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Abstract: 

The classification of the medical images  selection of the optimal features improves the performance of the classification process. 

The selection of the best features reduces the time complexity and algorithm complexity of the overall process. CT images were 

used for the identificat ion of the diseases in the lung images. Features were elicited f rom the figure based on B-HOG features, 

Wavelet features, LBP features and CVH features. The feature selection process was employed based on the Genetic algorithm in  

which the Fisher criterion is occupied for the equitable function. The selected features were then classified using five different 

classifiers to test the efficiency of the selected features. The overview function of the actions was consistent released on the 

achievement metrics. The main  objective of the process is to select the optimal features from the d ifferent type of features 

extracted using different methods. To analyze the function of variant classifies depend on the particular features. To  extrac t 

different types of visage like texture based, intensity based features from the images. To  employ best fitness function based on the 

fisher criterion to select the optimal features. To combine fitness function with Genetic optimization inorder to developed t he 

efficiency of Genetic algorithm. The objectives functions were initially defined and based on the initial objective function value 

the genetic optimizat ion steps were employed. Mutation and Crossover operations were the basic steps in the genetic algorithm. In 

the crossover stride the current populations of genes were load by modified the earlier population of genes. After words the 

crossover step mutation step is employed. In the crossover step child chromosomes are designed. After the mutation and the 

crossover methods are stopping action is checked and the process is done over till the end action is reached. The particu lar 

features were then classified using various classifiers like SVM, Bag of Features, Naive Bayes, k-NN, Adaboost, inorder to 

analyses the performance of the classifiers.  
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 I.INTRODUCTION 

 

The proposed method using texton releated on organic pixel 

image ahead with a aligned many classification order for 

emphysema in computed tomography picture of the lung. The 

different classification system is released of backing vector 

apparatus on the texton trade mark as base classifiers and in 

cooperate their decisions using product output rule. The 

proposed method is verified on  168 comment country of 

activity subsist of normal t issue, centrilobular emphysema, 

and paraseptal emphysema. Texton-based on releated 

approach in texture classification primly has two parameters, 

i.e., texton size and k value in k-means. Our output show that 

while aggregate of single idea by SVMs over assorted k values 

using large various classifier systems helps to correct the 

results compared to single SVMs, combin ing over distant 

texton sizes is not costly. The ach ievement of the p roposed 

design, with an exact accuracy of 95%, is similar to a recently 

proposed approach established on local binary patterns, which 

performs almost the value among other ideas in the literature. 

In this study, texture based segmentation and recognition of 

the lung diseases from the computed tomography images are 

presented. The texture established puss are cull by Gabor 

filtering; aspect draft techniques such as advice Gain, leading 

basic inquiry, and correlation based inquiry collection are 

composed with hereditary algorithm which is used as an 

optimal initialization of the array. Another output is linked by 

watershed segmentation and the fuzzy C means clustering. 

The figures are recognized with the statistical and the shape 

based features. The four stage of the dataset of lung diseases 

are cautious and the cautious and examination are act by the 

Naive Bayes classifier to arrange the datasets classes. Output 

of this work show an accuracy of above 90% for the 

correlation based feature selection method for the four classes 

of the dataset. Lung diseases are leading cause for the most 

disabilit ies and death in the world. Rad iologist analysis the 

chest CT and the benefit of the radiotherapy based on the 

dosage of the drugs given and the doses that affect the normal 

tissues neighboring areas. The chest CT shows the first 

important stage modality of the assessment of the diseases. 

The CT figure along with the symptoms of the diseases will 

give detailed assessment about the lung diseases. The major 

causes of the lung diseases are caused by smoking, inhaling 

the drugs, smoke and allerg ic materials. The lung diseases are 

basically identified  by the symptoms and the regular dosage of 

the antibiotics may cure the disease. If the penicillin does not 

behave to the disease the gauge tomography images assists in 

detecting the severity of the lung diseases. There are many 

types of the disease that causes the lung infection such as 

inflammatory lung diseases, chronic obstructive pulmonary 

disease(COPD),Emphysema, Chronic Bronchitis, pleural 

effusion, Interstitial lung diseases and lung carcinoma. The 

datasets of the lung diseases considered in this study are the 

large cell lung carcinoma and small cell lung carcinoma. Lung 

cancer or lung carcinoma is currently the most frequently 

diagnosed major cancer and the most common cause of cancer 

mortality in males worldwide. images, experienced physicians 

are required; however, such experts may reach different 
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diagnosis results for the same set of medical imaging. Thus, 

