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Abstract— Lung cancer continues to be the most diagnosed 

cancer type and the principal cause of cancer deaths worldwide. 

To increase the chance of survival, segmentation is an essential 

step in the diagnosis of cancer. Therefore, this paper represents 

an algorithm of segmentation and detection of lung cancer 

through a method very useful in image processing because of 

their effectiveness which is the active contour method. The 

proposed methodology focuses on acquisition of CT images, pre-

processing when RGB image is converted into gray scale image 

and then the noise is removed from this image using median 

filter. The use of morphological operations is after the lungs 

segmentation from the original CT image using active contour. 

The main aim of this process was to remove the portions that are 

part of the CT image other than lung lesion. The proposed 

system is implemented in MATLAB software. 

Keywords—  Lung cancer, Pre-processing, Segmentation, Active 

contour, Nodule detection  

I.  INTRODUCTION  

Lung cancer continues to be the most diagnosed cancer 

type and the leading cause of for cancer related deaths 

worldwide. According to the American Cancer Society, the 

five-year survival rate is not more than %15. To increase the 

chance of survival, early detection of suspicious lesions is 

vastly important [11]. 

The tumors that appear in the lung can be: micro-nodules if 

they are less than 7 mm in diameter, nodules if their size is 

between 7 and 30 mm in diameter, masses if they are more 

than 3 cm, in this paper we are interested in the 3rd type of 

nodule (mass) that usually presents really lung cancer. 

The radiography of lungs (or pulmonary radiography) is an 

examination which allows to get images of the inside of lungs 

with the aid of an machine with X-rays. Pulmonary 

radiography does not always make it possible to detect a 

nodule, even if it is actually present in the lung. 

For detecting pulmonary nodules, computed tomography 

(CT) is superior to radiography, and it is now being used in 

many studies for the early detection and analysis of lung 

nodules [12]. CT scans are widely used for short-term follow 

up to identify nodules volumetric changes over time. The 

change of the volume can be used as an indicator of 

malignancy. Meanwhile, automatic measurements of nodule 

volumes has been increasingly used as a reproducible (higher 

intra-observer agreement) and accurate technique [13]. 

In the literature, Many of the nodule segmentation methods 

are present. Among various segmentation methods, active 

contour was one of the most popular and successful one. Many 

researchers are devoted to study the detection of pulmonary 

nodules attached to vessels and the pulmonary wall. Kuhnigk 

et al. proposed a method for segmenting both small and large 

lesions [1]. They have used fixed thresholding and introduced 

morphological opening in order to remove vascularity 

connected to lesions. Their method is less effective on sub-

solid nodules. Moltz et al. extended this work to deal with 

challenges such as segmenting nodules that are attached to 

non-convex parts of the pleura [2]. They proposed a ray-

casting-based ellipsoid approximation for enclosing juxta-

pleural lung nodules followed by a convex hull operation. This 

algorithm was focused on solid nodules. Dehmeshki et al. 

operated region growing algorithm within a predefined 

volumetric mask which indicates foreground and background 

regions [3]. Their results were visually inspected by a 

radiologist and 84% of the segmentation results were 

accepted. The unaccepted nodules were mostly very close to 

lung wall, diaphragm or they were vascularized. Kubota el al. 

proposed a method to segment various density types [4]. Their 

algorithm first located the core of the nodule and afterwards 

detached the nodule from attached structures by a region 

growing algorithm. Finally, it applied a convex hull 

processing. Tao et al. proposed a multi-level learning-based 

framework that integrates detection and segmentation of 

ground glass nodules on improving accuracy [2]. They 

demonstrated their method on an 1100 nodule dataset. Finally, 

Messay et al. proposed a new algorithm which had three 

options on segmenting pulmonary nodules. These included a 

fully-automated, a semi-automated and a hybrid system. The 

automatic system required a user defined cue point and also 

has 2 free parameters. These free parameters are determined 

for each nodule in a search process guided by a regression 

neural network. This system is successful in segmenting 

pulmonary nodules but needs high computational power. 

