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Abstract 

A Level Set Evolution with Morphology (LSEM) based segmentation algorithm is 

proposed in this work to segment all the possible lung nodules from a series of CT scan 

images. All the segmented nodule candidates were not cancerous in nature. Initially the 

vessels and calcifications were also segmented as nodule candidates. The structural 

feature analysis was carried out to remove the vessels. The nodules with more centroid 

shift in the consecutive slices were eliminated since malignant nodule’s resultant position 

did not usually deviate. The calcifications were eliminated by frequency domain analysis. 

DC constant of nodule candidates were computed in frequency domain. The nodule 

candidates with high DC constant value could be the calcifications as the calcification 

patterns were homogeneous in nature.  This algorithm was applied on a database of 40 

patient cases with 58 malignant nodules. The algorithms proposed in this paper precisely 

detected 55 malignant nodules and failed to detect 3 with a sensitivity of 95%. Further, 

this algorithm correctly eliminated 778 tissue clusters that were initially segmented as 

nodules, however, 79 non-malignant tissue clusters were detected as malignant nodules. 

Therefore, the false positive of this algorithm was 1.98 per patient. 

 

Keywords: Cancer detection, Computed Tomography, Image segmentation, Medical 

diagnostic imaging, Level Set Evolution 

 

1. Introduction 

Lung cancer is the uncontrolled growth of an abnormal tissue in the lung. The most 

commonly diagnosed cancer in the world is lung cancer (1.61 million, 12.7% of total). 

The World Health Organization (WHO) report says that 7.6 million(13% of all global 

deaths) deaths globally each year are caused by cancer, in which lung cancer lead to more 

deaths than all other cancers [1]. The risk of cancer is 20:1 for smokers vs. non-smokers. 

A quarter of the cigarette or beedi smokers in India would be killed by tobacco at the ages 

of 25-69 years, losing 20 years of life expectancy. Non-smoking of lung cancer cases are 

often attributed to a combination of genetic factors, radon gas, asbestos, pesticides and air 

pollution including passive and static smoking. 

The diagnosis of lung cancer at early stage is critical and uncertain as the physicians 

direct the patient to undergo biopsy only after analyzing the multiple lung CT scans taken 

between a time interval of 6 to 18 months [2-3]. Nowadays, although advanced imaging 

techniques such as computed tomography (CT) scanning that precisely capture the images 
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of lung are available, finding the cancerous nodules is still a challenging task for 

physicians. CT scan of lung produces continuous cross-sectional images, and to confirm 

the cancerous nature of lung, it is essential to analyze every cross section. The radiologist 

needs to put extra efforts to analyze each cross-sectional image of lung and hence there is 

high probability of an error. The development of computer-aided diagnostic (CAD) tools 

will help physicians to more accurately analyze the CT scan images by reducing the image 

reading time. 

The pixel intensity based lung nodule segmentation has been used to segment lung 

nodules in many studies [4-7]. In these works the threshold values were manually selected 

based on the CT technology and X-ray dose. Also the threshold based segmentations 

methods need to be followed by excessive morphological processing to segment the 

nodules precisely. Some literatures focused on Model based template matching methods to 

segment the lung nodule [8-10], but template matching techniques produce more false 

positives. The 2D neighbor pixels difference based region grow algorithms was also used 

to segment the lung nodules, but generally  2D lung nodule segmentation algorithms 

shows more false positive results than the 3D analysis. Hence 3D analysis is used to 

reduce false positives.  The work implemented by Alilou M et. al., [11] mainly focused on 

3D structural visualization of lung nodules which produced 3.9 false positives /patient. 

The work published by Demir O and Yilmaz C [12] dealing with the texture 3D model of 

lung nodules which resulted in a false positive of  2.45/patient. The work published by Lin 

Lu et. al., [13] using a complex hybrid model for nodule segmentation and classification, 

which resulted in a false positive of 3.13/patient. The genetic and fuzzy rule based 

algorithm proposed by Ozekes et. al., [14] results in 100 percent sensitivity but with the 

cost of 13.4 false positives per patient. 