CAD system is an accelerated tool that can provide 

radiologists with a second opinion to improve the sensitivity 

of their diagnosis decision-making process. The aim of a CAD 

system is to provide diagnosis information to improve clin ical 

decision-making process; therefore, its success is related 

directly to its disease detection accuracy. Today, CAD systems 

are frequently utilized to detect and diagnose numerous 

abnormalities in routine clinical work. CAD systems 

arecommonly function in g ross regions such as the thorax, 

breast, or colon by using certain medical imaging technologies 

such as radiography, gauge tomography (CT), or magnetic 

plangency imaging (MRI). Recently, lung cancer is still 

considered a major cause of deaths from malignancy 

worldwide. In part icular, it is one of the main public health 

issues in the developed industrial countries. This makes the 

treatment of lung cancer a very  important task in the war 

against cancer. Early detection of potentially cancerous 

pulmonary nodules is deeply crucial for developing the 

patient's incidental of durability. Multidetector computed 

tomography system is a very delicate imaging method to 

detect small pulmonary nodules. The method used in this work 

defined that the images are pre-processed for the discharge of 

the noises and comparison improvement is done for access the 

attain images. article eradication is generally used as a 

preprocessing step to apparatus learning where the Gabor filter 

is used in texture analysis. The feature selection method such 

as the Informat ion Gain, interaction based feature draft, 

Principal basic Analysis with boost of the genetic algorithm 

are done. The feature outputs are connected by watershed 

distribution and the fuzzy C means gather blend the large data 

that overhead to two or more clusters. The Naive Bayes 

classifier is used to classify the images and the output are 

shown with the act measures. Early identification of 

pulmonary nodules is more important for the diagnosis and 

treatment of lung cancer. In this study, a new bundle access 

for pulmonary  nodules from CT imagery is conferred by using 

hybrid features. Four unique methods are introduced for the 

proposed system. The overall recognition of the act is 

evaluated using various methods. The results are related to 

similar approach and ideas in the literature by using accepted 

part. The prospective part with the hybrid appearance results 

in 90.7% classification accuracy  (89.6% sensitivity and 87.5% 

specificity).Computer aided detection (CAD) designs and 

more important task for the identification of pulmonary bud in 

medical images. To reach a more reliable and careful 

diagnosis, CAD design have been recently matured to assist 

analysis of the medical images. 

 

II.RELATED WORK 

 

The identification of the diseases in the CT images were 

employed based on the classification o f the images using 

classification algorithms. Rule-based classifiers were 

employed which identifies the defects by grouping the pixels 

that were having similar results for rules used into a group. 

The rules used in the classifier d iffer based on the 

applications for which the process is used. Linear 

discriminant Analysis (LDA) classifiers identifies the defects 

in the regions based on the difference between the features in 

the images. The artificial neural networks (ANN) classifiers 

classifies the images based on the similar patterns in the 

features ext racted. In  the train ing process the patterns in the 

data were identified to  be belonging to the similar groups. 

Bayesian classifiers were probability based classifier that 

calculates the probability of the features ext racted and the 

based on the obtained probability the images were classified. 

Linear Discriminant Analysis (LDA) is a well-known scheme 

for feature ext raction and dimension reduction. It has been 

used widely in  many applicat ions involving high-dimensional 

data, such as face recognition and image retrieval. An in 

trinsic limitation of classical LDA is the so-called singularity 

proble m, that is, it fails when all scatter matrices are 

singular. A well-known approach to deal with the singularity 

problem is to apply an intermediate d imension reduction 

stage using Principal Component Analysis (PCA) before 

LDA. The algorithm, called  PCA+LDA,is used widely in 

face recognition. However, PCA+LDA has high costsin time 

and space, due to the need for an eigen-decomposition 

involving the scatter matrices. lone pulmonary nodules 

(SPNs) are frequently analyze by chest radiographs and 

computed tomography (CT). Biopsies are often achieve to 

appraise the bulge further. An authentic, noninvasive 

diagnostic test could avoid the anguish and costs of nosy 

cotton sampling. Appraise the capability of fluorine-18 

deoxyglucose positron discharge tomography (FDG-PET) to 

segregate between benign and cancerous pulmonary nodules 

in a prospective, mult icenter trial. Eighty-nine case who had 

newly analyze undetermined SPNs on chest radiographs and 

CT were appraise with FDG-PET. PET data were consider 

semi quantitatively by canny regulated uptake values (SUVs) 

as an index of FDG accret ion and also by a visual scoring 

method. 

 

III. FEATURE S ELECTION METHOD BAS ED ON    

FIS HER CRITERION AND  GENETICOPTIMIZATION 

 

The ROI region in the lung CT images were access and the 

appearance were cull from those regions. Four d isparate 

appearance were cull from the images. B-HOG appearance, 

Wavelet appearance, LBP features and CVH features. B-HOG 

and LBP were texture based features while Wavelet and CVH 

were spatial features. The combination of the shadowy and the 

dimensional features were more act ive in the description of the 

bug in the images.’18 B-HOG features, 26 wavelet features, 

96 LBP features, and 40 CVH features were ext racted and 

hence totally 180 features. The ext racted features were very 

large in number and hence the best features were selected from 

the extracted features. For the selection of the best features 

fisher criterion based genetic optimizat ion is employed. Fisher 

criterion is used in the place of the objective functions in 

genetic optimizat ion algorithm. The objective functions were 

initially defined and based on the initial objective function 

value the genetic optimization steps were employed. 

