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Abstract— Tuberculosis is a major global health problem 

with about 1/3rd of the world population are being affected. 

We try to propose an automated system for the classification 

of lung nodules with trusted accuracies using segmentation 

algorithms like quick shift clustering,SIFT,MR8-LBP,HOG 

using Chest Radiographs. The abstracted dataset is then 

classifed using classifiers like SVM and PLSA for 

abnormality for various algorithms. The proposed method is 

based on contextual analysis by combining the lung nodule 

and surrounding anatomical structures, and has three main 

stages: an adaptive patch-based division is used to construct 

concentric multilevel partition; then, a new feature set is 

designed to incorporate intensity, texture, and gradient 

information for image patch feature description, and then a 

contextual latent semantic analysis-based classifier is 

designed to calculate the probabilistic estimations for the 

relevant images. Finally, the accuracy rate of each algorithm 

is compared to identify the efficient one.       

Key words: segmentation, quick shift clustering, SIFT, 

MR8-LBP, HOG     

I. INTRODUCTION 

Lung nodules are small masses in the human lung, and are 

usually spherical;however, they can be distorted by 

surrounding anatomical structures, such as vessels and the 

adjacent pleura. Intraparenchymal lung nodules are more 

likely to be malignant than those connected with the 

surrounding structures, and thus lung nodules are divided 

into different types according to their relative positions. At 

present, the classification from Diciotti et al. is the most 

popular approach and it divides nodules into four types: 

well-circumscribed (W) with the nodule located centrally in 

the lung without any connection to vasculature; vascularized 

(V) with the nodule located centrally in the lung but closely 

connected to neighboring vessels; juxta-pleural (J) with a 

large portion of the nodule connected to the pleural surface; 

and pleural-tail (P) with the nodule near the pleural surface 

connected by a thin tail.  

 

Computer-aided diagnosis (CAD) systems would 

be helpful for radiologists by offering initial screening or 

second opinions to classify lung nodules. CADs provide 

depiction by automatically computing quantitative 

measures, and are capable of analyzing the large number of 

small nodules identified byX-ray.Increasingly, computed 

tomography (CT) offers higher resolution and faster 

acquisition times. This has resulted in the opportunity to 

detect small lung nodules, which may represent lung cancers 

at earlier and potentially more curable stages. However, in 

the current clinical practice,hundreds of such thin-sectional 

CT images are generated for each patient and are evaluated 

by a radiologist in the traditional sense of looking at each 

image in the axial mode. This results in the potential to miss 

small nodules and thus potentially miss a cancer. In this 

paper, we present a computerized method for automated 

identification of small lung nodules on multislice images. 

II. RELATED WORK 

The advent of digital chest radiography and the possibility 

of digital image processing has given new impetus to 

computer-aided screening and diagnosis. Still, despite its 

omnipresence in medical practice, the standard CXR is a 

very complex imaging tool. In the last 10 years, several 

ground-breaking papers have been published on computer-

aided diagnosis (CAD) in CXRs. 

Many of the CAD papers dealing with 

abnormalities in chest radiographs do so without focusing 

on any specific disease. Only a few CAD systems 

specializing in TB detection have been published [2]. 

 
Fig. 2:  

An automated approach for detecting TB 

manifestations in chest X-rays (CXRs), based on our ear-lier 

work in lung segmentation and lung disease 

classification.An automated approach to X-ray reading 

allows mass screening of large populations that could not be 

managed manually. A posteroanterior radiograph (X-ray) of 

a patient’s chest is a mandatory part of every evaluation for 

TB. The chest radio-graph includes all thoracic anatomy and 

provides a high yield,given the low cost and single source. 

Therefore, a reliable screening system for TB detection 

using radiographs would be a critical step towards more 

powerful TB diagnostics.They discriminate between normal 
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and abnormal CXRs with manifestations of TB, using image 

processing technique,Graph-cut algorithm [1]. 

III. PROPOSED WORK 

This paper presents a novel image classification method for 

the four common types of lung nodules. We suggest that the 

major contributions of our work are as follows: i) a patch-

based image representation with multilevel concentric 

partition, ii) a feature set design for image patch description, 

and iii) a contextual latent semantic analysis-based classifier 

to calculate the probabilistic estimations for each lung 

nodule image. More specifically, a concentric level partition 

of the image is designed in an adaptive manner with: (1) an 

improved super pixel clustering method based on quick shift 

is designed to generate the patch division; (2) multilevel 

partition of the derived patches is used to construct level-

nodule (i.e., patches containing the nodules), and level-

context (i.e., patches containing the contextual structures).A 

concentric level partition is thus constructed to tackle the 

rigid partitioning problem. Second, a feature set of three 

components is extracted for each patch of the image that are 

as follows: (1) a SIFT descriptor, depicting the overall 

intensity, texture, and gradient information; (2) a MR8+LBP 

descriptor, representing a richer texture feature 

incorporating MR8 filters before calculating LBP 

histograms; (3) a multi orientation HOG descriptor, 

describing the gradients and accommodating rotation 

variance in a multi coordinate system.Third, the category of 

the lung nodule image is finally determined with a 

probabilistic estimation based on the combination of the 

nodule structure and surrounding anatomical context: (1) 

