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Segmentation of lung tissue from CT images is a challenging task in computer aided diagnosis 

systems. In this work, a patient-specific, automated model based approach to segment lung is 

proposed. Patient specific shape knowledge is obtained by preprocessing the same patient’s stack of 

lung CT slices. The algorithm divides the patient's stack into many groups and the first ‘n’ slices with 

maximum lung area from each group are selected and stored in the image database for further 

processing. Landmark points representing the boundary of the lungs are identified from each slice in 

the database and stored as shape vectors in the image database. Principal component analysis (PCA) 

reduces the number of landmark points, retains the major variations in the points in every slice in the 

database and constructs a shape model called point distribution model (PDM). As the model is 

generated from the same subject’s CT slices, it is initialized at the centroid of the diseased CT slice 

without manual intervention. The generated shape model can be retained for all the future 

examinations of the patient. The approach is tested using two datasets: one set with eight tuberculosis 

CT stack and the other containing six pneumonia and six lung consolidation CT stacks. The accuracy, 

average similarity index obtained using the overlap score and dice coefficient for both sets are (97%, 

97.9%), (0.970, 0.962) and (0.985, 0.983) respectively. The results show that the approach used in 

model construction to segment lungs from CT image slices has greatly improved segmentation 

accuracy. 
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1. INTRODUCTION 

 

 Medical imaging systems promote the production of huge collection of images by taking input 

signals arising from the attenuation of X-rays by the body of the patients for the accurate 

prediction of diseases. The challenge is to obtain an output image that is an accurate representation 

of the input signal and then analyze it and extract as much diagnostic information from the image 

as possible. Chest X-ray imaging procedure is cheaper than computed tomography (CT) for the 

diagnosis of lung disorders because of its low costs and weak radiation exposure. However, chest 

X-rays give negative results in many cases [1]. But Computed Tomography (CT) is considered to 

be an indispensable tool for the investigation of patients with suspected or known parenchymal 

lung diseases. CT images give more details than images from standard chest X-rays in terms of 

improved detection of lung disease, and provision of a specific diagnosis. These CT images are 

processed to extract meaningful information such as volume, shape and movement of organs 

which is used to detect and quantify malformations.  

 CT images contain increased amount of image data and hence any system that deals with 

diagnosing diseases, should perform segmentation. Segmentation partitions the image into 

different regions corresponding to organs, pathologies or other biological structures which helps in 

anatomical structure study, identification of region of interest to locate abnormalities, measure the 

tissue volume to compute the growth of tumor and treatment planning prior to actual therapies. In 

medical image processing, segmentation is considered to be one of the primary and most difficult 

tasks because of its low contrast, presence of noise and other imaging ambiguities. Manual 

segmentation of an organ results in inaccurate boundaries [2]. Automated segmentation aims at the 

extraction of the organ's boundary features without manual intervention and plays an important 

role in medical image analysis. Accuracy of segmentation determines the eventual success or 

failure of the diagnosing system. Usage and implementations of modern mathematical and 



physical techniques such as principal component analysis and convex property have increased the 

accuracy of segmentation. 

Density difference between air-filled lung parenchyma and surrounding tissues can be observed in 

a normal lung imaged with CT. A number of conventional lung segmentation approaches can be 

found in the literatures [3, 4] that rely on the above observation for the segmenting lungs. 

Conventional algorithms do not deliver suitable segmentation results if the lung fields are affected 

along the periphery [5]. Robust lung segmentation methods are needed to facilitate the quantitative 

assessment of diseases like lung cancer and pneumonia. In this work, a patient specific, model 

based lung segmentation approach is proposed in which the shape model is generated using the 

lung CT image slices identified from the lung CT stack of the same patient.  

The rest of the paper is organized as follows. Literature survey related to the work carried out is 

presented in Section 2. Section 3 deals with the methodology and system framework. 

Experimental setup is dealt in section 4 and the implementation results are presented in section 5. 

Section 6 deals with the conclusion and the scope for future work.  

2. RELATED WORK  

In the past few decades, though many effective algorithms have been proposed to perform 

computer-aided segmentation, it is still considered as a complex and challenging task. Though 

algorithms that segment using a threshold do not require complex operations, they are sensitive to 

outliers [5]. Medical images are usually noisy and suffer from intensity inhomogenity. Hence, 

threshold based algorithms are far from satisfaction though they do not require complex operations 

[5]. They also fail to segment accurately if the pathology bearing regions (PBR) are in the lung 

boundaries [6]. Parametric and geometric deformable models struggle to handle cases with 

spurious edges [7]. It has been found from several medical image segmentation techniques that 

improved convergence and robustness can be obtained when prior shape knowledge is utilized [8, 

9, 10]. 

 

2.1 Non Deformable Segmentation  

 

Elizabeth et al. [11]in their work towards significant slice selection for the diagnosis of lung 

cancer have used a segmentation technique based on modified Otsu algorithm and a greedy snake 

algorithm proposed by Williams and Shah [12]. During training, chest CT images with multiple 

slices were collected and right and the left lungs were segmented using Otsu’s method and snake 

algorithm. They applied region growing algorithm to separate the ROIs from which shape and 

texture features were extracted. The ROIs were labeled by an expert. This label information and the 

extracted features were used to train a radial basis function based neural network. The diseased CT 

image slices were also pre-processed and the ROIs were extracted. After experimenting, they found 

out if an ROI is a nodule then it exists in multiple adjacent slices. Based on this finding, the 

extracted ROIs greater than nine pixels and that existed in at-least three adjacent slices, which were 

considered for further analysis. The best slice among the adjacent slices was chosen based on the 

position and area of the nodules in the slices and feature extraction was done for the nodules from 

that best slice. These features were given as input to the trained neural network for classification. 