In this work we proposed active contour based lung nodule segmentation technique 

followed by false nodules (vessel and calcification) elimination through 3D structural and 

frequency domain features. Nodules are the clusters of tissue in the parenchyma of  lung. 

These nodules are the initial indicator to detect the lung cancer from CT scan. This work 

also concentrates on proper pre-processing strategy which makes the segmentation and 

feature extraction process reliable.   

 

1.1. Database 

LIDC (Lung Image Database Consortium) and lung images collected from Bharat 

scans, Chennai, India is used in this work. LIDC is the public open access online database 

[15]. The algorithms developed in this paper are tested on 40 different patient images (20 

from LIDC and 20 from Bharat scans) and the results are satisfactory. LIDC database is 

provided with four radiologist ground truth report. Each image has a size of 512 × 512 

inch with 16-bit gray resolution and pixel spacing of 0.76 mm in both x and y direction. 

 

2. Pre-Processing of Lung CT Image 

Computer Tomography scans are the series of collection of X-ray images. The X-ray 

incident on the human body will attenuate based on the attenuation coefficient of different 

organ's cells inside the body. These attenuated X-ray values are detected and calibrated by 

detectors present inside the CT machine. The CT technology is evolved rapidly in last 

three decades in terms good resolution and speed. The lung CT images are generally 

recorded in DICOM format. DICOM format images contain its pixel value in signed 

integer 16 bit format or unsigned integer 16 bit format. The tag information of DICOM 

images will tell all the information regarding CT machine technology used and patient 

information. Confidential information such patient data has been removed by accessing 

the appropriate DICOM tags before processing.  
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2.1. Normalization of lung CT Image 

In this work the DICOM format lung CT images are normalized to unsigned 16 bit 

integer from signed 16 bit integer, which makes the development of image enhancement 

algorithms easier. The original and normalized CT images with its histograms are shown 

in the Figure 1. 

 

 

Figure 1. (a)16-Bit Signed DICOM Format Lung CT, (b)16-Bit Signed 
Format Histogram, (c)16-Bit Unsigned DICOM Format Lung CT, (d)16-Bit 

Unsigned Format Histogram 

2.2. Lung CT Image Enhancement 

The CT machine technology is evolved rapidly in last two decade with high tech multi 

X-ray detectors. Also many advanced reconstruction algorithms were developed to 

produce a noise free CT images. Even though lung CT image is not corrupted with much 

of noise, it is essential to improve the visible quality of it as the density variation of 

different lung region is not sharp. Density variations in the object being imaged that 

interfere with the diagnosis are sometimes referred to as structural "noise" or structural 

clutter. In standard radiography a large amount of structural clutter is produced by the 

superposition of various anatomic structures, for example, the image of rib bones overlaps 

that of the lung in a standard chest radiograph.  

In this work we used customized histogram specification technique to enhance the 

nodules and vessels inside the lung parenchyma region. The muscle, heart and bone 

regions in the lung CT image are not used to diagnose the lung cancer. The region which 

is the primary indicator for identifying the lung cancer is 'lung nodules'. Some time 

wrongly the vessels inside lung parenchyma region also may be wrongly identified as lung 

nodules. Hence it is necessary to focus both nodules and vessels to identify the lung 

cancer accurately. 

The lung nodule candidates inside the lung parenchyma are in between the intensity 

level of 600 to 1500 in unsigned 16 bit DICOM format image. The histogram equalization 

has been performed only on the pixels which are in this range to enhance the 'nodules'. 

Hence this process is known as histogram specification [16]. The applied steps for lung 

nodule customized histogram specification as follows 

1. The total number of pixels corresponding to the each gray level from 600 to 1500 are 

determined. 



International Journal of u- and e- Service, Science and Technology 

Vol.9, No. 10 (2016)   

 

 

190  Copyright ⓒ 2016 SERSC 

𝑐(𝑘) = ∑  [f(x, y) == i1500
i=600 ]                                                                                                                         (1) 

2. The probability of each pixels in this range has been computed by dividing each pixel 

occurrence by the total number of pixels. 

