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Abstract: Computer–aided detection and diagnosis systems 

have been adopted widely to improve the diagnosis performance 

by detecting and analyzing the lung diseases.  The pulmonary 

embolism is considered as a fetal condition related to lung where 

the blood clot cause blockage to the lung arteries and this 

condition can cause death to the patient. Early detection of blood 

clot can help to diagnose the pulmonary embolism. In order to 

detect the PE, lung segmentation and nodule detection is the main 

task for any CAD system. Several approaches have been 

introduced to perform the segmentation but the accuracy and 

false positives of segmentation remains a challenging task in this 

field. Thus, we focus on the lung segmentation and nodule 

detection using computer vision approach for PE detection and 

developed Maximum Likelihood Probabilistic model for 

Pulmonary Embolism nodule detection (ML-PPED). According 

to the proposed approach, first of all we extract the lungs regions 

i.e. left and right lung regions followed by segmentation and 

finally a maximum likelihood based probabilistic model is 

developed to detect the lung nodules. The performance of 

segmentation is measured in terms of dice similarity coefficient 

and average segmentation error which are computed based on the 

segmented outcome of the proposed model and ground truth data. 

The experimental analysis shows that the proposed approach 

improved the segmentation performance when compared with the 

existing techniques. 

Keywords: pulmonary embolism, nodule detection, computer 

vision, probabilistic likelihood maximization 

I. INTRODUCTION 

Pulmonary embolism (PE) is a life-threatening fatal disease 

and also a leading cause of human death. This condition 

occurs due to the extrication of blood clot (this blood clot is 

formed in leg and known as thrombus or embolus) from deep 

vein thrombosis (DVT) and blocks the pulmonary artery 

circulation. The smaller blood clot can cause moderate 

bleeding inside the lung, moreover excessive blood clot can 

cause the more blockage of the artery and patient can die due 

to the no respirational activity. The main symptoms of PE are 

manifested as chest pain, shortness of breath, orthopnoea, and 

coughing etc [1]. PE is one of the most chronic disease, a 

study shows that this disease affects 500,000 to 600,000 

people per year and causes 200,000 to 300,000 deaths per 

year in United States [2]. Another study presented in [3] 

shows that 100 new cases/100,000 are estimated per year in 
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Italy [3]. According to the study presented in [4], the PE 

disease will become the third most chronic and mortality 

disease by 2030.  

The American Heart Association categorizes the PE into three 

different categories such as: low-risk, intermediate risk, and 

high risk. High risk PE is described as the presence of 

continuous hypotension whereas intermediate-risk PE is 

defined in normotensive patients where strain is caused in 

right ventricular (RV) by echocardiogram, identified using 

computed tomography (CT) scan or cardiac biomarkers. The 

high risk PE is also known as Acute Pulmonary Embolism 

which has the higher risk and threats to the human. Thus, the 

early-identification of PE can be useful for efficient diagnosis.  

In the medical filed, Computer based applications has gained 

huge attraction from research community. These applications 

provide algorithmic solution to interpret the analysis from 

medical data which is acquired in the form of medical images 

or bio-medical signals. In this case of PE, the detection of PE 

and finding the location is considered as a challenging task. In 

order to overcome this issue, computer vision based schemes 

are introduced to solve the detection and diagnosis problem. 

The computer vision based solutions are divided into two 

groups as computer-aided detection (CAD) and the 

computer-aided diagnosis (CAD-x) which are based on the 

principle of image processing. CAD/CAD-x based 

applications are widely adopted for detection and diagnosis of 

several health related issues such as pulmonary nodule 

detection [5].  

In computer vision based medical application, Computed 

tomography imaging is considered as a promising technique 

which is widely adopted for diagnosis purpose. The CT X-ray 

images are widely used in PE diagnosis, these images are 

called as computed tomography angiography (CTA) images. 

