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Abstract: Computer aided detection system was developed to identify the pulmonary nodules to diagnose the cancer cells. Main 

aim of this research enables an automated image analysis and malignancy calculation through data and CPU infrastructure. Our 

proposed algorithm has improvement filter to enhance the imported images and for nodule selection and neural classifier for false 

reduction. The proposed model is experimented in both internal and external nodules and the obtained results are shown as response 

characteristics curves.    
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1. Introduction 

 
In recent years, there has been a rapid increase in death rate due to lung cancer. It is a challenge for the 

radiologists to predict the pulmonary nodule growth earlier [4]. This causes major problem in many of the cases, since 

the CT scan is high in cost most of the rural patients are getting affected.  

 

Calculation of malignancy probability is predicting the lung cancer early. Lung cancer is one of the deadliest 

diseases among dangerous diseases in the world. Despite significant research efforts and advances in the understanding 

of tumor biology, there was no reduction of the mortality over the last decades. More researches are going on about 

early diagnosis of lung cancer recently [6] [7].  

 

Many conservative methods are focusing to select the nodule by enhancement filter only. This article 

algorithm is constructed neural network classification for reduction of false positive identification including of 

enhancement filter [8][11][12][19]. 

 

The motivation behind this paper is to reduce the challenges of the radiologists and to detect the early growth 

rate of pulmonary nodule by calculating probability of malignancy and segmented of lung nodule. 
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2. Related work 
A vast survey has been made in lung nodule analysis and using image processing techniques like radiography 

[3], computed tomography [1] and MRI. Segmentation method utilizes the tissue intensity properties for the lung 

images. Various researchers are in progress under image processing identifying the discrimination and spatial 

resolutions [10] of the tissues. Advantages of the tissue segmentation are done by many statistical methods. 

Expectation maximization algorithm segments MR images for better visualization. Some researcher’s uses adaptive 

segmentation [14] for obtaining better gain for the MR images. The issues and the gain field are calculated using the 

segmentation process. Three step segmentation processes is used in analysis of lung nodule such as ground glass 

opacity, region of interest and preprocessing for better results.  

 

Research works [5] [9] proposes a multi joint segmentation solution for fitting the mean based on linear space 

theory. Pulmonary modules are geometrical in structure and pulmonary nodule in the CT is used to obtain the details 

of location, approximations, and region volumes.  The issues found in the research highlights in intensity distribution 

based on the robustness. Threshold segmentation [18] and histogram analysis [16] some other approaches used in 

image segmentation. The segmented lungs are refined using component connect labeling and circular morphological 

factors.  A three dimensional adaptive fuzzy based segmentation [15] and the segmented contour are smoothed using 

Gaussian smoothening filter. In this an MR image is process for contrast enhancement and this research work is needed 

to obtain the issues present in the MR imaging system.  

 

 Cellular automata technique is based on graph theory which provides solution for shortest path problem and 

the spatial smoothness can be accomplished. Neural network based computer aided diagnosis system are also in trend 

for obtaining the best results for the low resolution images. This type of researches uses hidden layer and output layer 

for extracting the tumor portion from the image.  The detection of SNAs is performed by hidden layer present in s 

ANN. optimization techniques are also available for obtaining the best results in image classification such optimization 

techniques are not implemented in CT images. Based on the observation from various articles this proposed model is 

developed and experimental results are compared with conventional methods.  

 

3. Proposed Method 

 
The preprocessing algorithm has written and it is followed by the proposed algorithm for the segmentation. 

 

Step 1 (Preprocessing) 

 

Erode and then dilate the original image to get the Opening image from the input images. In order to get the enhanced 

image, superimpose the original and top hat image and subtract the bottom hat image from the output image. 