They have trained their system with 1564 chest CT slices and tested with 150 slices in Digital 

Imaging and Communications in Medicine (DICOM) format. They were able to detect the 

cancerous nodules with 94.44% accuracy.  

Elizabeth et al. [13] in their work towards the detection of bronchiectasis have used an optimal 

thresholding method to segment lungs. The ROIs were identified and gray level co-occurrence 

matrix (GLCM) features were extracted. A probabilistic neural network was constructed and 

trained along with the class labels obtained from an expert. They used the Mahalanobis distance 

measure and probabilistic neural network for performing diagnosis. Rules were generated for 

diagnosis and determining the severity of the disease. These rules were validated by an expert and 

stored in knowledge base for further analysis. They obtained an accuracy of 96.49% when 



Mahalanobis similarity measure was used and 98.19% was obtained when probabilistic neural 

network was used.  

Heuberger et al. [14] proposed a Lung CT segmentation algorithm using the Insight Toolkit 

(ITK). The segmentation algorithm used optimal thresholding, removal of noise and airways, 

rolling ball operation to reconstruct the borders of lung and finally left and right lung separation. 

This approach worked well if the PBR was internal to the lung. This technique was unable to track 

the lung if the PBR was peripherally placed. In cases, where a lung lobe touched the border, the 

lobe itself was eliminated along with the background. Their algorithm was tested on a collection of 

153 lung CT images taken from a database linked with a radiology teaching file called ‘casImage’, 

developed by the university hospitals of Geneva. After removing the non-standard images they had 

a collection of 141 images. In this collection, 59 were well segmented, small parts were missing in 

57 images, big holes were visible in 32 images and three images were badly segmented.  

Pu et al. [15] in their work have presented a lung segmentation algorithm called Adaptive 

Border Marching (ABM), which dealt with juxtapleural lung nodules. They used a Gaussian 

smoothening approach along the lung borders to remove the small contours which can be 

incorrectly considered as lung border, followed by a gray-level thresholding to obtain the lung 

regions. To remove non-lung regions, 2D flooding operation was performed using the pixels along 

the image borders as flooding seeds. After performing these preprocessing activities, the border of 

lung region was traced to form directed closed contours. This connected the local concavities 

formed by improperly excluded juxtapleural nodules. The algorithm proceeded along the border 

with an adaptive marching step length and found all of the convex tracks. The new set of contours 

formed was considered as a set of closed polygons. The results obtained were better than rolling 

ball approach but included a part of non-lung tissue into segmented lung parenchyma. They used 

CT images of 20 outpatients scanned for suspicion of pulmonary nodules. A panel of three 

radiologists determined 327 lung nodules out of which 67 were concluded as juxtapleural nodules. 

The contour of lung segmented manually by one radiologist was used as the reference standard. The 

approach included all juxtapleural nodules and obtained a mean over segmentation ratio of 0.43% 

and mean under segmentation ratio of 1.63% relative to the reference standard. Presence of large 

areas of heterogeneous parenchymal consolidation and mucus plugs hindered the detection of the 

pulmonary nodules. ABM algorithm did not suit images with large PBRs in the periphery. 

Puet al. [16] extended their work proposed in [15] for describing a shape break and repair 

strategy to segment lungs with juxtapleural lung nodules. In the initial modeling stage, marching 

cubes algorithm (MCA) [17] was used to extract and represent the lung as a surface model. To 

identify specific shape features of lung and also to remove the regions that were not parts of the 

anatomical structure, they used principal curvature analysis. The shape “break” operation resulted 

in a set of discrete and incomplete surface patches and hence the remaining incomplete regions 

were repaired with high fidelity as an implicit function. The interpolation and extrapolation 

properties of an implicit function were capable of “repairing” the removed suspicious regions 

smoothly. To assess the performance of the approach, 230 chest CT examinations collected from 

three different sources were used. The first set of CT examinations contained 20 cases of suspected 

pulmonary nodules obtained using a four detector row CT scanner. The lung boundaries in these 

images were manually segmented in a slice-by-slice manner under the guidance of a radiologist 

(ground truth).  The next set of CT examinations contained 52 suspected cases in which 58 

juxtapleural nodules were present and their positions have been marked by radiologists. These cases 

were used to measure the ratio of juxtapleural nodule inclusion. The third set of CT examinations 

contained 158 annotated cases obtained from the National Cancer Institute Website. They achieved 

an RMS error of 0.15±0.092 mm for segmenting lungs and an RMS error of 1.08±0.45 mm for 

segmenting nodules. The overlapping ratio between the computerized scheme and the ground truth 

was 69.91 ± 9.43%. 

Iakovidis et al. [18] proposed a lung segmentation approach using chest radiographs obtained 

from portable x-ray machines that can be used in the rooms of the patients who are critically-ill and 

immobilized. The local maxima of the horizontal and vertical image profiles were used to identify 

the salient points that were part of the densest structures surrounding the lung fields. Local maxima 

of the horizontal profiles corresponding to the spine and outer left and right boundaries of the lung 



field were also detected. They proposed a selective thresholding approach, which set all the 

intensities that were higher than those belonging to the region of the spine to zero, since they were 

unlikely to belong to the lung fields. The inner lung field boundaries were then determined by the 

maximum edge points between the spine and the lung fields. The edges were obtained via 

convolution with directional Sobel edge detector. Similar approach was followed for the detection 

of the lower lung field boundaries. The obtained points were plenty and were discarded by using a k 

nearest neighbor approach. The remaining salient points from the outer, the inner and the lower 

boundaries of each lung field were smoothly interpolated using Bezier curves. The subsequent 

curves were finally manipulated to form continuous closed curves segmenting the lung fields. They 

evaluated their approach on a set of radiographs of patients with bacterial pulmonary infections. 

