVIEW OF RELATED WORK

In computer literature, the use of optimal thresholding is a
common method for segmenting a lung volume.

For example, Xujiong Ye et al. used a 3D-adaptive fuzzy
thresholding method to segment the lung region, since a fixed
threshold value has also been used. After thresholding, the
lung volume was then extracted from the segmented images
using 3D approaches. A 3D connectivity with a seed point in
the initial lung region, and 3D-connected component labeling
techniques have also been used to segment the lung volume
without artifacts. In these cases, the extracted lung volume
needs to be refined to include juxta-pleural nodules.
Subsequently, due to the complexity of these approaches,
several methods have been presented for refining a lung mask.
Notably, a rolling ball algorithm has been used for effective
lung mask correction, in which the rolling ball algorithm is
equivalent to the combination of two fundamental
morphological operations: erosion and dilation. More
recently, the application of a chain code representation over a
lung mask was also proposed an attempt to correct the
contours. From the segmented Ilung volume, nodule
candidates have been detected using a number of methods. As
examples, Armato et al. and Messay et al. applied multiple
gray-level thresholds to the volumetric lung regions to
identify nodule candidates. In addition, a number of template-
matching based methods have been studied. Brown et al.
developed a patient-specific model that could be used in
combination with image primitive-matching to find nodules.
And Ye et al. proposed a novel template-matching technique
based on a genetic algorithm template-matching (GATM)
technique

to detect nodules within the lung area; the GA was used to
determine the required target position in the observed image.
Based on further research, Dehmeshki et al. then improved
upon this method by adding a shape-based approach to detect
nodules having spherical elements.

Shape-based methods have also been popular in nodule
detection. And Ye et al. proposed a shape-based detection
method by combining the shape index (local shape
information) and dot‘‘ features (local intensity dispersion
information); this detection method has provided a good
structural descriptor for nodule detection, and other filtering-
based methods have been used to detect spherical objects as
nodule candidates. Retico et al. subsequently reported an
automated procedure for selecting the nodule candidates,
based on a filter that enhances the shape of spherical objects.

4. EXPERIMENTAL DETAILS

A. Preprocessing
Preprocessing is the initial step for detecting lung cancer. The
preprocessing step is done in two steps. They are:

1. Denoising
2. Wiener Filter

Image Denoising algorithms may be the most used in image
processing. Many methods, regardless of implementation,
share the same basic idea noise reduction through image
blurring. Blurring can be done locally, as in the Gaussian
smoothing model or in anisotropic filtering by calculating the
variations of an image. White noise is one of the most
common problems in image processing. Even a high-
resolution Photo is bound to have some noise in it.

Two such methods are the K Nearest Neighbors and Weiner
filters. The RGB image is converted into a grey scale image
because the RGB format is not supported in Matlab. Then the
greyscale image contains noises such as white noise, salt and
pepper noise, etc. This can be removed by using the wiener
filter from the extracted lung image.

The goal of the Wiener filter is to filter out noise that has
corrupted a signal. It is based on a statistical approach.
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Typical filters are designed for a desired frequency response.
However, the design of the Wiener filter takes a different
approach. One is assumed to have knowledge of the spectral
properties of the original signal and the noise, and one seeks
the linear time-invariant filter whose output would come as
close to the original signal as possible. Wiener filters are
characterized by the following:

1 Assumption: signal and (additive) noise are
stationary linear stochastic processes with known
spectral characteristics or known autocorrelation
and cross-correlation

2 Requirement: the filter must be physically
realizable/causal (this requirement can be dropped,
resulting in a non-causal solution)

3 Performance criterion: minimum mean-square error
(MMSE)

The orthogonality principle implies that the Wiener filter in
the Fourier domain can be expressed as follows:

H*(f1,f2)Sxx(f1,f2)

WLSD = mmrsetirossmairD

Where Sxx(f1, f2) and Snm(f1, f2) are respectively power
spectra of the original image and the additive noise, and
H(f1, £2) is the blurring filter.

It is easy to see that the Wiener filter has two separate parts,
an inverse filtering part and a noise smoothing part. It not only
performs the de-convolution by inverse filtering (high pass
filtering) but also removes the noise with a compression
operation (low pass filtering).