Furthermore, it removes vessels using morphological 

operations and results were not given for sub-solid and 

nonsolid nodules [5]. El-Bazl et al. [6] proposed a 

segmentation technique using Markov random field, 

consisting of two stages. The first stage is to select the 
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optimum decision level to create an initial labeling image, and 

the second one is to extract the lung tissues from each slice. 

Tong et al. [7] used a three step process to detect lung nodules. 

Firstly, an adaptive threshold algorithm was used to segment 

the lung region. Secondly, active contour model (ACM) was 

used to remove lung vessel and finally a Hessian matrix 

(selective shape filter) was used to detect the suspicious 

nodules. This method was able to produce an overall detection 

rate of 85%. Marten et al. [8] evaluated and compared features 

such as nodule size, position, margin, matrix characteristics, 

vascular and pleural attachments with gold standard. Azimifar 

et al. [9] used active contour modeling for segmentation and 

produces an overall detection rate of 89%. Dehmeshki et al. 

[10] proposed volumetric measurement for the detection of 

lung nodule. 

The organization of this paper is as follows: this section 

reviews the research related works of lung segmentation. The 

detailed proposed method for segmentation and detection of 

nodule using active contour model are presented in Section 2. 

Section 3 presents the experimental results. Finally, the 

conclusion and directions for future work are given in Section 

4. 

II. PROPOSED METHOD 

Here, a system for lung segmentation and nodule detection 

is proposed from CT scan images. The following figure shows 

the block diagram of the proposed system. 

 

 

 

 

 

 

 

 

 

 

 
Fig. 1 Block diagram of the proposed system 

A. Image acquisition 

Here, the input images are chest CT scan images in JPEG 
format that contain tumors. The user has to select the required 
lung CT scan image for further processing. The images were 
acquired by the system and saved in a personal computer. 

B. Pre-processing 

Pre-processing includes following steps: 

1) Median filter: The median filter is also the simpler 

technique and it removes the speckle noise from an image and 

also removes pulse or spike noise [14-15]. The Median Filter 

is performed by taking the magnitude of all of the vectors 

within a mask and sorting the magnitudes. The pixel with the 

median magnitude is then used to replace the pixel studied. 

The operation of median filter can be expressed as: 

                       f (x,y) = median (s,t) ∈  Sxy { ( , )}                      (1) 

where Sxy represents the set of coordinates in a rectangular 

sub image window, centered at point (x,y), and median 

represents the median value of the window. 

2) Morphologic operation: A binary image can be viewed 

as a binary valued function of x and y. Morphological theory 

views a binary image as the set of its foreground (1-valued) 

pixels, the elements of which are in Z
2
.Set operations can be 

applied directly to binary image sets. The operations of 

dilation and erosion are fundamental to morphological image 

processing [16,17]. 

Dilation is an operation that “grows” or “thickens” objects 

in a binary image. The specific manner and extent of this 

thickening is controlled by a shape referred to as a structuring 

element. Mathematically, dilation is defined in terms of set 

operation. The dilation of A by B, denoted  A  B. 

                                        φIA
z

)B̂(zBA                          (2) 

Where ø is the empty set, B is the structuring element. Ḃ is 

the reflection of set B, is defined as 

                                   Bbb,wwB̂                          (3) 

The translation of set X by point z = (z1, z2) denoted (X )z, 

is defined a 

                                 XazacczX  ,)(                   (4) 

The dilation of A by B is the set consisting of all the 

structuring element origin locations where the reflected and 

translated B overlaps at least some portion of A. 

Erosion “shrinks” or “thins” objects in a binary images. 