Alteration and Crossover action were the basic steps in the 

tribal algorithm. In the crossover step the new center of genes 

were load by  modifying the prev ious population of genes. 

After the crossover step alteration step is employed. In the 

crossover step child chromosomes were created. After the 

alteration and the crossover step the block action is 

documented and the process is repeated till the stopping action 

is reached. The selected features were then restricted using 

disparate classifiers like SVM, Bag of Features, Naive Bayes, 

k-NN, Adaboost, inorder to compare the act of the classifiers. 

The act of the process were measured based on the 

performance metrics like Accuracy, awareness and precision. 

The image distribution algorithm based on the Fisher criterion 

action and matured genetic algorithm. We carry  out the 

reproduction experiment on the human body blood cell. The 

reproduction results show that the new algorithm not only 
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distribute the image adequately with active anti-noise ability, 

but also run calmly.  
 

The developed genetic algorithm can find  the comprehensive 

excellent solution comparatively than the local solution. The 

algorithm is one amiable of constructive, active distributed 

algorithm. The texton autograph based on basic pixel portrayal 

forward with a coordinate mult iple classifier system for the 

allocation of emphysema in computed tomography images of 

lung. The mult iple classifier system is confident of backing 

vector apparatus on the texton stamp as base classifiers and 

associate their accord using product rule. The proposed access 

is tested on 168 comment regions of interest dwell of normal 

tissue, centrilobular emphysema, and paraseptal emphysema. 

Finally, a h istogram of textons is computed for the image by 

analyze each and every  ground portrayal in that image with all 

textons in the glossry using a analogy part to find the closest 

event and updating the corresponding histogram bin based on 

the closest match found. The histograms are normalized and 

used as the feature sets for the images in  the train ing set and 

employed for training a classifier such as a support vector 

machine (SVM) as the third step of the learning. The 

construction of the codebook and learning the model in a 

texton-based classification system using raw pixel 

representation. In the classification stage, to classify a test 

image, the same steps as in the learning stage are followed to 

find the features for the test image. This build eradication of 

small chunk from each tes t image in a class, converting the 

patches to the appropriate representation, finding the closest 

match to these patches from the dict ionary, and computing the 

normalized h istogram of obtained closest textons to define a 

feature vector for the image. The trained classifier in the 

learning stage is subsequently used to find the class of the test 

image. Furthermore, in most of GA -based feature selection 

methods, the feature selection result is represented by a binary 

string. Each bit in the string corresponds  to a feature, where 

the value 1 indicates that the feature is selected and 0 indicates 

that the feature is discarded. Different from these methods, we 

allow a weight to each aspect and evolve the weights. It is 

more reasonable and more accurate fo r measuring the 

importance degree of a feature than the hard value of 0 or 1.  

 

 
Figure.1. CT image of lung 

 
 

Figure.2. Flowchart of the proposed FIG algorithm.  

 

IV. CIS L RECOGNIZER 

 

Our approach of recognizing CISLs in  ROIs in CT scan of 

lung images consists of two components: feature extraction 

and ROI classification. First, the components are obtain from 

each ROI and some of them are selected by using the proposed 

FIG method to form a feature point fo r representing the ROI. 

Then, the ROI is classified into the corresponding CISL 

category by using some classifiers. We consider four types of 

ROI features are depend on the BHOG, the wavelet  features, 

the LBP, and the CVH. We have 18-D B-HOG features, 26-D 

wavelet features, 96-D LBP features, and 40-D CVH features. 

Total 180 components are ext racted. The details of each kind 

of features are given as follows 

 

1) B-HOG: The HOG feature is a texture descriptor 

describing the distribution of image gradients in d ifferent 

orientations. Following the HOG article eradication scheme of 

Dalal and Triggs [2], we divide a ROI into s maller ovoid 

blocks of 8 × 8 p ixels and further divide each block into four 

cells of 4 ×  4 pixels. Then, a block is represented by the 

linking of the orientation histograms of cells in it. This means 

a 36-D HOG feature point is extracted for each block.The 

commonly  used image representation based on HOG features 

is to join  the feature vectors of all the blocks in the image in 

sequence. This kind of HOG-based image representa-tion 

strategy requires that all the images have the same size, or else 

the dimensions of resultant feature point will be diverse for 

different images. But the size of ROIs in lung CT images 

varies with different patients and distinct pathological lesions. 