 

Step 2: Input lung image (512x512 gray scale images) 

 

        2(a) Read and show (P9) (read the preprocessed output image) 

 

 2(b) Convert P9 => P10, where P10 (0s & 1s) and P9 (0s & 255s),  

         Now P10 (0s & 1s) => P11    (1s & 0s) (convert the gray scale image into binary     

                     Image) 
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Step 3: Distance transform and Superimpose 

 

 

 

              3(a)     Take P12 (1s & 0s)   

1 1 1 1 1
1 0 0 0 1
1 0 0 0 1
1 0 0 0 1
1 1 1 1 1

     =>P13 (0s & 1s)  

0 0 0 0 0
0 1 1 1 0
0 1 1 1 0
0 1 1 1 0
0 0 0 0 0

 

   

3(b)   P14 => ~ (P13) 

 

              3(c)     P15  

0
0 0 0

0
         <= P14       

2
1 0 4

3

 

               

 

3(d)     P16 <= P9 + f (P15); where f (P15) => ~ P15 

  

  Step 4: Gradient and Superimpose 

               4(a)     P17 <= sobel (P16) 

 

               4(b)    P17    
2

7 0 9
8

       =>P18      

0
0 0 0

0

 

 

Correctness: 

 

Assign P18 =     

20
20 0 20

20

 

    

 

   4(c)    To get P19: consider P18 > a; where a => 255, so P19 <= P18>255 

 

   4(d)    P20 <= P17+P1 

 

Step 5: Marker control 

 

 5(a)   Extended minima for the image (P20, h) where (h: non-negative scalar) 

 

                      P21 <=             max  max max max max   

                   max const const const max 

                   max const const const max 

                   max const const const max 

                   max max max max max  
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26-neighbourhood connected for 3-D image. Do iterations P21(1), P21(2),     P21(3),…….P21 (n)  until 

n reaches max. 

 

5(b)   P22     

0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

          <= P21      

9 9 9 9 9
9 3 5 2 9
9 1 2 8 9
9 7 6 4 9
9 9 9 9 9

 

 

 

Step 6: Segmentation 

 

 

6(a)   P22    

0 0 0 0 0
0 1 1 1 0
0 1 1 1 0
0 1 1 1 0
0 0 0 0 0

        => P13    

0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

 

  

   

6(b)   P14 segmented output image <= P13 

 

 

4. Theoretical Analyses 
 

Theoretically, the comparison of different methods of segmentation demerits and merits includes Graph cut 

segmentation, Level set segmentation, Region splitting segmentation, Thresholding + region growing, Thresholding 

+ morphology Thresholding + ball algorithm with the Proposed algorithm is shown in table 1 below [13], [14], [15], 

[16], [17]. The early detection of the nodule is not fulfilled in all the methods, so the proposed algorithm has been 

derived to overcome this drawback. 

 

Table 1: comparison of methods 

Methods Advantages/ disadvantages 

Graph cut segmentation 
Original segmented image can be detected. 

Discontinuities between voxels are the disadvantage. 

Level set segmentation 
Vector method not a scalar; represent the evolving region and shapes. 

Contraction and expansion is the limitation. 

Region splitting segmentation 
Instead of using fixed parameters, dynamic methods are used. 

Method failed for some patients. 
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Thresholding + region growing 

To extract the exact cavity region with accuracy. 

Results are not satisfied, does not work when there is overlapping of 

intensities. 

Thresholding + morphology 
Segmenting the thorax area of the image. 

The limitation is the selection of size of the ball. 

Thresholding + ball algorithm 
Segment the thorax area of the image. 

Segmentation includes unnecessary areas is the drawback. 

Proposed algorithm 
To extract the nodules from lung images, segmentation is accurate, and 

early detection is feasible. 

 

5. Performance Analysis 
 

 Due to measure the performance of the system, the probability of malignancy has been calculated based on 

the clinical and radiographic property parameters. These property parameters are explained enough from the past 

research [18]. In order to calculate the probability of malignancy using the above mentioned parameters, Likelihood 

ratio and Posterior, Prior odds are used in the Baye’s theorem [20], [21].  

 

Posterior odds 

 

Odds are method of expressing probability which is determined after consideration of the final output of the 

process [22]. Particularly an odds ratio is practiced with case based studies, predict the particular event happening in 

one group in relation to its frequency of chances in another group.   