These images efficiently display the lesions in blood vessels 

which helps to extract several information. In CT images of 

PE, the color is dissolved in blood and improves the 

brightness at the particular location however, the PE region 

remains dark because the color does not dissolve to 

embolism. Thus, it becomes a challenging task for 

radiologists to identify the dark spots and their corresponding 

embolism, moreover, it consumes more time and also results 

are unreliable because of false recognition of different masses 

as PE. In order to improve the PE image analysis, several 

techniques based on CAD systems are introduced using CTA 

images.  Recently, numerous techniques are present to 

identify and detect the PE based on CAD systems. Generally, 

the PE and tissues has the same intensity hence, identifying 

the PE from tissue is a difficult 

task. Limited works are 

presented to discriminate the 
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tissue and PE. In order to achieve the accurate detection of 

PE, Zkan et al. [6] developed a new approach for lung vessel 

segmentation. Pichon et al. [7] also presented PE detection 

approach where lung vessel segmentation is introduced using 

morphology scheme and later, a vessel tree is constructed to 

distinguish the contrast-enhanced blood. Choi et al. [8] 

developed feature extraction based scheme for pulmonary 

nodule detection where lung vessel segmentation is presented 

and later feature extraction process is implemented and 

finally, SVM (Support Vector Machine) classifier is used for 

classifying the nodules. This method of Computed 

tomography pulmonary angiography (CTPA) shows a 

significant improvement detection of the occurrence of PE 

[9].  With the help of CTPA, a study was conducted known as 

PIOPED (Prospective Investigation of Pulmonary Embolism 

Diagnosis) which shows that the specificity and sensitivity is 

obtained as 96% and 83% [10]. Dogan et al. [9] presented a 

study which shows that the sensitivity is obtained as 83-100% 

and specificity of CTPA scans is obtained as 89-96%. This 

study shows that the existing techniques may cause 

misdiagnoses which can be potentially life-threatening.  

Wu et al. [11] developed computed tomography imaging 

approach for PE detection. CTPA imaging is acquired and 

iodine distribution is also identified which helps to detect the 

perfusion defects. Later, iodine densities of perfusion defect 

and normal lung are measured to identify the blood flow and 

detection of perfusion defects. Tajbakhsh et al. [12] discussed 

about the PE detection using CAD based CTPA. Based on the 

previous studies, authors demonstrated that conventional 

CAD based PE detection systems suffer from the false 

positive detection which causes unnecessary burden for 

radiologists. In order to mitigate the issue of false positive 

detection, this work introduces convolution neural network 

based approach where a new model is developed to represent 

the 3D vessel-aligned image as a multi-planer image of 

emboli. According to this work, the aligned images are 

processed through the CNN training process for detection. 

This representation provides summarized information about 

emboli in 2 image channels, it helps to align the embolus 

according to the orientation of affected vessel and also, it 

helps for data augmentation for training.  

The perfusion defect plays important role in PE detection. 

Recently, Cid et al. [13] presented graph–model approach for 

to extract the significant information about perfusion from the 

several region of lung. This study shows that the previous 

works focus on the lung region analysis whereas this approach 

focused on the complete pulmonary circulatory and 

pulmonary hypertension. To apply this approach, Dual 

Energy Computed Tomography (DECT) images are 

considered where weighted graphs are constructed for 

encoding the network energy distribution.  

Generally, computed tomography based approaches are 

well-studied in this field of PE detection, similarly, Nagle et 

al. [14] presented magnetic resonance angiography (MRA) 

for PE diagnosis as an alternative of computed tomography. 

However, the performance of these methods depends on 

several characteristics such as data acquisition, and artifacts 

during acquisition. In this study, authors identify that most of 

the radiologists are comfortable with the CT imaging when 

compared with the MRA. Hence, in this work authors 

presented data acquisition details, image analysis and some 

other key aspects to improve the MRA image analysis which 

can be helpful for radiologists to improve the PE detection.  

According to the study presented in [15], the Computed 

tomography pulmonary angiography (CTPA) imaging 

systems have significant impact on the PE analysis and 

detection. The CTPA helps to evaluate the functionality of 

right ventricular (RV) dysfunction and right-to-left 

ventricular (RV/LV) diameter ratio which are related to PE 

mortality. Moreover, CTPA helps to identify the abnormal 

lung parenchymal features such as lung disease, infraction 

and effusions etc. Thus authors have suggested a postulate 

which shows the combining aforementioned ancillary finding 

with PE detection can help to improve the PE detection.  

