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Abstract 

Lung cancer is the uncontrolled proliferation of cancer cells in lung tissue.  Recently, numerous 

researchers have started working on lung cancer detection.  The technique for detecting lung 

cancer begins with selecting the Region of Interest (ROI).   ROI extraction in lung cancer 

diagnosis requires two steps: lung field segmentation and cancer candidate segmentation. Earlier 

research on lung cancer detection used manual ROI extraction, generally through cropping.  

Automatic segmentation can be hard, especially when separating the lung field from adjacent 

tissues. If the anomaly is significant and located near the lung's edge, the lung's edge may 

become obscured.  When segmentation is conducted, the image suspected of being cancerous is 

excluded from the lung image (the diseased portion of the lung is gone).  Thus, lung field 

segmentation is regarded to have failed. The suggested study intends to create a Region of 

Interest (ROI) extraction algorithm for automatic cancer candidate segmentation on CT scan 

images utilising the Active Shape algorithm and mathematical morphology techniques. The 

proposed research is separated into two stages: lung field segmentation using the Active Shape 

Model (ASM), and lung candidate segmentation using the mathematical morphology method. 

The Active Shape Model technique achieves 97.28% lung segmentation accuracy, with 96% 

sensitivity and 97.4% specificity.  Meanwhile, the Morphology technique achieves 99.4% 

accuracy in lung cancer candidate segmentation, with 96.2% sensitivity and 99.7% specificity. 

 

Keywords: ASM, CNN, Morphology, ROI. 

 

1. Introduction 

In general, lung cancer refers to all forms of cancer in the lungs, including cancer that develops 

within the lungs and cancer that develops outside the lungs (tumour metastasis in the lungs) 

(American Lung Association, 2023) (Widodo et al., 2020). Nodules are small, round, or egg-

shaped lesions in the lungs that are considered benign tumours. The diameter of pulmonary 
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nodules or benign tumours is usually 3-4 cm (no more than 6 cm) and they are always 

surrounded by healthy lung tissue. (Halmos et al., 2019) (Thompson et al., 2019) (Kustanto, 

Widodo & Tomo, 2015) (Zhou et al., 2016) (Abbas, 2017) (Tian et al., 2012) (Song et al., 2017) 

(Tran et al., 2019). Lung cancer can usually be identified visually by a doctor using CT scan 

images. The diagnostic procedure involves reviewing a set of 2-D CT scan images and 

evaluating each scan individually. The printed results are read by projecting the CT and X-ray 

images onto a lightbox. This method is, of course, less effective. The diagnosis of lung cancer, 

whether benign or malignant, can vary depending on the pulmonologist (Makaju et al., 2018). It 

may also depend on the kind, shape, size, and location of the cancer in the lung organ (Colakoglu 

et al., 2019). Early identification of lung cancer using CT scan pictures is critical.  

 

Recently, many researchers have applied artificial intelligence (AI) to detect lung cancer. The 

first study was conducted by Atsushi (Teramoto et al., 2019). The study used a deep 

convolutional neural network (CNN) to automatically categorise cancerous lung cells from 

microscopic pictures. The images were captured using a digital camera mounted on an optical 

lens with a 40mm focal length. Region of interest (ROI) extraction was performed manually via 

cropping. Data augmentation was employed to generate images through rotation, flipping, 

filtering, and colour adjustment. Based on the VGG-16 model adapted with Afine, the DCNN 

categorisation was completed. The malignant cancer image area was segmented with patches, 

and classification accuracy was assessed using three-fold cross-validation. The classification 

findings showed that the sensitivity and specificity were 89.3% and 83.3%, respectively. 

 

The next study is from Yuya Onishi (Onishi et al., 2019). The study used a deep convolutional 

neural network (DCNN) to automatically classify lung nodules on CT data. ROI extraction was 

achieved through hand cropping. The purpose of this study was to see if utilising generative 

adversarial networks (GANs) to produce a huge number of images will increase classification 

accuracy. The proposed technique was used to analyse CT scans from 60 cases with 

pathologically verified diagnoses via biopsy. Using this pretraining and fine-tuning procedure, 

66.7% of benign nodules could be distinguished from 93.9% of malignant nodules. These results 

show that the proposed strategy enhances classification success by about 20% compared to 

training with only original photos. 