So this widely used strategy is not applicable in this study. To 

clarify this problem, we adopt the gear-of-visual-words [2] on 

HOG features as the ROI representation. However, d ifferent 

from the original bag-of-v isual-words method, we use a clus-

tering algorithm based on Gaussian mixture modeling (GMM) 
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[3], instead of the k-means algorithm, to generate more ac-

curate visual words. In th is paper, total 18 visual words are 

obtained. The HOG article vector of each block is mapped to 

the visual word comparab le to the highest likelihood for it. 

Then, the number o f HOG article vectors allow to each optic 

word is accrue and assign by the number of all the HOG 

article vectors to form a 18-D h istogram portrayal of the ROI. 

 

2)Wavelet Features: Wavelets are commonly used component 

description for texture analysis, due to their effec-tiveness to 

take localized  spatial and frequency information and 

multiresolution characteristics [8]. In  this paper, the ROIs are 

decomposed to four levels by using 2-D symlets wavelet 

because the symlets wavelet has better symmetry than 

Daubechies wavelet and more suitable for image processing 

 

[7]. Then, the horizontal, vertical and diagonal detail incident 

are ext racted from the wavelet  decomposition structure. 

Finally, we get the wavelet features by calculating the mean 

 

and2)variance of these wavelet coefficients take localized  

spatial and frequency information and mult iresolution 

characteristics [8]. In  this paper, the ROIs are decomposed to 

four levels by using 2-D symlets wavelet because the symlets 

wavelet has better symmetry  than Daubechies wavelet  and 

more suitable for image processing 

 

[8]. Then, the horizontal, vertical and diagonal detail incident 

are ext racted from the wavelet  decomposition structure. 

Finally, we get the wavelet features by calculating the mean 

and2) variance of these wavelet coefficients. 

 

3) LBP: The LBP article is a solid texture caption in  which 

each analogy decision between a center pixel and one of its 

surrounding neighbors is encoded as a bit [6]. In this way, we 

can get an integer for each pixel. Then, the frequency of each 

integer is figured out on the ROI level to obtain the 

corresponding feature vector. The neighborhood in the LBP 

operator can be defined very flexibly by using circular 

neighborhoods and the bilateral inter-polation of p ixel 

values.It is denoted by (P, R), which means we evenly sample 

P neighbors on the circle of radius R around the center pixel. 

The correspond- ing LBP features will be denoted as LBP(P, 

R ) in the following descriptions. We consider multiple P and 

R to get multiscale LBP features. 

 

4) CVH Features: CVH means the histogram of CT values. In  

lung CT images, the CT values of pixels are expressed in HU. 

We compute the histogram of CT values over each ROI.The 

sum of bins in the histogram is resolved by experiments. In 

fact, we obtain various CVHs with various numbers of bins. 

Each CVH is tested for classification under k-NN classifier, 

and the corresponding CAR is calculated. Then,the sum of 

bins, which brings the highest CAR, is adopted. This choice 

will keep unchanged for all the experiments. Each function 

provides two execution modes: train ing and testing. function 

with the training mode on the instruction data to obtain the 

corresponding classifier. Then, it  is evaluated on the test data 

by calling the function with the testing mode. 

 

V. EXPERIMENTAL RES ULTS 

 

Lists the average CISL recognition performance over nine 

kind of CISLs by using selected features and each of five 

classifiers. In each round of tests, each clas -sifier with selected 

feature vector is qualified and proved by 

 
                   Figure.3. .Selected Train Feature  

 

 

 
                       Figure.5. Disease Identified 

 

 
Figure.6.Performance Measure 

 

VI. CONCLUS ION 

 

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

of lung images with nine d ifferent type of d iseases. The ROI 

were selected from the CT lung images because the other 

regions may contain some unwanted informat ion’s. For the 

extraction of the four different types of features were 

extracted. For the selection of the best features from the 

extracted features genetic algorithm with fisher criterion is 
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employed. The selected features were then classified using 

five d ifferent classifiers in order to find the d isease in the lung 

images. The ach ievement  of the p rocess is consistent based on 

the achievement like Accuracy, Sensitiv ity and Specificity of 

the classifiers. The achievement consistent indicates that SVM 

classifier is efficient using the selected best features. The 

process can be further enlarge by combining the fisher 

criterion with  other feature selection methodologies. The 

selections of the best features were based on the application of 

the different objective functions in the feature selection 

process. In genetic algorithm the fitness function is a complex 

problem since the optimal solution is not achieved easily in all 

the process and hence the iteration count increases. The 

optimization solutions obtained in Genetic algorithm cannot 

be more accurate and hence cannot be used in cases of the 

decision making problems. Inorder to avoid that the swarm 

based optimization techniques can be implemented inorder to 

achieve better results. The swarm based optimization 

techniques can define the stopping criterion in a more 

effective manner and the convergence can be achieved more 

effectively. 
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