In order to overcome these issue, we present a novel approach 

for PE detection using CT images. The proposed approach 

(ML-PPED) presents an approach for lung segmentation and 

later PE detection model is developed using computer vision 

approach. The main contribution of this work are as follows: 

(a) Developing the lung segmentation approach. 

(b) Developing the PE detection and segmentation model 

using computer vision approach  

Rest of the manuscript is organized in following sections: 

section II provides the proposed solution for PE detection, 

experimental analysis is presented in section III and finally, 

conclusive remarks are presented in section IV.  

II. PROPOSED MODEL  

In this section we present the proposed solution for PE 

detection from CT images. According to proposed 

ML-PPED model, first of all we present lung segmentation 

approach to extract the left and right parts of the lung from 3D 

image. The proposed solution of lung extraction is applied 

into three main stages which are as follows: (a) lung 

localization, (b) discriminating the left and right lung and (c) 

boundary detection and enhancement. Later, in the second 

phase, we present the lung vessel segmentation to detect the 

PE. Figure 1 shows the process of nodule lung region 

extraction and segmentation. Initially, the input images are 

considered in the DICOM format where we apply shape 

identification approach based on the edge detection where we 

consider the identified shape for the lung segmentation but 

due to poor shape identification, the segmentation 

performance degrades. Thus we apply adaptive thresholding 

approach which provides the complete shape of the lung. 

Based on this shape, we extract left and right region and the 

final segmented output is achieved which is further used for 

detecting the nodules. 

 
Fig.1. Lung region detection and segmentation process 
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1.1. Lung segmentation  

In this subsection, we describe the proposed solution for 

efficient lung segmentation to improve the PE detection 

process.  

(a) Lung Extraction 

The conventional methods of lung segmentation use threshold 

based approach for detection and localization the lung but due 

to complex structure and artifacts during image acquisition, 

these methods fails to provide the desired solution for the 

localization. Thus we present the adaptive threshold selection 

method. This threshold helps to identify the small variation in 

the tissue density. Here, it is assumed that the acquired image 

has only two voxels such as: body voxel these voxels are 

located in the dense body wall and chest structure, another is 

called as non-body voxels which are surrounding the subject’s 

body. The proposed adaptive threshold separates the body 

and non-body voxels to localize the lung. This process is 

performed using iterative process where   is the threshold at 

 iteration. In order to select the new threshold, we apply  

and separate the body and non-body voxels. Let   denotes 

the body voxel and  denotes the non-body voxel. With the 

help of these voxels, the threshold for the current iteration can 

be computed as: 

 
(1)  

This process of threshold selection is repeated until there is 

not much changes observed in threshold value. However, the 

initial threshold is selected based on CT number and for pure 

air and the number total number of voxels within the chest. 

  
Fig.2. Sample images of lung segmentation using proposed 

PPED approach. 

Once the voxels are identified, we apply 3D connected 

component analysis where background region is removed by 

identifying the connected components which are connected to 

the boundary of the still image. Moreover, the smaller and 

disconnected regions are also discarded and finally, we keep 

the biggest region in the considered volume. Thus the 

unwanted smaller volumes are removed from the processed 

image. However, at this phase, some internal cavities may 

remain untouched hence image filling is applied to obtain the 

complete shape of the lung.  

After localizing the lung regions, the left and right lung 

discrimination is the main task where anterior and posterior 

junction can be obtained between left and right lung. 

However, this junction can be very thin and the conventional 

thresholding methods fail to achieve the junction positions. 

Here,our main aim is to find the junction between lung parts 

to separate the right and left lungs. In order to find the 

junction position, we apply a dynamic programming where a 

search region is considered on a 2-D slice and it is propagated 

through all the slices. Here, we apply morphological erosion 

to distinguish the region of right and left lungs and later 

dilation is applied to restore the original shape of lung without 

connecting the removed parts. This process is performed 

using  erosion, given as: 

 (1)  

Where  denotes the set of lung slices,  represents the 

binary morphological operation,  denotes the connected 

binary elements and is used for scaling term.  