𝑝(𝑘) = ∑ c(k)/NL
k=1                                                                                                                                         (2) 

where L =length of c(k) and N = total number of pixels in an image 

3. Cumulative probability distribution has been computed by adding the probability of 

occurrences computed in the previous step. 

cdf(1) = p(1) 

cdf(k+1) = p(k-1) + p(k)                                                                                                       (3) 

4. Normalizing the cumulative distribution by multiplying it with the maximum pixel 

value of the lung CT image. 

ncdf(k) = cdf(k)*max(f(x,y))                                                                                                                         (4) 

5. Redistributing the new normalized gray values obtained in the last step in place of 

original image pixel positions. The same steps are repeated for the intensity level of 350 to 

650 to enhance the vessels inside the lung parenchyma. 
 

 

Figure 2. (a) Lung CT Image with Enhanced Nodule Candidates, (b) Lung 
CT Image with Enhanced Vessels 

3. Level Set Evolution with Morphology (LSEM) based Segmentation 

The Level Set technique is a powerful tool to segment the region of interest from an 

Image. Initially, Active Contours were used by Kass [17], in which the curves explicitly 

move to extract the region of interest in an image. In the active contour model, the 

selected points on the initial curve (at t=0) are moved with the velocity in the normal 

direction. The curve deformation in this active contour mode depends on how many points 

we choose. More points lead to instability, and fewer points lead to an incorrect and 

deformable shape in the curve. To overcome this drawback, the Level Set proposed by 

Osher and Sethian [18] implicitly represents the curve by the zero level of high 

dimensional function.   

 

The implementation of the Level Set algorithm has three fundamental steps: 

 

1.Initialization of Curve function φ(x,y) 

2.Evolution of curve 

3.Stopping condition for curve evolution 
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The curve can be mathematically defined as: 

C(p)= {(x,y) | φ(x,y) =0}                                                                                                                              (5)  

The point p (x,y) canbe included inthe curve if the function φ(x,y) = 0. The function 

φ(x,y) >0 inside the curve and φ(x,y) <0  outside the curve. 

 

 

Figure 3. Level Set Function 

Generally, the initial curve function can be just a rectangle, which needs to evolve 

consecutively to deform in such a way to fit in to the region of interest. To evolve the 

curve, it is essential to compute the velocity and curvature. The deformation/evolution of 

curve will move in the normal direction, therefore, the velocity should be defined in the 

normal direction. The curve also has velocity in tangential direction, but the velocity in the 

tangential direction doesn't change the shape of the curve. Normal and tangent component 

of φ is defined as: 

N⃗⃗   =  −
∇φ

|∇φ|
                                                                                                                                                        (6) 

T ⃗⃗  ⃗ =  
∇⃗⃗ φ

|∇φ|
                                                                                                                                                              (7) 

∇φ is gradient of the curve that gives the maximum rate of change. The gradient along the 

curve, in the tangent of gradient is zero along the curve, which is known as Level set.  

〈
∇φ

|∇φ|
, T〉 =0                                                                                                     --->

∇φ

|∇φ|
  is perpendicular to T. 

The curvature is the second order differentiation of the curve C in the normal direction. 

Css=kn⃗                                                                                                                                                                 (8) 

where curvature k=div (
∇φ

|∇φ|
) 

The velocity of deformation of initial curve is the first order differentiation of curve in 

the normal direction.  

dC

dt
 = VN⃗⃗                                                                                                                                                                 (9) 

Change of curve function with Velocity V is expressed as: 

dφ

dt
 = V|∇φ|                                                                                                                                                     (10) 

The evolution of the curve needs to be stopped once the curve fits the region of interest. 

The condition to stop the curve deformation is modeled as shown below: 

dC

dt
 = (g(x,y)k - { ∇g(x,y), n⃗ }) n⃗                                                                                                                    (11) 

where (g(x,y)k - { ∇g(x,y), n⃗ }) is nothing but velocity V, which needs to become zero to 

stop deformation / curve evolution.  

g(x,y) = 
1

∇I
                                                                                                                                                        (12) 
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where ∇I is the gradient of the Image. The gradient of an image is the rate of change of 

the image pixel values. For a smooth portion of the image the gradient(rate of change of 

pixel values) is decreased and at edges the rate of change is increased, i.e., gradient is 

greater. The function g is minimal when the gradient of the image I is increased. i.e., at the 

edges. If g(x,y) is less (close to zero), the velocity decreases, and therefore, the curve 

evolution stops. If the the g(x,y) is not zero for smooth edges, then another gradient term 

of g is introduced to stop the curve evolution.  As the curve re-initialization process is 

time consuming and complex, Kaihua Zhang, Lei Zhang proposed a Re-initialization free 

Level set evolution using Reaction Diffusion, which provide better results on segmenting 

nodules from CT scan in this work. The Level Set segmented output of Lung CT image is 

shown in Figure 4. 