 

oddsposterior = oddsprevious X likelihood ratio 

 

Posterior odd tests consider the following conditions; 

1) Disease prevalence 

2) The patient pool 

3) Specific patient risk factors 

 

Probability ratio 

 

This process is contained sensitivity and specificity of the process. These parameters can give the prediction of how 

long a test result will change the chances of having a disease. It named likelihood ratio is classified into positive LR 

and negative LR as follows,  

 

1) positive LR =
sensitivity

1−specificity
 

2) negative LR =
1−sensitivity

specificity
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Mathematically, the sensitivity and specificity is defined as,  

 

sensitivity =  
Number of true positives

total number of true positive and false negative
 

specificity =
Number of true negatives

total number of true negative and false positive 
 

 

Finally, this sensitivity provides the probability of positive test that the patient is having infection.  Specificity provides 

the probability of a negative test that the patient is good [23]. 

 

6. Results and Discussion 
Case 1 

Table 2 clearly shows that the probability of malignancy decreases rapidly and reaches the minimum 

probability within three months. The age of patient considering in this research is 50 years old, non-smoker and free 

from hemoptysis. 

Table 2: Probability calculation of a non-smoker having constant nodule size 

 

 

 

 
        

     Fig 1: Prior probability vs probability of malignancy-nonsmoker 

 

P(A) 

in % 

 

Age 

 

 

Smoking 

 

Hemoptysis 

 

 

Previous 

malignancy 

 

Size 

 

 

Location 

 

 

Edge 

 

 

Growth 

rate 

 

month 

 

P(B) 

in % 

50 50-59 No Absent Absent 1cm 
Upper/

middle 
smooth Benign 1 

11 

 

11 

 
50-59 No Absent Absent 

1cm 

 

 

Upper/

middle 
smooth Benign 2 1 

1 50-59 No Absent Absent 1cm 
Upper/

middle 
smooth Benign 3 0 
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Fig 1 is plotted for a non-smoker between prior probability and probability of malignancy. It is clear that a 

non-smoker has rapid decrease in probability of malignancy with respect to the decrease in prior probability. 

 

Table 3 clearly shows that the probability of malignancy increases gradually and reaches the maximum 

probability within ten months. The patient considered here is 50 years old, smoker and free from hemoptysis. 

 

Table 3: Probability calculation of smoker having constant nodule size 

                                                 

  

 
 

Fig 2: Prior probability vs probability of malignancy-smoker 

 

Fig 2 is plotted for a smoker between prior probability and probability of malignancy. It is clear that a smoker 

has gradual increase in probability of malignancy respecting the increase in prior probability. 

 

Case 2 

 Table 4 clearly shows that the probability of malignancy decreases rapidly and reaches the minimum 

probability within three months. The patient considering here is 50 years old, non-smoker and free from hemoptysis. 

P(A) 

in % 

 

Age 

 

Smoking 

 

Hemoptysis 

 

Previous 

malignancy 

 

Size 

 

 

Location 

 

 

Edge 

 

Growth 

rate 
month 

P(B) 

in % 

50 50-59 yes Absent Absent 1cm 
Upper/mi

ddle 
smooth Benign 1 

61 

 

61 

 
50-59 yes Absent Absent 

1cm 

 

 

Upper/mi

ddle 
smooth Benign 2 71 

71 50-59 yes Absent Absent 1cm 
Upper/mi

ddle 
smooth Benign 3 80 
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Table 4: Probability calculation of a non-smoker having constant nodule size 

                        

 

 

 
 

Fig 3: Prior probability vs probability of malignancy-nonsmoker 

 

Table 5: Probability calculation of smoker having variable nodule size 

 

 

P(A) 

in % 

 

Age 

 

 

Smoking 

 

Hemoptysis 

 

 

Previous 

malignancy 

 

Size 

 

 

Location 

 

 

Edge 

 

 

Growth 

rate 

 

month 

 

P(B) 

in % 

50 50-59 No Absent Absent 1cm 
Upper/

middle 
smooth Benign 1 

11 

 

11 

 
50-59 No Absent Absent 

1cm 

 