After achieving the left and right region, erosion is applied to 

reconstruct the  using conditional dilation which is 

performed iteratively. This conditional dilation process is 

given as: 

 (2)  

Where  is the morphological dilation operation, 

,  used as initial condition for dilation and 

later it is updated iteratively. This dilation process provides a 

reliable solution to discriminate two lungs. At this stage, we 

achieve left and right lung parts. Figure 2 shows a sample 

outcome of this process of lung localization. In next phase we 

focus on the segmentation of pulmonary embolism.  

(b) Segmentation  

In the field of medical imaging, the 3D filtering approaches 

play an important role to enhance the structure of medical data 

such as vessels, nodules and tissue boundaries. However, due 

to complex structure of lung, the lung segmentation and 

nodule detection becomes a challenging task in this field. Let 

us consider that a pixel value of lung is corresponding to the 

 segment (These segments are obtained using fuzzy 

clustering and each segment represents a class) which has the 

probability density as   where  denotes the set of 

parameters for density function. The probability density of a 

pixel can be expressed as: 

 

(3)  

 

Where  denotes the total number of obtained segments,  

denotes the prior probability of  segment. Let us consider a 

set of image pixel is given as . The 

segmentation task can be achieved inverse problem of 

parameter estimation as  i.e. the 

parameters estimation of each segment can provide us the 

segmented outcome of the image.  

We assume that the pixels values are independent and the 

maximization likelihood can helps to obtain the set of 

parameters of the current density function. This function can 

be written as: 

 

(4)  

 

In this process, we represent each image segment with the 

help of Gaussian distribution given as . 

Based on this distribution, we can compute the expected 

probability distribution of new pixel of the next segment of 

cluster. This can be computed as: 

 
(5)  

The eq. (5) gives the probability of next pixel, similarly, we 

compute the maximized likelihood of the complete data to 

estimate the parameters as: 
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(6)  

 

In this process, the parameters are computed for each iteration 

and thee likelihood also increases for eachiteaartion. This 

process is repeated until the overall process reaches to the 

convergence. Finally, maximum a posterior is applied for all 

pixel values to otain the segment labels as: 

 
(7)  

In order to achieve the optimal filter, we consider the lung 

vessel size and similar size filter response is considered for 

analysis. This can be obtained by computing the second order 

derivative of image at scale  which is given as: 

 

(8)  

 

denotes the normalization parameters 

In order to perform the PE segmentation, we integrate all the 

segmented vessels along with their size information. To 

integrate the segments, we consider that the largest vessels are 

 and smallest vessels are extracted as and the 

process of integration also performed from largest to smallest 

segment. The segment integration can be represented into two 

stages as: 

(a) Initial stage integration at : 

 
(9)  

 

Where  denotes the voxel structure at ,  

(b) if , then for  the 

integration can be expressed as: 

 
(10)  

III. RESULTS AND DISCUSSION  

In this section we present the performance analysis using 

proposed ML-PPED approach of pulmonary nodule 

segmentation. The complete experimental analysis is carried 

out using MATLAB tool using DICOM images. In this work, 

we have obtained publically amiable data and their 

corresponding ground truth [16]. For each patient, the CTA 

image slices are stored in DICOM format and ground truth is 

stored in .MAT format. The ground truth contains foreground 

and background voxels. This dataset include, 17 male and 18 

female patients for data acquisition where these patients are 

between 24-82 years. Total 8792 slices are present in this 

dataset where Patient24 and Patient32 have no PE-clots. 

Figure 2 shows some sample images obtained from this 

dataset.  