 

 

Figure 4. (a)Level Set Evolution Initial Segmentation mask, (b) Level Set 
Evolution Final Function 

3.1. Morphological Processing to Extract Nodules 

In the Figure 4 (a), the rib and  heart tissue regions are segmented as white cluster along 

with nodules and vessels. Morphological processing is applied on the Figure 3(a), to 

segment the clusters within the parenchyma region of lung lobes. The following 2 step 

morphology is used in this work: 

1. All the connected component cluster of size less than 500 pixels are removed. Therefore 

all the nodules and vessels are removed as show in the figure  5(a). 

2. The output image of last step is subtracted from level set segmented image in Figure 4 

(a). The difference between these two images are the clusters of size less than 500 pixels( 

nodules and vessels) and all the big structures like ribs and heart tissue regions are 

removed. The subtracted binary image is ANDed with the original lung CT image to 

segment the nodules in its original gray scale as shown in Figure 5(b) 
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Figure 5. (a) Morphological Processing Mask, (b)Segmented Nodule 
Candidates 

4. False Nodule Elimination 

The tissue clusters segmented using level set algorithms contain both nodules and non-

nodular structures. Some calcified patterns and vessels from 2D slices of CT scan 

segmented are actually not nodules, but these are the tissue clusters which appear like 

nodules. It is very essential to find the feature to discriminate non-nodules from candidate 

nodules. 

 

4.1. Elimination of Vessels through 3D Centroid Variation  

The tissue clusters segmented using level set algorithms contain both nodules and non-

nodular structures. Some calcified patterns and vessels from 2D slices of CT scan 

segmented are actually not nodules, but these are the tissue clusters which appear like 

nodules. It is very essential to find the feature to discriminate non-nodules from candidate 

nodules. 

The vessels which are segmented incorrectly as nodules can be eliminated by analyzing 

the consecutive CT slices. From one slice to another, the vessel clusters position changes 

drastically, whereas the actual nodule position remains relatively same. Hence by 

comparing the Centroid values of the segmented clusters from one slice to other, vessels 

can be eliminated from candidate nodules. 

 

The algorithmic steps used for Centroid-shift analysis were as follows: 

 

1. The Centroid value of each segmented cluster (suspected nodules) from the first CT 

slice was determined by using the equation 

[Cx, Cy] = [  
∑ ∑ i∗f(i,j ) N

j=1
M
i=1

∑ ∑ f(i,j )          N
j=1

M
i=1

,
∑ ∑ j∗f(i,j )  N

j=1
M
i=1

  ∑ ∑ f(i,j )          N
j=1

M
i=1

]                                                                    (13) 

2. The Centroid values were computed for next 3 to 4 consecutive CT slice segmented 

clusters. 

3. The clusters were analyzed further if the centroid shift was found to be minimum, else it 

has been eliminated. 

 

4.2. Elimination of Calcifications Through Fourier DC Constant  

Although the vessels that appeared like nodule in 2D analysis were removed, there 

were also remaining segmented objects other than the cancerous lung nodules. These non-

cancerous lung nodules are known as non-nodules, calcifications or benign nodules. 
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Benign are formed in lung due to inflammation and scarring of lung tissue associated with 

bacterial or fungal infection. A type of nodule that is unlikely to be cancer is known as 

calcified granuloma which consists of calcium deposits. 