 

A new deep learning technique was proposed by Giang Son Tran (Tran et al., 2019) to improve 

the accuracy of lung nodule detection classification. The objective of this study was to categorise 

potential lung lesions on CT scans as nodules or non-nodules. ROI extraction was performed by 

manual cropping. Automatic feature extraction and classification techniques used 15 layers. 

After training, the Focal Loss function was used to improve categorisation accuracy. The deep 

learning technique using focus loss resulted in high-quality classification with 97.3% accuracy, 

96.0% sensitivity, and 97.2% specificity. 

 

From the research conducted by several researchers above, ROI extraction was performed 

manually through cropping. ROI operations are critical in lung cancer detection. ROI extraction 
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in lung cancer diagnosis consists of two activities: lung field segmentation and lung cancer 

candidate segmentation. ROI operations are used to obtain objects to be detected, in this case 

images suspected of being lung cancer (cancer candidates). This procedure is tough, particularly 

segmenting the lung field, which entails isolating the lung portion from the surrounding tissue. If 

the abnormality is large and placed near the lung's edge, it can cause the lung's edge to become 

indistinct. This means that if segmentation is performed, the picture suspected of being 

malignant will be excluded from the lung image. Thus, lung segmentation is deemed 

unsuccessful. The proposed study attempts to create an automatic Region of Interest (ROI) 

extraction model on CT scan images utilising the Active Shape Model and mathematical 

morphology methodologies. The proposed study is divided into two stages: lung field 

segmentation with the Active Shape Model methodology and lung candidate segmentation using 

the Mathematical Morphology method. This study aims to improve the accuracy of detecting 

lung cancer in CT scan images. 

 

2. Method 

2.1. Materials 

2.1.1. Data Source 

Data were gathered from the LIDC-IDRI (Lung Image Database Consortium Image Collection), 

National Biomedical Imaging Archive (NBIA) a public dataset widely used for lung cancer 

detection research, and hospitals. 

 

2.1.2. Data Format and Size 

a. File Format: DICOM (.dcm) 

b. Dataset Size: Approximately 4 GB 

c. Number of Patients: ±100 patients 

d. Number of Images per Patient: Varies, between 60 and 100 slices. 

 

2.1.3. Image Resolution and Size 

a. Standard Resolution: 512 x 512 pixels 

b. Slice Thickness: Ranges from 0.6 mm to 5.0 mm 

c. Spatial Resolution: Depends on the CT device used; typically 0.5-0.8 mm per pixel. 

 

2.1.4. Colour and Intensity Scale 

a. Colour Type: Grayscale (8-bit or 16-bit grayscale) 

b. Intensity Range: -1,000 to +3,000 Hounsfield Units (HU), but usually converted to the [0, 

255] range for preprocessing and model training purposes. 
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2.2. ROI Extraction Process 

Region of Interest (ROI) extraction was performed by segmenting CT images to obtain images 

suspected of being lung cancer. The proposed ROI extraction model is shown in Figure 1. 

       
 

Figure 1. Proposed Modelling for ROI Extraction 

The ROI extraction process consists of two stages. It can be explained in detail as follows. 

 

2.2.1. Lung Field Segmentation 

The first step in Region of Interest (ROI) extraction is lung image segmentation. The Active 

Shape Model (ASM) is the proposed approach for segmenting the lungs. Tim Cootes developed 

the Active Shape Model (ASM), a statistical model, in the 1990s (Cootes et al., 1995). The initial 

stage in ASM is to generate a model with landmark positions from the image in the training data. 

The steps in lung segmentation using ASM can be explained as follows. 

 

1. Analysis Procrustes  

a. Procrustes analysis is a statistical shape analysis methodology that operates on a set of shapes.   