Sensitivity and specificity obtained were 95.3% and 94.3% respectively. However, deficiencies 

were present wherever heart overlapped the lung fields. 

Anita et al. [19] in their effort to detect pleural effusion and pneumo-thorax have used two 

different segmentation algorithms since the same may not segment the diseased lungs correctly.  

Otsu’s segmentation, an iterative thresholding followed by morphological operations were used to 

segment lungs affected with pneumo-thorax and Canny edge detection followed by dilation and 

complementation. Otsu’s thresholding was used to segment the lungs affected with pleural effusion. 

The ROIs were identified using morphological operators. Texture features extracted from the ROIs 

were used to train the probabilistic neural network classifier. Their system achieved 95.458 % 

accuracy. 

Mesanovic et al. [20] used a 2D region growing algorithm to segment lungs from CT images. 

The input JPEG or DICOM image was converted to gray scale format. Optimal thresholding was 

performed on the grayscale image to obtain the binary image. Region growing segmentation was 

performed on this binary image. Pixels with lowest intensity (black pixels) on the boundary of the 

image were selected to be the seed pixels for the region growing to begin with. The difference 

between the pixel intensity and the region mean was considered as the similarity measure. If a pixel 

on its 4-connected neighborhood satisfies the similarity measure, the region was grown. The 

process was repeated until there were no more pixels present satisfying the similarity criteria. Post 

processing operations like edge detection, mask creation and filling were performed on the output 

of region growing to extract the lung parenchyma from the CT image. 

Chan and Vese [21] proposed an active contour model using curve evolution, Mumford–Shah 

functional for segmentation of any object in an image. Their segmentation approach was based on 

minimization of energy which prevents the evolving active contour, crossing the desired boundary. 

The algorithm did not depend on the gradient of the image as a stopping term. Their approach was 

able to segment even if the initial curve was not close to the image. Internal contours were also 

segmented. They tested this approach on synthetic and real images with different contours and 

shapes and found their approach performed better. 

 

    2.2 Active Shape Model (ASM) Based Deformable Segmentation  

 

Active shape model (ASM) based segmentation was introduced by Cootes et al. [8]. This 

model used a set of similar shapes that were aligned in a common coordinate system as its training 

dataset. A mean shape model was constructed using the shape variations that were learned from 

different training images. Knowledge about the intensities of the pixels in the mean shape model 

around every landmark point from all the shapes in the training set was also gained. The shape and 

the intensity information were used for segmentation by iteratively fitting the model on the target 

object. This technique was used to segment human brain, lungs and other organs [8, 9, 22].  

Ginneken et al. [9] in their effort towards diagnosis of tuberculosis have used ASM based 

segmentation [22] to segment lungs. The lung fields were sub divided into overlapping regions. 

Texture features and features based on “differences” were extracted from every region using the 

moments of responses to a Gaussian multi-scale filter bank. All regions were classified by voting 

among ‘k’ nearest neighbors by applying leave-one-out rule. A weighted multiplier was used to 

combine the classification results of each region, yielding an abnormality score for the image. They 

evaluated their approach on two databases. The first database was created from a tuberculosis 



screening program with 147 abnormal images and 241 normal images. They used the images from 

this database to generate the shape and the profile models and used it to segment the images in a 

database with interstitial disease. Since there were structural differences between the size of the 

model and the size of the lung fields in the interstitial disease database, the segmentation results 

were only satisfactory.  Their classification approach had a sensitivity of 0.86 and specificity of 0.5 

and an area under ROC curve of 0.820 in the tuberculosis database. The second database consisted 

of 100 normal images and 100 abnormal images with interstitial disease, for which the results were a 

sensitivity of 0.97, specificity of 0.90 and an area under ROC curve of 0.986. 

Ginneken et al. [23] presented extensions to the work proposed by Cootes et al. [8, 22]. They 

generated the shape model as suggested by [22]. The standard ASM used normalized first derivative 

profiles and the Mahalanobis distance cost function to construct the intensity or appearance model. 

In their approach, appearance model of each landmark point was constructed using a filter bank of 

multi-scale Gaussian derivatives to describe local image structure. The extracted 60 image features 

were reduced using sequential feature forward selection algorithm and is trimmed using sequential 

feature backward selection. This optimal feature set at each landmark point along the profile is fed 

into a K-nearest neighbor classifier during segmentation. Their segmentation approach was applied 

on 230 chest radiographs collected from a tuberculosis screening program. The data contained both 

normal and abnormal cases of patients of 16 years and older. ASMs with optimal features produced 

significantly better results than the standard ASM, with p<0.001 using a paired T test. 

Seghers et al. [10] proposed a system which optimizes shape and intensity characteristics 

simultaneously during search unlike ASM. Local gray-level appearance information at the landmark 

points were extracted from feature images as suggested by Ginneken et al. [23]. A landmark detector 

was defined which assigns a value to the point in the image that expresses the similarity between the 

gray-level appearances observed at that landmark point and the expected intensity pattern of that 

landmark as deduced from the training images. This value was stored as the intensity cost. The 

landmarks with lowest intensity cost in the image constituted a set of points that were equal to the 

true location of the landmark point of interest. In the generation of shape model, for every shape 

vector of every image in the training set, an independent localized shape model was constructed.  A 

cost function was built for this shape model to evaluate the plausibility of a shape vector encountered 

during search. Both the shape and the intensity costs were combined in a single cost function which 

was optimized using dynamic programming non-iteratively without the need of manual initialization. 