Transforming the domain feature may be more discriminative for some cases, so in this 

work we also proposed to find frequency domain feature to discriminate nodules from 

calcifications. Discrete Fourier Transform will segregate the image regions in Low and 

High frequency regions, but to maintain the frequency orientation, it is essential to arrange 

the pixels using equation (16) before applying Fourier Transform, so that all the pixels 

corresponding to low frequency accumulated in the center and in various radial directions, 

to allow that pixels corresponding to high frequency gather at corners. 

f(x,y)  = (-1)(x+y) * g(x,y)                                                                                                 (14) 

F(u,v) = ∑ ∑ f(x, y) ∗ exp[−j2ᴨN−1
y=0

M−1
x=0  (

mu

M
 + 

nv

N
)]                                                         (15) 

where u=0, 1 - - - - - M-1 and v=0,1 - - - - - N-1 

The center value (M/2, N/2) of the frequency transformed image has a zero frequency 

value, it is also known as the DC constant, which can be a powerful feature to discriminate 

malignant nodules from calcifications. The frequency values at the different radii levels 

can also be used as a discriminative feature [19]. 

 

5. Results and Discussion 

A customized histogram specification was applied on the normalized unsigned 16-bit  

DICOM format lung CT image. The resultant enhanced image is shown in the Figure 2. 

An automatic level set based segmentation algorithm is implemented in this paper to 

segment all the possible nodule candidates as shown in Figure 5(b). The nodule candidates 

less than 3mm in diameter are not have any significant information it to process it further 

to detect the  cancerous nature of it. Hence all the nodule candidates whose size is less 

than 3mm are eliminated. Also the very uneven line like structure can't be the nodules, so 

such a structures are eliminated based on eccentricity feature. The line like structures 

eccentricity values deviate much from 1. The nodule candidates after applying the size and 

eccentricity criteria is shown in Figure 6.  

 

 

Figure 6. Nodule Candidates after an Eccentricity and Size Criteria 
Applied 

The total number of nodule candidates are reduced from 50 to 9 after applying nodule 

size and eccentricity criteria. The centroid value of these 9 nodule candidates are 

computed from the consecutive slices of CT scan. The Table 1 shows the deviation in 

centroid values of each nodule candidates in consecutive scan  image. The centroid values 

of  nodule candidates 1,3 and 8 remain almost constant in consecutive slices of CT image, 

whereas the other six nodules centroid values deviate much. Hence the 6 nodule 

candidates for which the centroid shift is more could be the vessels. On the other hand 
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further investigation need to be carried out on nodule candidate 1 3 and 8 before taking 

final decision on its malignancy. 

Table 1. Centroid of Nodule Candidates in Consecutive CT Slice Images 

 
Slice

1 

Slice

2 

Slice 

3 

Slice  

4 

Slice  

5 

Slice  

6 

Slice  

7 

Slice 

8 

Slice 

9 

Slice 

10 

Slice 

11 

Nodule 
1 

334 
468 

333 
469 

330 
469 

332 
470 

334 
468 

335 
471 

333 
469 

332 
470 

335 
471 

- - 

Nodule 
2 

190 
308 

193 
314 

194 
321 

201 
330 

203 
334 

207 
341 

210 
346 

216 
352 

- - - 

Nodule 
3 

336 
233 

334 
235 

335 
235 

332 
234 

330 
236 

331 
235 

330 
234 

329 
235 

332 
236 

331 
235 

 

Nodule 
4 

- 
155 
285 

159 
287 

162 
287 

165 
289 

172 
294 

176 
298 

177 
305 

181 
308 

- - 

Nodule 
5 

172 
293 

176 
299 

179 
304 

184 
309 

187 
313 

192 
320 

193 
322 

- - - - 

Nodule 
6 

- - - 
202 
300 

208 
303 

212 
308 

218 
313 

224 
317 

227 
320 

229 
323 

232 
325 

Nodule 
7 

- - 
159 
290 

167 
299 

173 
285 

163 
289 

180 
280 

188 
289 

195 
293 

- - 

Nodule 
8 

- 
211 
308 

210 
309 

209 
307 

210 
308 

210 
307 

212 
306 

211 
306 

210 
305 

- - 

Nodule 
9 

302 
292 

306 
295 

309 
299 

314 
303 

318 
306 

322 
310 

- - - - - 
 

 

The nodule 1, 3 and 8 can be malignant (cancerous) nodule or just 

calcifications(benign). In order to discriminate malignant nodule from calcifications, the 

frequency domain transform analysis is carried out. The frequency spectrum of final 

nodule candidates 1,3 and 8 is shown in the Figure 7, and its corresponding DC constant 

values are tabulated in Table 2. 