To implement the Wiener filter in practice we have to
estimate the power spectra of the original image and the
additive noise. For white additive noise, the power spectrum
is equal to the variance of the noise. To estimate the power
spectrum of the original image many methods can be used.

A direct estimate is the period gram estimate of the power
spectrum computed from the observation:

Sy’ = a7 [Y(k,D, Y (k, D]

Where, Y (K, 1) is the DFT of the observation.

The advantage of the estimate is that it can be implemented
very easily without worrying about the singularity of the
inverse filtering. Another estimate which leads to a cascade
implementation of the inverse filtering and the noise
smoothing is:

Sy = S¥Y ST
HZ
Which is a straightforward result of the fact: Syy =S
+Sxx|H|?. The power spectrum Sgy can be estimated
directly from the observation using the period gram estimate.
This estimate results in a cascade implementation of inverse
filtering and noise smoothing:

W= 1 S;;T—Snn
== X
H Syy
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B. Lung Region Extraction

It is often important to separate regions or objects of interest
from other parts of the image. Methods for performing
segmentations vary widely depending on the specific
application, Imaging modality, and other factors. For
example, In some applications, it may be useful to classify
image pixels into anatomical regions, such as bones, muscles,
and blood vessels, while in others into pathological regions,
such as cancer, tissue deformities, and multiple sclerosis
lesions.

The purpose of the segmentation of the lung region in the CT
image is to achieve a better orientation in the image. The
resulting binary images are then analyzed to choose among
them the best image that may help in extracting the lung
regions from the raw CT-image data with a certain degree of
accuracy and sharpness. To refine the chosen image, other
techniques were used for different purposes in a sequence of
steps. Erosion, median filter, and dilation steps aim to
eliminate irrelevant details that may add extra difficulties to
the lung border extraction process. The outlining step aims to
extract the structure’s borders. The lung border extraction step
aims at separating lung structure from all other uninteresting
structures.

C. Segmenting Extracted Lung Region

The main purpose of lung segmentation is to separate the
voxels corresponding to the lung cavity in axial CT scan slices
from the surrounding lung anatomy.

The proposed system includes a method for segmenting lung
regions in CT scans: global thresholding is used to obtain the
lung region and the thin structures attached to the lung region
are cleared using morphological reconstruction.

The CT scan can be separated into two types of voxels,
characterized by the density differences between the two
anatomical structures. The high-density regions primarily
consist of the body surrounding the lung cavity, whereas the
low-density regions contain the lung cavity, the air
surrounding the body, and other low-intensity regions. To
extract the lung volume, we need to segment the low-density
regions in the initial stage. For lung image segmentation,
when using a histogram method, a fixed threshold value is
needed in order to separate the low-density lung parenchyma
from the surrounding lung anatomy, though the availability of
different scanning protocols makes the selection of an
appropriate threshold a challenging task. The appropriate
threshold is selected using a global thresholding algorithm.
Therefore, after applying a fixed threshold, the subsequent
procedure is used to refine the initial segmentation results.

A thresholded image g(X, y) is defined as:

1if fx,y) <T

9tey) = {Oiff(x,y) >T

The following iterative procedure is one such approach:
1. Select an initial estimate for T.

2. Segment the image using T. This will produce two groups
of pixels: G1 consisting of all pixels with gray level values <T
and G2 consisting of pixels with values > T.

3. Compute the average gray level values pl and p2 for the
pixels in the regions G1 and G2.

4. Compute a new threshold value: T = 1/2(pnl + p2)

33



5. Repeat steps 2 through 4 until the difference in T in
successive iterations is smaller than a predefined parameter
TO.

When there is a reason to believe that the background and
object occupy comparable areas in the image, a good initial
value for T is the average gray level of the image. When
objects are small compared to the area occupied by the
background, then one group of pixels will dominate the
histogram and the average gray level is not as good an initial
choice. A more appropriate initial value for T in cases such as
this is a value midway between the maximum and minimum
gray levels. The parameter TO is used to stop the algorithm
after changes become small in terms of this parameter. This is
used when the speed of iteration is an important issue. Based
on the threshold values the lung region is identified from the
original CT image. A morphological reconstruction operation
is applied after thresholding to extract the lung region alone.