Similarly, we have considered LIDC standard image dataset 

to evaluate the performance of proposed ML-PPED lung 

nodule segmentation approach.  This dataset contains both 

low and high does CT images and these images are 

breath—held CT images with the size of 512x512. In this 

dataset, the in-plane pixel size varies between 0.5 and 0.8 

mm/pixel. During acquisition, the kVp range of these data 

was considered as 120-140 with 120 and the mA range was 

30-634 with the 145.1 standard deviation. The complete 

process of proposed approach is depicted in figure 3 where 

lung nodule region identification and the lung nodule 

detection outcomes are depicted. 

 
Fig.3. Lung nodule detection process. 

3.1 Performance measurement metrics 

In this section we present the brief discussion about lung 

nodule segmentation performance measurement metrics. The 

complete performance of proposed model is computed in 

terms of dice similarity coefficient (DSC) and Average 

segmentation error, the obtained performance is compared 

with the existing models.  

The dice similarity coefficient represents the similarity of 

segmented region. It is computed by taking the ratio between 

twice of the common number of elements in two set and sum 

of the total number of element in 

the two sets. This can be 

computed as: 
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(1)  

Where,  denotes the segmentation outcome of the algorithm 

and  denotes the ground-truth of the segmentation. The 

outcome of DSC always vary in the range [0,1] where 0 shows 

no overlap and 1 shows performed overlap between algorithm 

outcome and ground-truth.  

Similarly, we compute the average error rate as  

 
(2)  

Where,  represents the ground truth obtained of the dataset 

and  refers to the segmentation result obtained from the 

proposed algorithm 

The performance of proposed approach is compared with 

other approaches like distance regularized level set (DRLSE) 

[17] and a weight based level set method [18]. Dice similarity 

co-efficient (DSC) of two level set based algorithms DRLSE 

[17], WLSE [18] and proposed approach (ML-PPED) are 

shown in Table 1. It can be stated from Table 2 that the 

proposed method outperforms other level set techniques even 

without using any learning. 

Table 1. DSC performance comparison 

Technique 
Isolated 

Nodules 

Juxtaplural 

Nodule 

 
Min. 

DSC 

Max. 

DSC 

Min. 

DSC 

Max. 

DSC 

DRLSE 

[17] 
0.33 0.93 0.71 0.91 

WLSE [18] 0.78 0.94 0.79 0.87 

SDLS [19] 0.87 0.94 0.81 0.93 

Proposed 

(ML-PPED) 
0.89 0.95 0.83 0.94 

Similarly, we compute the segmentation error score and the 

performance of the proposed segmentation algorithm is 

further compared with different existing methods of 

pulmonary nodule segmentation. These results are shown in 

Table 2. 

Table.2. Error rate performance 

Technique 

Error Rate 

Isolated 
Pleural 

Adhesion 

Tachibana et al. [20] 0.28 0.40 

Kishore et al. [21] 0.18 0.18 

Dehmeshki et al. [22] 0.27 0.32 

Li et al. [23] 0.23 0.20 

Liu et al. (Self-adaptive 

FCM) [24] 
0.21 0.27 

Liu et al. (Fast 

weak-supervised 

segmentation) [24] 

0.12 0.17 

SDLS [19] 0.11 0.15 

Proposed Model 

(ML-PPED) 
0.9 0.14 

IV. CONCLUSION  

 In this work, we have focused on pulmonary embolism 

detection and segmentation. Generally, this occurs in the lung 

artery where a blood clot blocks the pulmonary circulatory.  

This issue of blood clot can lead towards the death of the 

patient, hence, early detection of this disease is an important 

task for medical researchers. However, due to complex 

structure of lung, the identification of these types of nodules is 

a crucial task. In this work, we present a novel approach for 

pulmonary nodule detection and segmentation using 

computer vision approach. According to the proposed 

approach, first of all, we identify the region of left and right 

lungs and their positions where we also remove the small 

connected components and background connected 

components to achieve the complete structure of lung. Later, 

we present probabilistic likelihood maximization approach 

with Gaussian distribution model where pixel probabilities 

are computed and updated in an iterative process where we 

achieve different types of vessels which are later integrated 

from larger segment to smaller segment to obtain the 

segmented region. This approach is implemented on 

publically available CTA image database and the 

performance of proposed approach is compared with the 

ground-truth of the database.  
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