 

 

Figure 7. Frequency Spectrum of Candidate Nodules 

Table 2. Frequency Spectrum DC Constant of Nodule Candidates 

 DC constant 

Nodule candidate 1 0.023 

Nodule candidate 3 1.79 

Nodule candidate 8 1.67 

 

From Table 2, the DC constant value for nodule 1 is minimum, which reveals that 

nodule 1 having highly varying components in it. Nodule 3 and 8 have the DC constant 

value more than 1. The more value of DC constant indicates that the nodule region is 

homogenous and uniform. Generally the calcifications are uniform in its texture and 

intensity nature and malignant nodule patterns are variable ones. Therefore the proposed 

algorithm in this work detects nodule candidate 1 as malignant and the nodule candidates 
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3 and 8 as calcifications(benign). This result is matched with the radiologist report of this 

scan case (LIDC 60). 

The algorithm developed in this work applied on 40 patient cases from LIDC database 

with 58 malignant nodules. This algorithm detected 55 malignant nodules correctly (True 

Positive) and missed 3 (False Negative) and also out of 857 false nodule candidates, 778 

are eliminated correctly (True Negative) and 79 nodules are wrongly detected as 

malignant( False Positive). The performance measure of an algorithm implemented in this 

work is tabulated in Table 3. This work produced a good sensitivity and specificity of 

94.8% and 93.5% respectively with an improved false positive of 1.98 per patient scan. 

The performance analysis of this work is compared with others in the Table 4. 

Table 3. Performance Measure of Proposed Work 

Statistic Formula Value 

Sensitivity 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 94.8% 

Specificity 
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 90.8 % 

Positive 
Likelihood 

Ratio 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

100 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦
 10.3 

Negative 
Likelihood 

Ratio 

100 − 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦
 

 
0.057 

Disease 
prevalence 

𝑇𝑃 + 𝐹𝑁

𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 +   𝐹𝑃
 6.33% 

Table 4. Performance Comparison with Other Works  

CAD system Sensitivity in % False 
Positive/Patient 

Nodule Size  
Criteria 

Zhao et. al.,.,  (2003) [20] 84 5 2-7mm 

Opfer and Wiemeker (2007) [21] 74 4 >4mm 

Dehmeshki et. al.,.(2007) [22] 90 15.5 3-20mm 

Ozekes et. al., (2008) [14] 100 13.4 >5mm 

Golosio et. al., (2009) [23] 79 4 >4mm 

Suarez Cuenca et. al.,.(2009) [24] 80 7.7 >4mm 

Choi WJ  et. al.,(2012) [25] 95 2.27 >1.5mm 

Alilou et. al., (2014) [11] 80 3.9 >4mm 

Demir O et. al., (2015) [12] 98 2.47 NA 

Lu L et. al., (2015) [13] 85 3.13 >5mm 

Krishnamurthy et. al.,(2016) [26] 88 2.05 >3mm 

Our framework 95 1.98 >3mm 

 

6. Conclusion 

An efficient level set evolution based segmentation followed by the 3D morphology 

analysis to classify the malignant lung nodules from CT scan was successfully 

implemented in this study. Effective pre-processing by using customized histogram 

specification algorithm enhanced the nodule candidates in the parenchyma region. Hence 

all the possible nodule candidates were segmented through LSEM algorithm. The 3D 

centroid analysis followed by frequency domain DC constant analysis, carried out on 

consecutive slices that remarkably reduced the false positives. This algorithm was applied 

on 40 cases having a total of 58 malignant nodules. Fifty five of 58 nodules were correctly 
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detected and 3 nodules were not detected. Of the other 857 segmented candidate nodules 

(excluding 55 malignant nodules), 778 nodules were eliminated correctly and 79 candidate 

nodules were incorrectly detected as malignant nodules. This work produced the better 

result in terms of 1.98 false positives per case with sensitivity of 94.8%.  
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