They evaluated their approach on the Japanese Society of Radiological Technology (JSRT) database 

containing 247 chest radiographs. The data was divided into two sets. First set containing 50 images 

was used in training the system and second set containing 44 images was used in validating the 

system. With 14 landmarks, the overlap coefficient values for the left and right lung were 90.1% and 

92.5%, respectively and with 40 landmarks, the overlap coefficient values were 92.2% and 87.1% 

respectively.   

Shi et al. [24] proposed an ASM based deformable model using both population-based and 

patient-specific shape statistics to segment lung fields from serial (repeated) chest radiographs. They 

used a modified scale invariant feature transform (SIFT) local descriptor to characterize the image 

features around each landmark point. The deformable contour was constrained by both population 

based and patient specific shape information. Population based shape statistics was used to constrain 

the contour in the first five radiographs, and from the sixth radiograph, the patient specific statistics 

collected from the previous five segmentation results were used. After performing segmentation, the 

patient-specific statistics were updated, to refine the segmentation results of the forthcoming time 

point images. They evaluated their algorithm without patient-specific shape statistics on JSRT 

database and obtained an average overlay percentage of 92% compared to 87% of normal ASM. 

They evaluated their approach with patient-specific shape statistics on their database of 17 monthly 

scanned serial chest radiographs from 39 patients and got an overlay percentage of 95.9% compared 

to 89.3% of normal ASM.  

Xu et al. [25] proposed a modified Gradient Vector Flow (GVF) based ASM method using a 

nonlinear function of the global GVF field for shape model fitting. The evolution of a point was 

regulated by both the direction and magnitude of the global GVF vector’s direction, which attracts 

the points to strong edges. The algorithm was applied to 50 (normal and abnormal) chest radiographs 



collected from the Japanese Society of Radiological Technology (JSRT) database and the CXR 

image database from the University of Alberta Hospital. They used ten normal cases taken from 

JSRT database and ten abnormal cases taken from CXR database, tested and the segmentation 

results were compared with the ground truth contours specified by an expert. Overlapping degree of 

segmentation achieved in left and right lungs were 88.6% and 89.6% respectively. 

Iakovidis et al. [26] have proposed a model based detection of lung field boundaries in chest 

radiographs obtained using portable x-ray machines. Segmentation of lung was realized in three 

phases. First phase involved the detection of salient points on the peripheral anatomic structures 

around the lung fields indicating the two regions bounded by the outer ribcage and the spinal cord. In 

the second phase, the chest radiograph was processed using selective thresholding algorithm as given 

in [27] so that the irrelevant image regions were removed from it. In the last phase, an active shape 

model-based algorithm that was constrained by binary approximation masks is used to segment the 

lung field boundaries.The success of the approach was evaluated on a set of 107 anonymous chest 

radiographs of patients hospitalized in an intensive care unit of the Chest Hospital of Athens 

‘Sotiria’. A leave-one-out cross validation scheme was employed. They obtained a mean overlap 

value of 90.6 and 92.3 for segmenting left and the right lungs. They also extended this work and 

proposed a framework for automatic extraction of the progress of Pneumonia from time-series 

medical images [27]. They used a modified ASM based segmentation approach in which binary 

approximation masks were used to automatically place the mean model over the lungs. The overall 

accuracy quantified by the area under receiver operating characteristic reached 90.0 ± 2.1%. 

Sun et al. [28] presented a three-step segmentation process in which the first step identified the 

ribs to initialize the shape model on test images. In the second step, a coarse segmentation was done 

which was adapted by means of a constraint optimal surface finding approach. They constructed 

their training set with 41 different total lung capacity lung CT scans without any signs of lung 

disease or other pathology and they were without contrast enhancement. Images in the training set 

were segmented using the commercial lung image analysis software pulmonary workstation 2.0. 

After the segmentations, marching cube algorithm (MCA) was used to generate triangle meshes [17]. 

By means of minimum description length (MDL) approach [29] based on shape index and 

curvedness, 2562 points were automatically identified on all meshes. The result of this step was a set 

of 41 meshes with 2562 vertices near the mediastinum. The shape model was constructed as 

proposed by Cootes and Taylor [30]. The centerlines of the rib in the CT volume were detected to 

determine isotropic scale and location parameters for a given CT data set. The lung model was set to 

its mean shape and initialized at the centerlines of the rib. During ASM matching, only inlier 

components were used to update model parameters. Random sampling techniques were used to find 

a subset of inliers by evaluating a number of randomly sampled subsets to update points. Finally an 

optimal surface finding approach was utilized to further refine the segmentation result. They 

evaluated their approach with 30 multi detector CT thorax scans of cancer patients in which 40 

abnormal slices containing lung tumors and 20 normal slices were used for testing which gave a dice 

coefficient of 0.975±0.006 and a mean absolute surface distance error of 0.84 ± 0.23 mm. 

Compared to the works discussed in the literature, the proposed model based segmentation 

approach is different in the following ways: first, the existing approaches uses CT lung images of 

different subjects to construct the shape model. The inter-patient shape varies largely as there are 

differences in gender, age and physical conditions. Hence the model generated may be far different 

from the target shape of the patient and may result in poor model initialization [31]. In the proposed 

approach, the CT scan slices of the same subject under examination is used to generate the model 

and hence the inherent benefit of patient specific shape knowledge is fed into the system, which 

increases segmentation accuracy. Second, in most of the existing approaches using chest radiographs, 

the landmark points around the lung boundary used to form the shape model are manually marked by 

an expert, [23, 24] or by using commercial lung image analysis software [28]. Identification of 

landmark points is a time consuming process and also the experts may not be available at remote 

locations and during their clinical visits for marking the landmark points. Hence, in the proposed 

system, the landmark points of the lung CT slices are identified by using a boundary neighborhood 

approach. Third, the existing approaches require proper manual initialization of the model 

sufficiently close to the target on the diseased CT slice in order to converge to the correct segmented 



lung image [32]. The proposed approach initializes the shape model without manual intervention on 

the diseased CT slice from which the left and the right lungs are to be segmented.  