 

Upper/

middle 
smooth Benign 2 1 

1 50-59 No Absent Absent 1cm 
Upper/

middle 
smooth Benign 3 0 

P(A) 

in % 
Age Smoking Hemoptysis 

Previous 

malignancy 
Size Location Edge 

Growth 

rate 
month 

P(B) 

in % 

50 50-59 yes Absent Absent 1cm 
Upper/

middle 
smooth Benign 1 

61 

 

71 50-59 yes Absent Absent 2cm 
Upper/

middle 
smooth Benign 3 85 

85 50-59 Yes Absent Absent 3cm 
Upper/

middle 
smooth Benign 4 98 
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Table 5 clearly shows that the probability of malignancy increases and reaches the maximum probability 

within five months.  

 

Fig 4 is plotted for a smoker between prior probability and probability of malignancy. It is clear that a non-

smoker has gradual increase in probability of malignancy with respect to the decrease in prior probability. 

 

 
 

Fig 4: Prior probability vs probability of malignancy-smoker. 

 

Fig 5 is plotted for a smoker between prior size and probability of malignancy. It is clear that a non-smoker 

has linear increase in probability of malignancy with respect to the decrease in prior probability. 

 

 
 

      Fig 5: size vs probability of malignancy-smoker 
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Output figures 

 

The output of the enhanced and segmented images is shown below. It is clear that the nodule in the input 

image is slightly growing in the sequence of images. The enhanced image is the output of preprocessing in order to 

increase the visual and the output segmented image clearly segments the nodule part in all the cases. 

 

                                        
           Fig 6                     Fig 7                                                    Fig 8                        

                                 

Fig (6) original image of size 1cm (smoker) (7) original image of size 2cm (smoker) (8) original image of size 3cm 

(smoker) 

 

 The original lung CT scan image of the patient with increasing nodule size of 1cm, 2cm, and 3cm of 

consequent images is shown in fig 6, 7, 8 respectively. The images records that the nodule growth is minimum. 

 

  

                                           
            Fig 9                    Fig 10                                                            Fig 11                                                        

 

Fig (9) enhanced image of size 1cm (smoker) (10) enhanced image of size 2cm (smoker) (11) enhanced image of size 

3cm (smoker) 

 

 The enhanced lung CT scan image of the patient with increasing nodule size of 1cm, 2cm, and 3cm of 

consequent images is shown in fig 9, 10, 11 respectively. This enhanced image is to increase the contrast of the image 

by preprocessing algorithm as mentioned in step 1. The images are now clearly borders the nodule. 

 

         
               Fig 12                                          Fig 13 
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     Fig 14                                         

Fig (12) segmented image of size 1cm (smoker) (13) segmented image of size 2cm (smoker) (14) segmented image 

of size 3cm (smoker) 

 

 The segmented output of lung CT scan image of the patient with increasing nodule size of 1cm, 2cm, and 

3cm of consequent images is shown in fig 12, 13, 14 respectively. This segmented image has been obtained by the 

proposed algorithm; the benign and malignant nodules are marked and shown above. 

 

7. Conclusion 

 
 From Case 1: (a) The probability of malignancy decreases for the non-smoking patient when the nodule size 

remains constant. (b) The probability of malignancy increases gradually for the smoking patient even though the 

nodule size remains constant. So, it is quite confusing because the probability of malignancy seems it doesn’t depend 

on size of the nodule. Further cases have been considered. Case 2: (a) The probability of malignancy decreases for the 

non-smoking patient when the nodule size remains constant. (b) The probability of malignancy increases rapidly for 

the smoking patient when the nodule size increases. It is saying that the size of the nodule will directly proportional 

to probability of malignancy. 

 

 Since the size plays the major role in the probability of malignancy. Growth rate of nodule must be detected 

as soon. This proposed algorithm has been implemented for segmentation and early detection of the nodule.  This 

research will focus deep learning methods as a future enhancements in order to develop the efficient and accuracy of 

the process.  The development of algorithm mainly focuses for better improvement in speed of the process. 
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