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Abstract-Lung diseases are the common disorder that can affect the 

lungs and create breathing problem in all the humans. CT images 

plays an important role for diagnosing the lung diseases.This project 

proposes a Particle swarm based optimization technique to select the 

best features. Initially the features can be extracted based on B-HOG 

features, Wavelet features, LBP features and CVH features. The 

feature selection process were employed based on is Particle swarm 

based optimization (PSO) is the objective function. The selected 

features were then classified using different classifiers like SVM, 

Artificial neural network and Fuzzy nearest neighbourhood. For all 

the considered classifiers, our PSO method brought the better 

recognition. The advantages on computation effectiveness and 

efficiency of PSO are shown through experiments. The performance 

analysis is to calculate the accuracy, sensitivity and specificity. 
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1. Introduction 
 

Computed tomography (CT) scan is used for diagnosis the lung 

diseases.This paper focuses on automatic classification of lung 

lesion in CT Images and it plays an important role in the 

diagnosis of lung diseases. We call this kind of CT findings as 

the common CT imaging signs of lung diseases (CISL).We 

summarized nine categories of CISLs, Fig. 1 explained in the 

following. These CT signs are often used in the diagnosis of lung 

diseases. 

 

 Grand Grass Opacity  

 Lobulation 

 Cavity and Vacuolous  

 Spiculation 

 Pleural Indentation 

 Obstructive Pneumonia 

 Calcification 

 Air Bronchogram  

 Bronchial Mucus Plugs 

 
 

Fig. 1. Instances of nine categories of CISLs 

Fig.1 shows Instances of nine categories of CISLs which are 

indicated by the smaller rectangles in lung CT images and 

magnified to display clearer in the bigger rectangles overlapping 

on the images. 

 

2. Review of Related Research 
 

A handful of researches are available in the literature for 

encoding an image based on ROI. A brief review of some of the 

recent research works is presented here.  

Wai Yan Nyein Naing, Zaw Z. Htike[1] this paper describes the 

chest radiography in tuberculosis screening. Image segmentation 

are applied in many image pre-processing areas such as 

recognition of object, image security and image compression and 

query from image database,.  

Mr. Anup R. Aswar1, Ms. Kunda P. Nagarikar2,and Prof. Pragati 

D. Pawar[2]says Identification  and  characterization  of  diffuse  

parenchyma  lung  disease  (DPLD)  patterns  is  very  difficult. 

An automated scheme for volumetric quantification of interstitial 

pneumonia (IP) patterns are identified and by 3D automated grey 

level segmentation lung-field segmented is achieved. In pre-

processing process thresholding is combined with an edge-

highlighting wavelet is achieved. 

Meng Yi1, Tatyana Nuzhnaya1, Vasileios Megalooikonomou1, 

Xinggang Wang2, Longin Jan Latecki1, Mark Kohn4, Robert 
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Steiner3[3]propose a locality-constrained linear coding based 

approach for classifying lung images in a computed tomography 

(CT) image set. This method can be used to assess the tissue 

patterns in CT lung images which assists in the diagnosis of 

Pulmonary Emphysema. The Lung images are divided into 4 

categories corresponding to different lung diseases. 

S.Shaik Parveen Dr.C.Kavitha [4] says that a   attempt  has    been    

made    to    summarize some  of  the  information  about  CAD  

and  CADx  for  the purpose  of  early  detection  and  diagnosis  

of  lung  cancer. Interpretation of medical images can be done by 

two procedures (a) Computer Aided Detection (b) Computer 

Aided Diagnosis. CAD helps to scan the digital images and 

Computed Tomography is used to highlight the conspicuous 

sections for typical appearance, such as focal areas of lung 

nodules. Segmentation of an image entails the division or 

separation of the image into regions of similar attribute. 

Markus B. Huber1, Mahesh Nagarajan1, Gerda Leinsinger2, 

Lawrence A. Ray3 and Axel Wism¨uller[5] proposed, 

Topological texture features were compared in their ability to 

classify morphological patterns known as ’honey-combing’ 

which indicates the presence of fibrotic interstitial lung diseases 

in high-resolution computed tomography (HRCT) images. 

Around 20 patients with known occurrence of honey-combing, a 

stack of 70 axial, lung kernel reconstructed images were acquired 

from HRCT chest exams. A set of 241 regions of both healthy 

and pathological (89) lung tissue were identified by an 

experienced radiologist. 

 

3. Proposed Method 
 

Feature selection is the major process in the recognition of lung 

diseases. Out of the different methods available for feature 

selection, the most prominent method classifies feature selection 

into three categories. 

 

 

 

                  Figure 3.2 Class diagram of proposed method 

 

 

3.1 Feature Extraction: 
 

The ROI region in the lung CT images were obtained, B-HOG, 

Wavelet, LBP and CVH features were extracted from those 

regions. B-HOG and LBP were texture based features while 

Wavelet and CVH were spatial features. The combination of the 

spectral and the spatial features were more effective in the 

identification of the diseases in the images.18 B-HOG features, 

26 wavelet features, 96 LBP features, and 40 CVH features were 

extracted and hence totally 180 features.  