3. METHODOLOGY  

The framework of the proposed system is shown in Figure 1. The major components of this 

approach are Pre-processing subsystem, slice selection subsystem, image database and 

segmentation subsystem. The subsystems are explained elaborately in the following sections. 

 

3.1 Preprocessing Subsystem 

    The slices in the beginning and the end of the lung CT stack contain very less lung area and 

hence they are not considered for processing. By experimentation, it is found that approximately one 

twentieth slices at the beginning and one twentieth slices at the end have very less lung area. In our 

work, the first 45 and the last 45 slices are not considered. The remaining slices are preprocessed. 

From this point onwards, lung CT stack will refer to the set of slices excluding the slices with very 

lesslung area. 
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Figure 1 System Framework 
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Input: Lung CT stack of a patient 

Process 

Step 1: Pixel-wise adaptive Weiner filtering defined by Eq.(1) is used to eliminate additive noise 

and de-blurring present in the lung CT stack. 
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where	����, ���is the pixel under consideration, �� is the noise variance and	  and	��are the 

estimates of local mean and variance around each pixel and that is given by Eq. (2) and (3) 

respectively. 
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where η is the N x M local neighborhood of each pixel in the CT image. 

Step 2: The de-noised and de-blurred lung CT stack, obtained in previous step is subjected to 

thresholding operation, to separate lung parenchyma from the background. Thresholding is an 

iterative process that finds a value at which the background and the lung tissues are well separated. 

When convergence is reached, the image is threshold at value Tc. Pixel values with intensity 

higher than Tc are set to 0 (black) to indicate lung tissues and the other pixels are set to 1 (white) 

to indicate background. 

Step 3: Empty cavities present within the lung parenchyma due to noise are removed by filling the 

holes with the same intensity level as the surrounding pixels.  

Output: Preprocessed lung CT stack of the patient. 

 

3.2 Slice Selection Subsystem 

The entire CT stack of a patient contains more than 900 slices. In order to cover the deviations in 

lung parenchymal area present in these CT slices across the stack, the entire stack is divided into 

groups and from each group, a set of representative slices with maximum lung area are selected to 

construct the shape model.  

Input:  Preprocessed lung CT stack of the patient. 

Process 

 

Step 1: The preprocessed lung CT stack is divided into ‘p’ groups with hundred slices each. Last 

group may have less than hundred slices.  

Step 2: The maximum lung area in every slice in each group is found using Eq. (4). The number of 

continuous black pixels which forms the left and the right lung in a CT slice contributes to the area 

of the lung.  

 

���� = max	�∀"#$%&�∑ '�(, )� + ∑ '�(, )���*$+,-#&.-              (4) 

 

where ),( yxf  represents a black pixel, left represents the left lung and right denotes the right lung.  

Step 3: The first ‘n’ slices from every group ‘p’ based on the decreasing value of maximum lung 

area are chosen to construct the lung model. The difference in area calculated among the ‘n’ slices 

may be small as they all belong to the same patient. Total number of CT slices chosen in the image 

database ‘N’ is given by Eq. (5) 

 

/ = 0 ∗ �                    (5) 

 

where ‘p’ refers to the number of groups and ‘n’ gives the number of slices selected from a group. 

By experimentation, p and n are chosen to be 9 and 5 respectively. The lung tissues in all the N 



slices are replaced with their original gray scale values. 

Output: N best slices  

 

3.3 Image Database 

 

   The N best slices are chosen without manual intervention and stored in the image database. This 

step is performed so that the representative slices present in the image database contribute their 

knowledge about the lung boundary towards the model construction and the system can segment 

with more accuracy. 

 

3.4 Segmentation Subsystem  

 

   The procedure to identify and mark the boundary coordinates of left and right lungs in the CT 

slices present in the image database is explained below: 

 

3.4.1 Lung Boundaries Tracing 

 

Input: Image database. 

Process: 

 The objective of this step is to find the boundary pixels of both the left and the right lungs. 

Moore's neighbor contour tracing algorithm with Jacob's stopping criterion [33] is used to identify 

the coordinates of the pixels present in the boundaries of the lungs. The algorithm is given below: 

Let T be a lung CT slice taken from the image database. Let P be a connected component of non- 

white cells in T. Let Q be an array which stores the boundary pixels and L(p) be the Moore 

neighborhood of a pixel p and is the set of 8 pixels which shares a vertex or edge with that pixel. 

Let 'c' denote the pixel under consideration.  

 

Step 1: Initialize Q to be empty.  

Step 2: From left to right and top to bottom scan the cells of T until a starting pixel s of P which is 

not white is found. Set c=s. 

Step 3: Insert s in Q. 

Step 4: Set the current boundary point pixel, p, to be the starting pixel, s i.e. p=s 

Step 5: Move to the pixel from which s was entered. 

Step 6: Set 'c' to be the next clockwise pixel in L(p). 

Step 7: If c is not white then insert c in Q, set p=c and move the current pixel c to the pixel from 

which p was entered; else advance the current pixel c to the next clockwise pixel in L(p). 

Step 8: Repeat step 7 until c not equal to s 

Step 9: Return Q. 