The manner and extent of shrinking is controlled by a 

structuring element. Mathematically, erosion is defined in 

terms of set operation .The erosion of A by B, denoted 

BA , is defined as 

                              
c

IAzBzBA )(                      (5) 

Where ø is the empty set, B is the structuring element. The 

set of all pixel coordinates that do not belong to set A, denoted 

A
C
 , is given by 

                                      Aww
c

A                                 (6)    

The erosion of A by B is the set of all the structuring 

element origin locations where the translated B has no overlap 

with the background of A. 
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C. Post processing: 

 Post-processing includes following steps: 

1) Lung segmentation: In this module we segment left and 

right lung from the CT image. The active contour models 

(ACM) [18], which are based on the theory of surface 

evolution and geometric flows, have been extensively studied 

and successfully used in image processing generally and in 

this paper specifically. To simplify the work we used a 

MATLAB (R2014)function which is as follows:  

                            bw = activecontour(A,mask,n)                   (7) 

This function is used to segments the 2-D grayscale image 

A into foreground (object) and background regions using 

active contour based segmentation. The output image bw is a 

binary image where the foreground is white (logical true) and 

the background is black (logical false). mask is a binary image 

that specifies the initial state of the active contour. The 

boundaries of the object region(s) (white) in mask define the 

initial contour position used for contour evolution to segment 

the image. To obtain faster and more accurate segmentation 

results, specify an initial contour position that is close to the 

desired object boundaries, n is the number of  iterations. 

2) Nodule detection:  The reconstruction of the lung border 

is an important step that aims to recover lung nodules that are 

attached to the thoracic wall [19]. The MATLAB function is 

used in this work to isolate these pulmonary nodules and then 

to diagnose it later.  

III. RESULTS OF EXPERIMENTATION 

A. Results  

In this section, the results of the proposed system are 

shown for five images from the database. 

It has been observed that the CT image of the lung is 

composed of a chest wall and an outer part, although just the 

chest wall is interesting then in our system we have to crop the 

image at the beginning as illustrated in Fig. 2. 

 

Fig. 2 Example of crop image, (a) Original image, (b) image after crop. 

The original image, the image after segmentation through 

the active contour approach and output for different candidates 

are shown in Table 1. 

B. Discussion 

Manual segmentation of pulmonary nodules is not feasible 

in clinical practice since it takes approximately 10 minutes for 

an expert radiologist to trace a nodule. In order to overcome 

this issue, scientists are trying to create automated accurate, 

robust and reproducible systems. So far, a system that fulfills 

all these features is not present [19]. We have presented a 

fully-automated, computationally efficient method for 

segmenting the pulmonary nodule, based on active contour 

model. The method has been validated quantitatively on a 

database of lung cancer patients. For oblique fissures, the 

mean distances are typically <3mm. The evaluation of our 

system is done through the following parameters which are 

calculated on the basis of the results obtained for all images in 

the database : 

 TP: True lung separation and true nodule detection.  

 TN: True lung separation and false nodule detection.  

 FP: False lung separation and true nodule detection.  

 FN: False lung separation and true nodule detection.  

1) Accuracy: 

                       8461.0)( 





FNFPTNTP

TNTP
AC                 (7) 

Accuracy in % = 84.61 % 

2) Sensitivity  

                      8333.0)( 



FNTP

TP
SE                                   (8) 

Sensitivity in % = 83.33 % 

3) Specificity 

                      8571.0)( 



FPTN

TN
SP                                   (9) 

Specificity in % = 85.71 % 

Thus, from the results we found that our proposed system has 
achieved 84.61 % accuracy, specificity of 83.33 % and good 
sensitivity i.e. 85.71 %. 
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Graph. 1 Accuracy parameters 
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TABLE 1. RESULT OF DIFFERENT SUBJECT

 

IV. CONCLUSION  

In this paper, a detailed description has been made of the 

different stages of our segmentation system. This 

segmentation is based on active contour model. The nodule or 

cancer detection step is carried out using MATLAB is 

successfully done with 84.61% accuracy.  
As a working perspective, it would be interesting to use 3D 

models can be to improve the performance of pulmonary 

nodule segmentation, furthermore it would also be interesting 

to work on the small nodule that are less than 3mm.   
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