In this case, the shapes are equal by altering the translation, rotation, and scale components. A 

brief description of the steps for matching shapes ),,,,,,( 2211 nn yxyxyxX    and 

),,,,,,( 2211 nn wzwzwzZ   can be explained as follows: 

b. Translation 

Calculate the centre of mass for each shape: 
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Translate each shape to its centre of mass: 
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c. Scaling 

Calculate scaling for each shape using L2-norm: 
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d. Rotation 

Construct X  and Z  as follows: 
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Calculate Singular Value Decomposition (SVD) for XZ
T

*  and   find U, S, V. The rotation 

matrix (R) to match Z  to X  : 
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2. Shape Alignment 

The shapes of the elements in the training set differ in scale, rotation, and translation.   These 

variations must be eliminated in order to obtain a stable form model. The traditional technique is 

to align all forms to the mean shape and repeat the process until the mean shape does not change 

in two consecutive iterations. 

 

3. Principal Component Analysis (PCA) 

PCA is a linear orthogonal transformation that maps a data set to a new coordinate system.  The 

first dimension receives the data with the largest variation. The principal components are the 

eigenvectors of the covariance matrix. If s  is the covariance matrix of the training shapes, we 

have s sss PP  **  where 
s   denotes a diagonal matrix of eigenvalues: 
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4. Image Search 

During this stage, an unseen image is used to manually estimate the shape. The first form should 

strike the object edges in the unseen image while remaining sensible. ASM then determines the 

best movement by examining the edge profile and covariance matrix of the mean normalised 

derivatives acquired in the previous stage.  

 

5. The Initial Shape Estimation 

First, the user should choose a shape as the starting shape. This form should be as close as 

possible to the target object in the image.  If Xi is the original shape, it can be thought of as the 

translation, rotation, and scaling of a reference shape (Xref). 
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and Xref is a combination of X  and the model parameters: 

refref bPXX .
                   (12)

 

So, the final formulation is: 

irefiii tbPXsMX  ].)[,( 
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(Generally, 0refb  so XX ref  ) 

 

6. Changes to the Pose and Model Parameters  

To achieve satisfactory results, modify the basic shape by adjusting the pose and model 

parameters. These changes can be modelled as 
Xii dXX  , means Xi is replaced by 

Xi dX  , 
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a. Calculate Pose Parameter Changes 

 The effects of posture parameter changes on the Xi are: 

poseXi

ddd
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b. Calculate model parameter changes. 
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After adjusting the pose parameters, the remaining changes can be accomplished by tweaking the 

model parameters. These alterations only affect Xref in the final equations: 

elXrefref i
dXX mod    atau  

b

T
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               (17)

 

So, the final iX  oleh 
iXd  modification is: 
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By combination this equation with irefiii tXsMX  ])[,(   and considering 
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b. Calculate Each Landmark Movement 

We know that the last equations are independent and have no relationship with the desired object 

in the unseen image. To enable this link, compute the edge profile for each landmark in the 

initial shape.  

 

2.2.2. Lung Cancer Candidate Segmentation 

The stages in candidate segmentation using morphological mathematics can be described as 

follows: 

A. Image reduction for negative lung images.  The reduction process has the following stages: 

a. Lung images resulting from segmentation with ASM undergo a complement process, 

which will produce negative lung images. In binary images, the complement process 

transforms zeros into ones and vice versa.   To obtain the complement of intensity or RGB 

images, subtract the maximum pixel value (255) from the value in the image.   The 

complement of an image converts dark areas to light, and vice versa. 

b. Deduct the lung image from the negative lung image. 

c. The result of the above subtraction will undergo a morphological process. 

 

B. Edge Detection 

Edge detection is the technique of identifying substantial changes in an image's grey level. A 

image gradient measures differences in intensity level. For instance, if an image f(x,y) is a two-

dimensional function, the gradient vectors of x and y are the first derivatives with respect to x 

and y, which may be written as an equation (Mark, 2008). 

=             (20) 

The gradient operator calculates changes in grey level intensity and direction of change.   These 

changes are obtained from the value differences between neighbouring pixels. In two-

dimensional images, gradients are approximated using equation 25. 

=             (21) 
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This equation can be stated in matrix form 

=[-1 1]                  (22) 

Dan  

=                    (23) 

Meanwhile, the magnitude of the gradient can be computed using a variety of equation models, 

one of which is illustrated by equation 28. 