The algorithm is invoked twice to find the boundary coordinates of both the lungs and is 

repeated for all the ‘N’ slices in the image database. The boundary coordinates of both the right 

and the left lungs present in all the ‘N’ CT slices are stored in the image database along with the 

CT slices. 

Output: Boundary coordinates of both lungs in all the N slices. 

 

3.4.2 Landmark Points Identification 

 

Input: Boundary coordinates of both lungs in all the N slices. 

Process: 

Step 1: The number of boundary pixels of the left lung in all the ‘N’ CT slices present in the image 

database is considered. The lowest value among them equates to the number of landmark points 

chosen for the left lung and denoted as ‘left’.  

Step 2: The difference between the count of boundary pixels representing left lung in a CT slice 

and 'left' is found.  

Step 3: If the difference is zero, then all the boundary pixels in that particular left lung are 



considered as landmark points. Else, alternate boundary pixels are removed till the number of 

remaining coordinates equals the 'left'.  

Step 4: Steps 2 and 3 are repeated for all the left lung in the CT slices present in the image 

database. 

Step 5: Procedure similar to the steps 1-4 are repeated for the right lung of all the CT slices present 

in the image database. The number of landmark points for the right lung is represented as ‘right’. 

Totally, Z = (left + right) number of landmark points are identified. In this work, the value of ‘Z’ 

varied from 1290 to 1718 points. The shape variability of a target class is captured by these 

landmark points. 

Step 6: The (x,y) coordinates of every landmark point of a CT slice is represented as a shape 

vector (x1, y1, …..xn, yn). Thus, N shape vectors are used to generate the model using the approach 

described in [30]. 

Output:  Shape vectors of all the CT slices in the image database. 

 

3.4.3 Point Distribution Model Construction  

 

Input: Shape vectors representing landmark points of every image slice in the image database. 

Process: 

The ASM algorithm proposed by Cootes et al. [8] constructs a shape model from the images 

of different patients. Hence, it aligns the different images with respect to a set of axes by 

performing scaling, rotation and translation operations. This process is not needed in the proposed 

approach since it uses the same patient's CT slice. Building an unaligned shape model improves 

segmentation performance if enough data are available [8]. The steps 1 to 3 below are 

implemented as described in [23] and [30]. 

 

Step 1: The modes of variation, the ways in which the points of the shape tend to move together 

can be found by applying principal component analysis to the shape vectors. This is done by 

finding the mean shape ((̅), the 2n x 2n covariance matrix (3) and the Eigen vector ( Φ ) of the 

covariance matrix using the Eq. (6), Eq. (7) and Eq. (8) respectively. 

 

(̅ = �
�∑ ($�

$4�                   (6) 

    

3 = �
�∑ �($ − (̅��

$4� �($ −	(̅�5               (7) 

  

678_:�;<�Φ � = �Φ �=Φ �=Φ >=… . Φ -=�            (8)  
 
Where )( xx i −

T
i xx )( − of Eq. (7) is the deviation of every shape vector from the mean. 

Out of the ‘2n’ unit Eigen vectors of S, the modes of variation of the points of shape can be 

described by the first ‘t’ Eigen vectors corresponding to the ‘t’ largest Eigen values λ  and are 

retained in matrix Φ . It was observed that most of the variations can be explained by a small 

number of modes ‘t’ less than 2n where n represents the total number of coordinate pairs in the 

shape vector [30]. 

Step 2: The value ‘t’ to retain is chosen to explain a proportion fv of the variance in the different 

shapes, ranging from 90% to 99.5%. For a system without alignment, fv is preferred to be 0.995 

[23]. The desired number of modes is given by the smallest ‘t’ which satisfies Eq. (9). 

 

∑ A$ ≥ '� ∑ A$		��
$4�

-
$4�                  (9) 

Step 3: A shape can now be approximated using the mean shape and weighted sum of these 

deviations obtained from the first ‘t’ modes using Eq. (10). 



( = (̅ + Φ �                (10) 

 

The vector b gives the model parameters to minimize the sum of squared distances between the 

constructed and approximated landmark points and is given in Eq. (11) 

� = Φ
5�($ − (̅�               (11) 

The above equation generates new shapes by varying ‘b’ within suitable limits. The values of b are 

constrained to lie within the range±3√A$ when fitting the model to a set of points.A$represents the 

Eigen values with 'i' ranging from 1 to 't'. 

 

Output:  Point Distribution Model of Lung 

 

3.4.4. Intensity Model Generation 

 

Input: Shape vectors representing landmark points of every image slice in the image database. 

Process: 

ASM gains knowledge about the image structure around every landmark point from pixel 

profiles, sampled around each landmark, perpendicular to the contour. This step is implemented as 

described in [23]. 

Step 1: Image profiles8�, 8� …8�are sampled using linear interpolation around each landmark of 

every slice, perpendicular to the contour as given below: 

i) The direction perpendicular to a landmark (xn, yn) is computed by rotating the vector that 

runs from (xn-1, yn-1) to ( xn+1, yn+1) over 90
о
.In closed contours, for the first landmark, the last and 

the second landmark are the points from which a perpendicular direction is computed. For the last 

landmark, the second to last and the first landmark points are used. 

ii) On either side k pixels are sampled using a fixed step size, which gives profiles of length 

2k+1.  

iii) The normalized first derivatives of these profiles are computed using finite differences 

between the (j-1)
th

 and (j+1)
th
 point. The normalization is such that the sum of absolute values of 

the elements in the derivative profile is 1. These profiles are denoted as8�, 8� …8� . 
Step 2: The mean profile 8̅ and covariance matrix 3+are calculated using Eq. (6) and Eq.(7). 