The morphological reconstruction operation is used here to
remove the objects that are connected to the image border.
One of the useful applications of reconstruction is removing
objects that touch the border of an image. Here, the key task is
to select the appropriate marker to achieve the desired effect.

The marker image F, is defined as
F(x,y) = {1 (xé y) if (x,y) is on the border of I

Otherwise
Where | is the original image.

Then by using | as the mask image, the reconstruction
H=R, (F)

The Equation yields an image, H that contains only the
objects touching the border. The difference, 1-H, contains
only the objects from the original image that do not touch the
border.

D. Lung Nodule Segmentation

After extracting the lung region from the original image, the
lung nodules are segmented using thresholding operation. The
threshold values obtained using global thresholding algorithm
are used for lung nodule segmentation.

Mathematical morphology is a tool for extracting image
components. The operations of MM are originally defined as a
set of operations and are used to extract the edges of an
image, to filter an image and to skeletonize an image. Here we
have used this for filtering the false positives from the
detected nodules. Morphological opening removes completely
regions of an object that cannot contain the structuring
element, smooth‘s object contours, breaks thin connections
and removes thin protrusions.

The morphological opening of A by B, denoted A o B, is

defined as the erosion of A by B, followed by a dilation of the

result by B:
AoB=U{(B),I(B), A}

The Morphological opening operation is defined as an erosion
followed by dilation. This operation is useful for smoothing
object contour, breaking narrow links, and eliminates thin
protrusions. Together with closing, the opening serves in
computer vision and image processing as a basic workhorse of
morphological noise removal. Opening removes small objects
from the foreground (usually taken as the dark pixels) of an
image, placing them in the background, while closing
removes small holes in the foreground, changing small islands
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of background into the foreground. These techniques can also
be used to find specific shapes in an image.

E. Feature Extraction

The Image features Extraction stage is very important in our
work in image processing techniques that use algorithms and
techniques to detect and isolate various desired portions or
shapes (features) of an image. After the segmentation is
performed on the lung region, the features can be obtained
from it and the diagnosis rule can be designed to exactly
detect the cancer nodules in the lungs. This diagnosis rules
can eliminate the false detection of cancer nodules resulted in
segmentation and provides better diagnosis.

In the literature we found among the features used in the
diagnostic indicators:

* Area of the interest

* Calcification

* Shape and

* Size of nodule

* Contrast Enhancement

Similarly, we experimentally found the above texture features
suitable to achieve an accurate diagnosis. As a matter of fact,
the first feature (the area of the candidate region or object) is
used to:

 Eliminate isolated pixels (seen as noise in the segmented
image).

« Eliminate a very small candidate object (Area is less than a
thresholding value).

The use of this feature usually eliminates a good number of
extra candidate regions that do not have a chance to form a
nodule; furthermore, its use tends to reduce the computation
time needed in the next diagnostic steps.

The 2nd feature is calcification in which we Diffuse, central,
laminated or popcorn calcifications are benign patterns of
calcification. These types of calcification are seen in
granulomatous disease and hematomas. All other patterns of
calcification should not be regarded as a sign of benignity.
The exception to the rule above is when patients are known to
have a primary tumor. For instance, the diffuse calcification
pattern can be seen in patients with osteosarcoma or
chondrosarcoma. Similarly, the central and popcorn pattern
can be seen in patients with Gl-tumors and patients who
previously had chemotherapy.

The 3rd feature is Shape Japanese screening studies showed
that a polygonal shape and a three-dimensional ratio > 1.78
was a sign of benignity. A polygonal shape means that the
lesion has multiple facets. A peripheral subpleural location
was also a sign of benignity in this study. The three-
dimensional ratio is measured by obtaining the maximal
transverse dimension and dividing it by the maximal vertical
dimension. A large three-dimensional ratio indicates that the
lesion is relatively flat, which is a benign sign.

The 4th feature is A solitary pulmonary nodule (SPN) is
defined as a single intraparenchymal lesion less than 3 cm in
size and not associated with atelectasis or lymphadenopathy.
A nodule greater than 3 cm in diameter is called a mass. This
distinction is made, because lesions greater than 3 cm are
usually malignant, while smaller lesions can be either benign
or malignant. Swenson et al studied the relationship between
the size of an SPN and the chance of malignancy in a cohort
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at high risk for lung cancer. Their findings are listed in the
table on the left. They concluded that the benign nodule
detection rate is high, especially if lesions are small. Of the
over 2000 nodules that were less than 4 mm in size, none was
malignant.