=             (24) 

In this work, edge detection is performed utilising the Prewitt convolution approach.  The Prewitt 

size is 3x3, with the horizontal element in the middle for Gx equal to 0 and the vertical element 

in the middle for Gy likewise equal to 0, as seen in equations 25 and 26 below. 

=            (25) 

And 

=            (26) 

 

C. Threshold 

Thresholding is the technique of dividing pixels based on the degree of greyness.  Pixels with a 

degree of greyness less than the specified threshold value are assigned the value 0, whereas 

pixels with a degree of greyness more than the threshold are assigned the value 1. 

 

D. Dilatation 

Dilatation adds pixels to the edges of each binary item, which are areas with a value of one.  

Dilatation creates 8 interconnected pixels around the item.  Dilation is the process of combining 

background points (0) into a portion of the item (1).  To employ dilation, position the centre 

point S at point A.  Assign the value 1 to all points (x, y) that are affected or overlapped by 

structure S at that location.  The dilation equation is illustrated in equation 27 below. 

 

D(A,S)=A+S            (27) 

 

E. Filling the Image Area 

To fill the image area, a morphological reconstruction approach is applied.  The image area 

consists of dark pixels bordered by lighter pixels.  After determining the image position, the 

following step is to fill the location (image area) with four background neighbour connections for 

2-D input images and six background neighbour connections for 3-D input.  This method 

produces areas surrounded by light-colored pixels with a value of one. 
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F. Erosion 

Erosion removes 8 pixels from binary objects that are related to the object's edges. Erosion is the 

process of removing object points (1) and incorporating them into the background (0).  To 

employ erosion, locate the pivot point S at point A. If any part of S is outside of A, the pivot 

point is eliminated or changed to background. Equation 28 illustrates erosion. 

 

E(A,S)=AxS                 (28) 

 

G. Multiplication 

Image multiplication is performed to obtain the final nodule candidate image. Image 

multiplication can be performed by multiplying each pixel by a certain value. Mathematically, 

this can be modelled using equation 29 below. 

           (29) 

 

           (30) 

 

with 

Th  1 

F(x,y) is the original image, and Nf(x,y) is the image resulting from multiplying the intensity of 

the original image by the value of Th. In this study, the multiplication process involves 

multiplying the candidate cancer mask image resulting from the erosion process with the 

complement subtraction image. 

 

3. Result 

The first experiment involved segmenting a CT scan image of the lungs from the 29th slice with 

a substantial abnormality, as illustrated in Figures 2 and 3. 

 

 
Figure 2. Segmentation Process with ASM 

 

Figure 3 displays the findings of lung segmentation. 
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            (a)                                                                              (b) 

Figure 3. (a) Lung Contour, (b). Final Lung Image 

 

The complete lung segmentation results are given in Figures 4, 5, and 6. 

 

 
Figure 4. Sequential CT images of the patient 
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Figure 5. Contour of Segmentation Results with ASM 

 

 
Figure 6. Image of the lungs 

  

Figure 7 shows a comparison of segmentation results obtained using thresholding, active contour 

segmentation, and ASM.  In the thresholding and active contour approaches, if the anomaly is 

large, it is not included in the lung picture. 
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(a)                            (b)                                  (c)                      (d) 

Figure 7. Lung Segmentation Results in Great Shape abnormalities 

 

(a) Manual segmentation Results by Groundthruth, (b). With Thresholding Segmentation, (c). 

The results of the Active Contour Segmentation, (d) Segmentation with ASM. 

 

To determine the accuracy of the lung segmentation approach, the Active Shape Model (ASM) 

method was compared to ground truth lung segmentation data.  The ground truth lung 

segmentation process is completed by outlining the lung borders on the original CT scan image 

with the Paint software. To calculate the accuracy, sensitivity, and specificity of lung 

segmentation, the segmentation data obtained by ASM is combined with the segmentation image 

obtained through ground truth.  The observed pixels were then classified into four categories: TP 

(true positive), TN (true negative), FP (false positive), and FN (false negative).  TP denotes lung 

pixels that were accurately identified as lung pixels.  TN refers to non-lung pixels that have been 

accurately detected.  FP refers to non-lung pixels that have been wrongly labelled as lung pixels.  