SVM is used to compute the classification probability based 

on level-nodule; (2) pLSA with contextual voting is 

employed to calculate the classification probability based on 

level-context. The designed classifier can obtain better 

classification accuracy, with SVM capturing the differences 

from various nodules, and pLSA further revising the 

decision by analyzing the context [5]. 

 
Fig. 3:  

A. Modules: 

1) Concentric Level Partition: 

We divide the patches in one image into multiple concentric 

levels, based on the distances between the patches and the 

centroid of the nodule patch. The nodule patch is the patch 

that contains the nodule centroid, which is given in the 

dataset. For one image I comprising of O patches PA = { 

pao : o =1, . . . , O}, we define L as the total number of 

concentric levels, with levels LV ∈ { lv(l) : l = 0, 1, . . . , L} 

in which lv(l) contains the patches whose distances are l to 

the nodule patch. Here, the distance refers to the smallest 

number of patches passed from patch pao to the nodule 

patch. For lv(0), it comprises only one patch which contains 

the centroid of the lung nodule; for lv(l)(l > 0), it comprises 

the immediate outside neighboring patches of lv(l − 1). To 

facilitate contextual analysis, we divided the various levels 

into two categories: level-nodule, which is lv(0) composed 

by the lung nodule patch, and level-context, which is lv(l)(l 

> 0) composed by the context patches. While level-nodule 

tends to represent the lung nodule for each image, level-

context tries to indicate different surrounding anatomical 

structures. Whether level-nodule and level-context can 

capture the nodule and surrounding context is crucial for 

describing the lung nodule image, in which level-nodule 

contributes more to the category decision (as discussed in 

Section VI.A). On the one hand, the level-nodule could 

exactly include the whole nodule if it appears isolated from 

other structures, such as type W and P, because the nodules 

usually have high contrast with the surrounding anatomical 

structures. On the other hand, the level nodule might cover 

other undesirable structures if the nodule is very similar to 

the surrounding tissues, such as type V and J. In these 

circumstances, the over-segmentation property of quick 

shift-based approach can better describe the nodule patch by 

extracting the central region of the nodule which is normally 

used as the most significant characteristic to differentiate 

various nodules [10]. However, this would also introduce 

the problem that part of nodule will be incorporated into 

contextual patches. Furthermore, the reverse problem that 

level-nodule contains some surrounding tissues would 

emerge as well so that level-nodule and level-context might 

not precisely depict the corresponding structures.                                                        

a) Quick Shift Algorithm: 

We designed an adaptive patch partitioning method 

formulating super pixels using an improved quick shift 

clustering method. Then, a concentric level partition model 

is constructed based on the distances from patches to the 

centroid of the lung nodule. 

Quick shift is a fast mode seeking algorithm, 

similar to mean shift. The algorithm segments an RGB 

image (or any image with more than one channel) by 

identifying clusters of pixels in the joint spatial and color 

dimensions. Segments are local (superpixels) and can be 

used as a basis for further processing. 

Given an image, the algorithm calculates a forest of 

pixels whose branches are labeled with a distance value.This 

specifies a hierarchical segmentation of the image, with 

segments corresponding to subtrees. Useful superpixels can 

be identified by cutting the branches whose distance label is 

above a given threshold (the threshold can be either fixed by 

hand, or determined by cross validation). 

 
Fig. 4: Input image 
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Fig. 5: Segmented image 

2) Feature Extraction: 

The effectiveness of image feature description depends on: 

distinction and invariance, which means that the descriptor 

needs to capture the distinctive characteristics and be robust 

to adapt to the various imaging conditions. Based on our 

visual analysis the lung nodules, we suggest that intensity, 

texture, and gradient can characterize the various nodules 

and the diverse on textual structures [3]. We thus designed 

the feature set of the combination of SIFT for overall 

description, MR8+LBP for texture, and multiorientation 

HOG for gradient [8]. For convenience, we refer to this 

feature set as the FS3 feature. 

a) SIFT: 

A SIFT feature is a selected image region (also called 

keypoint) with an associated descriptor. Keypoints are 

extracted by the SIFT detector and their descriptors are 

computed by the SIFT descriptor. It is also common to use 

independently the SIFT detector (i.e. computing the 

keypoints without descriptors) or the SIFT descriptor (i.e. 

computing descriptors of custom keypoints) [4]. 