The 5th feature is Contrast Enhancement is taken. In this, less
than 15 HU has a very high predictive value for benignity
(99%). After a baseline scan, 4 consecutive scans at 1-minute
intervals are performed.

This applies only for nodules with the following selection
criteria:

1. Nodule > 5mm

2. Relatively spherical

3. Homogeneous, no necrosis, fat or calcification
4. No motion or beam hardening artifacts.

F. Applying Diagnosing Indicators

If the area of the candidate region exceeds the threshold value,
then it is eliminated for further consideration. This rule will
help in reducing the steps and time necessary for the
upcoming steps. In this rule Threshold value is considered.
For each candidate object, if the area of the object is less than
a threshold value deletes it from the candidate list.

Applying this filter has the effect of decreasing the number of
false positives that richly exist in the initial candidate objects.
This decision may reduce the computation time needed for the
diagnostic rules. By implementing all the above rules, the
maximum of regions which does not consider as cancerous
nodules are eliminated. The remaining candidate regions are
considered as cancerous regions. This system helps in
neglecting all the false positive cancer regions and helps in
detecting the cancer regions more accurately.

5. Experimental Results:

The proposed method for lung cancer detection has been
implemented and tested with CT scan images obtained from a
Lung Image Database Consortium (LIDC) dataset that
provides the chance to do the suggested research. We
collected these CT scans images in order to evaluate the
proposed system. This method works smoothly even in a
complex structure, noise, and uneven illumination.

For experimentation of the proposed technique, initially the
lung CT image is pre-processed and the lung region is
extracted from the CT image by performing thresholding and
morphological reconstruction. Then from the extracted lung
region, we are segmenting the lung region by using
morphological operation. Then the nodules are segmented
using thresholding and morphological operation which is used
to reduce the number of false positives. The results are shown
in the following Figures.

Figure 2: Original lung CT image Figure 3: Extracted
lung region.
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Figure 4: Segmented lung region

Figure 5: Nodule Detection using Thresholding

Figure 6: Nodule Detection using Morphological
Operation

The extracted features for the nodule images are tabulated and
given in Table (1). A set of images is analyzed and features
such as entropy, correlation, energy, homogeneity, standard
deviation and mean are extracted.
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Table 1: Extracted Feature Values from the Lung Nodule
Images

FEATURES IMAGE 1 IMAGE 2 IMAGE 3
Entropy -0.6928 -0.6906 0.6899
Energy 0.9994 0.9958 0.9945

Correlation 0.9999 0.9996 0.9995

Homogeneity 0.9999 0.9996 0.9995

Mean 2.4414e-004 0.0018 0.0023
Chart Title
1

IMAGE1 WIMAGE2 MIMAGE 3

Fig 7 — Bar Graph of Extracted Feature Values from the
Lung Nodule Images

Comparisons have been made with a traditional data
thresholding procedure and morphological operation for the
detection of lung nodules on a set of patients. The two
methods are shown to give about similar results, with the
morphological procedure having the advantages of being
automated and faster.

6. CONCLUSIONS

Lung cancer is a major cause of cancer-related deaths; it can
be detected early by detecting the lung cancerous nodules.
Early detection can improve the survival rate of lung cancer
patients.

The main idea of this project is to detect lung nodules and to
classify nodules as cancerous and non-cancerous. Thus the
lung CT image is subjected to various processing steps and
features are extracted for a set of images. The purpose of
using the CT-scan image is that it can easily differentiate
between the soft tissues and multiple CT-scan images which
can be combined to produce a 3-dimensional display.

In this paper, we achieved our purpose in developing a system
for early detection of lung cancer by analyzing LUNG CT
images using several steps.

The approach starts by extracting the lung regions from the
CT image using several image processing techniques. The
processing steps include thresholding, morphological
operations, and feature extraction. By using these steps the
nodules are detected and segmented and some features are
extracted. The extracted features are tabulated for future
classification.
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The future work of this project is to identify the effective
features for further classification. Genetic Programming-based
Classifiers will be used for the classification of lung CT
images as cancerous and non-cancerous by using the
identified effective features.
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