FN represents lung pixels that were not detected. To assess the performance of the suggested 

segmentation approach, accuracy, sensitivity, and specificity were determined.  Accuracy 

represents the effectiveness of the given procedure.  Sensitivity refers to the proportion of lung 

pixels that are accurately recognised.  Meanwhile, specificity refers to the proportion of non-lung 

pixels that are not wrongly identified as lung.  The formulas for accuracy, sensitivity, and 

specificity are as follows: 

 

               (31)    

 

               (32) 

 

                       (33) 

 

 

Table 1 shows the findings of ASM-based lung area segmentation. 
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Table 1. Results of Lung Segmentation Testing Using Active Shape Model 

NO IMAGES TP TN FP FN 
ACCURACY 

% 

SENSITIVITY 

% 

SPECIFICITY 

% 

1 

0005-

000040 21892 90453 1536 384 98,3 98,2 98,3 

2 

0007-

000065 21185 91514 1277 487 98,4 97,7 98,6 

3 

0008-

000024 23493 88616 1667 1471 97,2 94,1 98,1 

4 

0008-

000027 24853 87309 1403 687 98,1 97,3 98,4 

5 

0011-

000026 51388 60803 1515 2094 86,6 96 80 

5 

0017-

000014 40160 71296 3417 805 96,3 98 95,4 

6 

0018-

000003 12401 10028 642 593 98,9 95,4 99,3 

7 
0019-

000012 22529 90086 1647 530 98,1 97,7 98,2 

8 

0023-

000042 33789 77564 2658 1303 96,5 96,2 96,6 

9 

0023-

000055 29811 81816 2004 691 97,6 97,7 97,6 

10 

0024-

000010 22605 89659 1423 1928 97,1 92,1 98,4 

11 

0024-

000013 20292 92038 1574 426 98,2 97,9 98,3 

12 

0024-

000050 22570 89595 1751 1247 97,3 94,7 98 

14 

0030-

000002 20019 92491 1246 445 98,5 97,8 98,6 

15 

0030-

000013 29455 82493 1858 1380 97,1 95,5 97,7 

16 

0030-

000014 30084 81912 2320 1225 96,9 96 97,2 

17 

0030-

000015 
29451 82594 2751 972 

96,7 
96,8 

96,7 

18 

0032-

000014 
22165 90113 1899 884 

97,5 
96,11 

97,9 

19 
0034-

000044 
24850 87148 2330 538 

97,5 
97,8 

97,3 

20 

0035-

000010 
15016 97773 1171 372 

98,6 
97,5 

98,8 

21 

0035-

000017 
16181 96116 972 297 

98,8 
98,1 

98,9 

22 

0035-

000018 
17185 95171 1027 945 

98,2 
94,7 

98,9 

23 

0035-

000029 
19769 92624 903 2061 

97,4 
90,5 

99 
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24 

0036-

000014 
27088 84672 2176 691 

97,4 
97,5 

97,41 

25 

0036-

000019 
25637 86397 2951 2038 

95,7 
92,6 

96,6 

26 

0036-

000048 
29226 82666 1085 3635 

95,9 
88,9 

98,7 

27 

0037-

000043 
24149 87671 1244 1007 

98 
95,9 

98,6 

28 

0040-

000031 
24236 88128 1122 717 

98,3 
97,1 

98,7 

29 
0040-

000032 
26493 85593 1278 681 

98,2 
97,4 

98,5 

30 

0040-

000062 
35093 76453 1667 1343 

97,3 
96,3 

97,8 

 Average 97,2 96 97,4 

 

Table 2 shows the results of comparing the suggested method's accuracy to those of other 

approaches. 

                              Table 2. Accuracy Comparison 

Metode 

Segmentasi 

Accuracy Sensitivity Specificity 

Threshold 95.6 97.6 95.1 

Active 

Contour 

84.2 96.2 74.3 

ASM 97.2 96 97.4 

           

After segmenting the lung area, the second stage in determining the Region of Interest (ROI) is 

to use a morphological technique to segment images that are suspected of being lung cancer.  

Figure 8 depicts the results of the morphological method used to segment lung cancer candidates. 

 

 
Figure 8 depicts the stages of the lung cancer candidate segmentation process. 