Step 3: Mahalanobis distance measure is calculated between a new profile ig and the profile model 

using Eq.(12). 

'�8� = �8 − 8̅�53+��8 − 8̅�                         (12) 

Output: Intensity profiles of landmark points 

 

3.4.5 Shape Model Initialization  

 

Input:  Diseased image slice, point distribution model and intensity profiles generated in the 

previous steps. 

Process: 

Step 1: As the approach is patient specific, the mean shape model, which is the point 

distribution model, is initialized without manual intervention at the centroid using the Eq. (13) of 

the diseased image. 

 

7�7<FGH = IJ�KJ�
� L , IM�KM�� L             (13)  

 



The points (x1, y1) and (x2, y2) refers to two coordinates of the vertices of the diseased slice. If the 

size of the lung slice is m x n, the variables (x1, y1) represents the origin (0,0) and (x2, y2) 

represents the vertex opposite to origin with coordinates values (m, n). 

Output: Starting coordinates for initialization 

 

3.4.6 Shape Model Evolution  

 

Input: Point Distribution Model of Lung, intensity profiles of landmark points, diseased slice 

Process: 

Shape model evolution is implemented as described in [8]. Shape represented by the point 

distribution model is the starting shape for evolution. 

Step 1: Each landmark is moved along the direction perpendicular to the contour to ns positions on 

either side, evaluating a total of 2ns+1 position. Number of new positions to evaluate in each 

iteration on either side of current landmark position is given by ns and is set to six in this work. 

Step 2: The landmark is fixed at the position with the lowest Mahalanobis distance using Eq.(12). 

  Step 3: After moving all landmarks, the shape model is fitted to the displaced points, yielding an 

updated segmentation.  

Step 4: Steps 1 – 3 are repeated for Nsearch, a fixed number of times at each resolution in a coarse-

to-fine fashion. In this work Nsearch is set to 10 [23]. 

Output: Segmented Lung 

4. EXPERIMENTAL SETUP 

The proposed model based segmentation approach is compared with the standard ASM based 

algorithm [30] using lung CT stacks of 8 patients affected by tuberculosis (TB), 6 patients by 

pneumonia and 6 patients by lung consolidation. From each patient one diseased slice is identified 

for segmentation using both the approaches. These CT slices are also annotated by an expert and 

considered as the ground truth for each patient and the performance measures are calculated with 

reference to these slices.  

 

4.1 Testing Process 

 

As the standard ASM algorithm constructs the shape model using lung CT slices, gathered 

from different patients or healthy human, the available 20 CT stacks are divided into two sets with 

one set containing all the 8 CT stack images of the patients affected with TB and the other set 

containing all the 12 CT stack images of the patients affected with pneumonia and consolidation. 

Shape model constructed using twelve slices from each TB CT stack (8 x 12) is used to segment 

the lung tissues from the identified diseased CT slice of each patient from the second set. In the 

same way, shape model constructed using eight slices from each CT stack (12 x 8) of the second 

set is used to segment a diseased CT slice of each patient from the first set. The models are 

initialized on the identified diseased CT slices. A sample CT slice from the two sets, their model 

initialization and their segmented output are shown in Figures 8 and 9 respectively. 

In the proposed approach, the shape model is generated from the CT slices of the same 

patient. The lung CT stack of a patient contained 908 slices and the first 45 and the last 45 slices 

are not considered in the model construction as it contained very less lung area. The remaining 

slices were divided into groups of 100. The value 100 was tested and arrived by repeated 

experimentation. From every group, 5 CT slices with maximum lung area are chosen and stored in 

the image database. These slices are used to construct the shape model. The same sample CT 

slices from the two sets (chosen for standard ASM), their model initialization and their segmented 

outputs are shown in Figures 10 and 11 respectively. 

4.2 Performance Metrics  

 



The following performance metrics as given in [31] are calculated for all the 20 segmented 

outputs and the results are recorded in table 1, table 2, table 3 and table 4 respectively. These CT 

slices are also annotated by an expert and considered as the ground truth for each patient. The 

segmentation performance is calculated with reference to these slices.  

 

1. Accuracy is the proportion of rightly segmented pixels in the entire diseased slice. It is 

calculated as given in Eq. (14)  
 

�;;N��;) = �5OK5��
�5OK5�KPOKP��             (14) 

where TP is the number of lung pixels labeled by the expert and are correctly identified by the 

system, FP is the number of background pixels labeled as lung pixels by the system, FN is the 

lung pixels labeled as background pixels by the system and TN is the number of background 

pixels labeled by the expert and identified by the system as background pixels.  

 

2. Specificity is the proportion of background pixels correctly labeled as background pixels 

by the system and is calculated as given in Eq. (15) 

 

30�;7'7;7<) = 5�
�5�KPO�              (15) 

3. Sensitivity is the proportion of lung pixels correctly labeled as lung pixels by the system 

and is calculated as given in Eq. (16) 

 

3��Q7<7�7<) = 5O
�5OKP��             (16) 

4. Overlap score is a similarity measure between the segmented lung fields and the manual 

ground-truth and is calculated as given in Eq. (17) 

R���S�0 = 5O
�5OKPOKP��                          (17)  

5. Dice coefficient is another overlap measure between the segmented lung fields and the 

manual ground truth and is calculated as given in Eq. (18) 

  

T7;�UV�'' = �5O
��5OKPOKP��                                  (18) 

5. RESULTS ANALYSIS 

This section presents the results of the experiments along with the analysis and justification. 