 
 

Figure.2: Block diagram of proposed method 

 

3.2. Feature Selection:   
 

The extracted features were very large in number and hence the 

best features were selected from the extracted features. For the 

selection of the best features particle swarm optimization is 

employed.  

3.3. Feature Classification: 
 

The selected features were then classified using different 

classifiers like SVM, Bag of Features, NaiveBayes, k-NN, 

Adaboost, in order to compare the performance of the classifiers. 

The performance of the process were measured based on the 

performance metrics like Accuracy, Sensitivity and Specificity. 

 

4. Particle Swarm Optimization: 
 

In particle swarm optimization number of particles, velocity and 

positions were initialized. The objective functions were 

calculated using the initial values. The minimum value of the 

calculated objective functions at the current iteration is called as 

the local best. The process is repeated iterations each time 

updating the position and velocity of the particles. After the 

process has been executed for some iterations. The overall 

minimum value of all the local best obtained is calculated which 

is the global best of the process. From the fitness value estimated 

best features were selected from the features. A reasonable 

objective of feature selection for pattern classification is to 
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maximize classification accuracy. The particle swarm 

optimization measures the distance among all the classes and the 

divergence within the members of each class. Thus, it reflects the 

classification accuracy under the absence of classifiers. 

Let d  be the number of considered feature elements, 

w=(w1,w2,w3….,wd), where, w  be the feature-weight vector and 

wi /di=1 reflects the importance of the ith feature.                                                         

Let X be the full feature vector of the jth example of the ith class, 

ni be the number of examples of the ith class, C be the number of 

classes. First, we calculate the mean of feature vectors belonging 

to the ith class as 

 

 

          n i m  

  (1) 

          j=1 

 

and the mean of feature vectors of all the training examples as 

. (2) 

 

Suppose the resultant , and the 

resultant m = {m 1,m2,...,md}. Second, we get the average 

weighted distance between all the training examples and the 

corresponding class mean as 

 

, (3) 

and the weighted distance between classes as 

. (4) 

Finally, the Particle Swarm Optimization can be formulated as 

maximizing SB and minimizing SW simultaneously. Thus, the 

fitness function for evaluating w is designed as 

. (5) 

The optimal w is taken as the one that minimizes (5). Then, we 

select the features whose weights in the optimal w are larger than 

a threshold. Here, we use k-NN classifier examination to obtain 

a data-driven threshold. Actually, the nine thresholds from 0.1 to 

0.9 are used to select the features, respectively. Each resultant 

subset of features is employed in a k-NN classifier to perform the 

classification. The feature subset leading to the best CAR is 

taken as the final selection result and the corresponding threshold 

as the optimal one.  

 

5. Experimental Results 
 

Results of Feature Selection and CISL Recognition: We 

conducted feature selection and ROI classification experiments. 

Table I lists the average CISL recognition performance over nine 

categories of CISLs by using selected features and each of five 

classifiers. In each round of tests, each classifier with selected 

feature vector is trained and tested by 

 

Classification Results of SVM ( % ) 

 

 

 

 
 

Fig. 3. Examples of wrong classified CISLs: (a) 

lobulation noised by blood vessel; (b) calcification identified 

difficultly; (c) and (d) easy confused AB and CV; (e) and (f) easy 

confused speculation and PI. 

According to the CAR, the best CISL recognition performance 

came from the SVM classifier. Thus, we further show the SE and 

SP from the combination of selected features and SVM for each 

category of CISLs. Notice that in this situation, the recognition 

performance is evaluated for each category of CISLs, separately 

and respectively.  

 

6. Performance Measures: 

 

The performance of the process is measured by measuring the 

accuracy of the process. The accuracy is measured by comparing 

with the ground truth images.    

   

      

  

  CISLs SE SP 

GGO 100 99.4 

Lobulation 80 99.6 

Calcification 89.3 99.6 

CV 89.3 86.5 

Speculation 18.2 99.8 

PI 79.8 91.7 

AB 0 100 

BMP 95.0 98.9 

OP 80.0 99.4 

Average 70.2 97.2 
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7. Conclusion 

 

CT Lung images were taken as the input. The dataset consists of 

lung images with nine different type of diseases. The ROI were 

selected from the CT lung images because the other regions may 

contain some unwanted information’s. From the CT lung image 

four different types of features were extracted. From the 

extracted features the best features is selected using particle 

swarm optimization method. The selected features were then 

classified using five different classifiers in order to find the 

disease in the lung images. The performance of the process is 

measured by Accuracy, Sensitivity and Specificity of the 

classifiers. The performance measured indicates that SVM 

classifier is efficient using the selected best features. 
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