 

To test the accuracy of the cancer candidate segmentation approach, segmentation results 

utilising the morphological method were compared to segmentation results obtained by ground 

truth.  The lung cancer candidate segmentation process was conducted out by labelling photos 



     International Journal of Advanced Engineering and Management Research  

Vol. 10, No. 04; 2025 

ISSN: 2456-3676 

www.ijaemr.com Page 127 

 

suspicious of abnormalities (nodules) with the Paint program.  The cancer candidates' contours 

are obtained by segmenting the marked results using morphological mathematics. To calculate 

the accuracy, sensitivity, and specificity of lung organ segmentation, morphological mathematics 

segmentation results are combined with ground truth segmentation results, which are translated 

to unsigned integer (uint8) data type.  The detected pixels are then divided into four categories: 

true positive (TP), true negative (TN), false positive (FP), and false negative (FN).  TP is a lung 

cancer candidate pixel that was appropriately identified.  TN is an accurately recognised non-

lung cancer candidate pixel.  FP is a non-lung cancer candidate pixel that has been classified as a 

lung cancer candidate pixel. Meanwhile, FN is a lung cancer candidate pixel that has not been 

discovered.  To assess the performance of the suggested segmentation approach, accuracy, 

sensitivity, and specificity were determined.  Accuracy represents the effectiveness of the given 

procedure.  Sensitivity represents the proportion of lung pixels that are accurately recognised.   

Meanwhile, specificity refers to the proportion of pixels that are not lung cancer candidates and 

are not falsely identified as such. The results of the testing yielded accuracy, sensitivity, and 

specificity values as shown in Table 3. 

 

 Table 3. Results of Cancer Candidate Segmentation Testing 

 
 

The images of lung cancer and artery candidates extracted from ROI are shown in Figure 10. 

 

                  
Figure 10.  Images of Cancer Candidates and Arteries 
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4. Discussion  

As previously stated, the automatic ROI extraction process comprises of two stages: lung area 

segmentation and lung cancer candidate segmentation. For lung area segmentation, three 

methods were tested: threshold, Active Contour Snake, and Active Shape Model (ASM). For 

lung cancer candidate segmentation, two methods were tested: Active Contour Snake and 

Morphological Mathematics. To assess the accuracy of the segmentation approaches, the 

Receiver Operating Characteristic (ROC) curve was utilised, which incorporates accuracy, 

sensitivity, and specificity. Accuracy was used as the primary evaluation parameter because it 

reflects the method's precision in identifying the entire lung area in medical images. The 

sensitivity value represents the method's ability to detect lung pixels as part of the relevant 

object. The specificity value reflects the segmentation method's ability to correctly identify non-

lung areas. To determine the most suitable method, a statistical test was conducted. To find the 

best lung segmentation method, a Mann-Whitney statistical test was performed. This is because 

the data is not assumed to be normally distributed. For lung segmentation, compare the ASM 

method with the threshold, ASM with Active Contour Snake, and finally, the threshold with 

Active Contour Snake. Meanwhile, to find the best method for segmenting lung cancer 

candidates, a comparison test was conducted between the Active Contour Snake method and 

morphological mathematics. The results and discussion of the testing of lung segmentation 

models and lung cancer candidates are explained in detail as follows. 

 

The first test was comparing the performance of the Active Shape Model (ASM) and the 

threshold technique.  This test employs ROC operation data, which includes the accuracy, 

sensitivity, and specificity of each approach.  A non-parametric Mann-Whitney U test was used 

to assess whether there is a significant difference in ROC accuracy between the Active Shape 

Model (ASM) and the threshold technique, as the data was not considered to be regularly 

distributed. The Mann-Whitney test on the accuracy data yielded the test statistic value U: 461.0 

with a p-value of 0.00148.  Because the p-value is smaller than the significance level of 0.05, it is 

possible to conclude that the two lung image segmentation methods differ statistically 

significantly in accuracy. This means that the difference in accuracy values produced by the two 

methods did not occur by chance. A descriptive examination of the accuracy figures reveals that 

the ASM approach has a mean of 97.27% with a standard deviation of 2.17%, whereas the 

threshold technique has a mean of 96.19% with a standard deviation of 1.54%.  The greatest 

value obtained by the ASM approach is 98.92%, while the minimum value is 86.67%.  