The steps of the proposed approach are well demonstrated by showing the intermediate outputs 

considering the Input CT slice shown in Figure 2. Preprocessing results are shown from Figures 3 

to 6 and Figure 7 depicts the identification of lung boundary pixels. The performance of the 

proposed approach is compared with the performance of standard ASM. The results are shown 

from Figures 8 to 11. From the results obtained, it is clear that the proposed approach excels the 

standard ASM approach. As the inter-patient shape variation between the slices in set I and set II 

varies largely, the model deformation using standard ASM got stuck in local minima [31]. The 

model failed to fix exactly on the lung tissue portion and segment accurately which can be seen 

from the segmented outputs given in Figures 8c and 9c respectively. The red points in Figures 8b, 

9b, 10b and 11b indicate the generated shape model that is initialized on the test slice and the 

green points indicate the evolution of the shape model in that slice. The performance results are 



recorded in table 1, table 2, table 3 and table 4 respectively. 

The same 20 CT slices used in demonstrating the proposed ASM approach are segmented 

using region growing [20], optimal thresholding [13], active contour model [21], Otsu’s 

thresholding [19] and level set based segmentation [34] methods and the performance measures 

are recorded in table 5. The proposed shape based segmentation gave better segmentation accuracy 

compared to these algorithms. The above said algorithms yielded better segmentation results when 

the lungs are complete in its boundary. However, they failed when the pathology bearing regions 

are present along the periphery of the lungs. 

 

       Figure2: Input CT slice                Figure 3: Output after noise          Figure 4:Thresholded image 

                    Removal 

         

 Figure 5: Cavity filled image              Figure 6: Lung image in database      Figure 7: Boundary tracing 

 

5.1Comparisons of segmented lung images obtained using the standard ASM and the 

proposed approach.  

 

       (a)           (b)                       (c) 

Fig.8 Segmentation results on the first dataset using standard ASM (a) shows the input (b) shows 



the initialization of the model in the input (c) Segmented output. 

 

(a)         (b)       (c) 

Fig.9 Segmentation results on the second dataset using standard ASM (a) shows the input (b) shows 

the initialization of the model in the input (c) Segmented output  

 

        (a)             (b)                                     (c)  

Fig.10 Segmentation results on the first dataset using proposed approach (a) shows the input (b) 

shows the initialization of the model in the input (c) Segmented output  

 

        (a)          (b)           (c) 

Fig.11 Segmentation results on the second dataset using proposed approach (a) shows the input (b) 

shows the initialization of the model in the input (c) Segmented output  

 

5.2 Performance Metrics 

 
Table 1: Average values of Overlap Score between ground truths and the segmented outputs   

 

Methods Mean of Set I Std. deviation 

 of set I 

Mean of Set II Std.dev of set II 

Standard ASM 0.829 0.0015 0.834 0.0254 



Proposed 

work 

0.970 0.0024 0.962 0.0053 

 

Table 2: Average values of Dice coefficient between ground truths and the segmented outputs 

 

Methods Mean of Set I Std. deviation  

of set I 

Mean of Set II Std.dev of set II 

Standard ASM 0.843 0.0089 0.849 0.0288 

Proposed work 0.985 0.00693 0.983 0.0051 

 

Table 3: Average values of accuracy, sensitivity and specificity between ground truths 

and the segmented outputs obtained from both approaches in set I  

 

Methods Accuracy (%) Specificity (%) Sensitivity (%) 

Standard ASM 88 87 90 

Proposed work 97 96 98 

 
Table 4: Average values of accuracy, sensitivity and specificity between ground truths  

and the segmented outputs obtained from both approaches in set II 

 

Methods Accuracy (%) Specificity (%) Sensitivity (%) 

Standard ASM 86.3 88 85.4 

Proposed work 97.9 98 96.9 

  

 
 Table 5: Average values of Accuracy, Specificity, Sensitivity, Overlap Score and Dice Coefficient 

 Values obtained between the ground truths and the segmented outputs. 

  

Methods Accuracy 

(%) 

Specificity 

(%) 

Sensitivity 

(%) 

Overlap 

Score 

Dice 

Coefficient 

Region 

Growing 

92 91 93 0.87±0.047 0.869±0.032 

Optimal 

Thresholding 

85 84 85.3 0.819±0.016 0.81±0.022 

Active Contour 

Model 

82.4 81 83 0.79±0.032 0.79±0.043 

Otsu’s 

Thresholding 

82 81.8 83 0.782±0.029 0.78±0.033 

Level set 

segmentation 

84.2 83 85 0.81±0.026 0.80±0.035 

6. CONCLUSION AND FUTURE WORK 

    In this work, novel model based lung segmentation is proposed using patient specific shape 

knowledge which opens up new avenues to estimate the growth of a tumor, spread of cancer, 

damage of cells due to emphysema etc. Accurate lung field segmentation saves physicians’ efforts 

for manual identification of the lung anatomy and decreases the false positives of computer-aided 

diagnosis (CAD) in detecting the lung diseases. This shape-based framework can be applied for 

segmenting any other body organs in any imaging modality. The dependency on an expert in the 

initial stage for plotting of landmark points is not present and the shape model needs to be 

generated during the first consultation of the patient with a CT scan report. Using the same shape 

model for all the future consultations of the patient helps the expert to assess the growth of a 



tumor and spread of cancerous cells. If the pathology bearing regions are towards periphery in 

more than half of the CT slices in the image database, then the boundary of the generated shape 

model may not retain the expected lung shape. Work is being carried out as an enhancement to 

reconstruct the generated shape model using Bezier curves or rolling balls. In addition, the model 

is generated based on the maximum number of pixels present in the right and left half of the lungs. 

There are chances for this heuristics to fail. Hence, an intelligent component can be added to 

choose the right set of slices from the same patient for model generation.    
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