A SIFT keypoint is a circular image region with an 

orientation. It is described by a geometric frame of four 

parameters: the keypoint center coordinates x and y, its scale 

(the radius of the region), and its orientation (an angle 

expressed in radians). The SIFT detector uses as keypoints 

image structures which resemble “blobs”. By searching for 

blobs at multiple scales and positions, the SIFT detector is 

invariant (or, more accurately, covariant) to translation, 

rotations, and re scaling of the image. 

b) MR8-LBP: 

As one of the effective rotation invariant texture 

classification methods, MR8-LBP is texture extraction 

powerful technique. However, LBP tends to oversimplify 

the local image structures. Thus, we want to find some other 

rotation invariant features to supplement LBP in order to 

improve the classification accuracy while preserving its 

simplicity. The local phase corresponds to a qualitative 

measure of a local structure (step, peak, etc) and it is a 

robust feature with respect to noise and illumination 

changes. We adopt the monogenic signal theory, which is an 

isotropic 2-D extension of the 1-D analytic signal, to extract 

the local image phase information in a rotation invariant 

way. Besides, we utilize the monogenic curvature tensor to 

extract the local surface type information, which is another 

rotation invariant metric. Then, we combine the uniform 

LBP, the local phase information and the local surface type 

information together as a novel texton feature, namely 

Monogenic-LBP (M-LBP). In real implementation, we 

adopt a multi-resolution analysis scheme by combining the 

information provided by multiple operators of varying 

parameters. 

c) HOG 

Histogram of oriented gradients (HOG) is a feature 

descriptor used to detect objects in computer vision and 

image processing. The HOG descriptor technique counts 

occurrences of gradient orientation in localized portions of 

an image - detection window, or region of interest 

(ROI).The HOG descriptor maintains a few key advantages 

over other descriptor methods. Since the HOG descriptor 

operates on localized cells, the method upholds invariance to 

geometric and photometric transformations, except for 

object orientation. 

3) Context Analysis Classification: 

With the concentric level partition and feature set, the next 

stage is to label each image with one of the four nodule 

categories. Considering that the morphology of lung nodules 

forms a continuum, which means the structures of lung 

nodules among different categories are similar, even with 

the comprehensive feature design, it remains difficult to 

classify the images precisely. So to aid classification, we 

incorporated the contextual information. The proposed 

method involves SVM analysis for lung nodule patches, and 

pLSA analysis for context patches. In a supervised manner, 

besides the explicit label information (with SVM), we also 

extracted the implicit latent semantic information hidden in 

the relationship between the images and their categories 

(with pLSA). In this way, the training data are used twofold, 

which acquires much more information. 

a) SVM: 

Support Vector Machine (SVM) is primarily a classier 

method that performs classification tasks by constructing 

hyper planes in a multidimensional space that separates 

cases of different class labels [9]. SVM supports both 

regression and classification tasks and can handle multiple 

continuous and categorical variables. For categorical 

variables a dummy variable is created with case values as 

either 0 or 1.In a regression SVM, you have to estimate the 

functional dependence of the dependent variable y on a set 

of independent variables x. 

b) PLSA: 

Probabilistic Latent semantic analysis (PLSA) is a technique 

in natural language processing, in particular in vectorial 

semantics, of analyzing relationships between a set of 

documents and the terms they contain by producing a set of 

concepts related to the documents and terms [7]. PLSA 

assumes that words that are close in meaning will occur in 

similar pieces of text. 

IV. CONCLUSION 

To conclude, we present a supervised classification method 

for lung nodule LDCT images in this paper. The four main 

categories of lung nodules well-circumscribed, vascularized, 

juxta-pleural, and pleural-tail were the objects to be 

differentiated. We designed a novel method to overcome the 

problem of the lung nodule overlapping adjacent structures. 
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Our method had three components: concentric level 

partition, feature extraction, and context analysis 

classification. A concentric level partition was constructed 

by an improved quick shift super pixel formulation. Then, a 

FS3 feature set including SIFT, MR8+LBP, and multi 

orientation HOG was generated to describe the image patch 

from various perspectives. Finally, a supervised classifier 

was designed through combining level-nodule probability 

and level context probability. The results from the 

experiments on the ELCAP dataset showed promising 

performance of our method. We also suggest that the 

proposed method can be generally applicable to other 

medical or general imaging domains. For instance, the 

improved quick shift formulation process could be applied 

as the preprocessing stage for patch-based imaging analysis; 

the extracted feature set could be employed as a feature 

descriptor for other kinds of images; and the latent semantic 

analysis with the voting process could be used for analyzing 

hierarchical image patches. 
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