Meanwhile, the threshold method achieves a maximum of 99.18% and a low of 93.66%. 

Although the threshold method produces the highest individual accuracy value, the ASM method 

demonstrates more stable and consistent performance in achieving high accuracy, as evidenced 

by its higher median value (97.54%) and third quartile (98.28%) compared to the threshold 

method. These results indicate that the ASM method consistently outperforms the threshold 

method in terms of lung image segmentation accuracy. 

 

The following study will compare the performance of two lung image segmentation methods: the 

threshold technique and the active contour snake method. Based on descriptive statistics, the 
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ASM method has a higher average accuracy compared to the Active Contour Snake method, at 

96.16% versus 92.81%. Additionally, the maximum accuracy value of ASM (99.17%) indicates 

the potential of this method to provide highly precise segmentation results. This statistically 

significant difference in accuracy indicates that the ASM method is superior in classifying lung 

and non-lung pixels overall. This advantage can be attributed to the characteristics of ASM, 

which integrates global and local shape information simultaneously. 

 

The following study will compare the accuracy of two lung image segmentation methods: the 

threshold technique and the active contour snake method.  The following study will compare the 

performance of two lung image segmentation algorithms, the threshold method and the active 

contour snake approach, using ROC metrics to determine accuracy, sensitivity, and specificity. 

Because the sample size is uneven and the data distribution is not considered to be normal, the 

Mann-Whitney U test is employed as a non-parametric statistical method to compare the two 

methods and decide whether there is a significant difference.  The statistical test shows that the 

threshold technique has an average of 96.08%, while the active contour snake method has an 

average of 92.41%.  Median accuracy: The threshold approach is more accurate than the Active 

Contour Snake method (96.32% vs. 92.45%). Additionally, the accuracy range of the threshold 

method is broader but still shows a high maximum value (up to 99.18%). From the Mann-

Whitney test analysis, the results are U: 6.0, p-value: 0.007. Since the p-value is < 0.05, it can be 

concluded that there is a statistically significant difference between the accuracy of the threshold 

method and the active snake contour method. This means that the threshold method provides 

segmentation results with significantly better accuracy than the active snake contour method. 

Because the p-value is less than 0.05, we may conclude that there is a statistically significant 

difference in the accuracy of the threshold technique and the active snake contour method. This 

means that the threshold method provides segmentation results with significantly better accuracy 

than the active snake contour method. 

 

For the segmentation of lung cancer candidates, two methods were tested. These methods are 

ASM-Morphology and ASM-Snake. To evaluate whether there were statistically significant 

differences, the Mann-Whitney test was applied to each method's accuracy statistics.  Descriptive 

analysis revealed that the ASM-Morphology approach had an average accuracy of 99.5694% 

with a standard deviation of 0.3475, and the ASM-Snake method had an average accuracy of 

82.9732% with a standard deviation of 3.2119. The Mann-Whitney test resulted in a U value of 

0.0 and a p value of 0.00000022, which is significantly lower than the chosen significance level 

(α = 0.05).  These findings show a considerable difference in the accuracy of the ASM-

Morphology and ASM-Snake approaches.  The statistical test results show that the ASM-

Morphology approach achieves much higher segmentation accuracy than the ASM-Snake 

method. The significant difference in average accuracy values, which reached approximately 

16.6%, demonstrates the superiority of the ASM-Morphology method in detecting lung cancer 

candidates with greater accuracy and consistency. The smaller standard deviation in the ASM-

morphology method also indicates that the segmentation results are more stable and less variable 

across experiments. 
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Conclusion  

Based on the testing, the Region of Interest (ROI) extraction for lung region segmentation 

utilising the Active Shape Model technique has an accuracy of 97.2%, sensitivity of 96%, and 

specificity of 97.4%.  The accuracy, sensitivity, and specificity of cancer candidate segmentation 

were 94.4%, 96.2%, and 99.7% respectively.  This suggests that ROI extraction utilising the 

Active Shape Model and morphological approaches can serve as a model for automatic ROI 

extraction. This conclusion is based on the high accuracy, sensitivity, and specificity values. 
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