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ABSTRACT 
This paper focuses on the early stage of lung cancer detection and identification. Lung disease plays a major role in 
health issues. Computer Tomography (CT) is more sensitive imaging techniques for the detection of small lung 
nodule. The detection of lung cancer is challenging problem, due to the structure of the cancer cell. There are four 
steps to detect the pulmonary lung nodules like Preprocessing, Segmentation, Feature extraction and Classification 
of the nodule. To remove the noise in the image three filters: Wiener filter, Median filter and Gaussian filter is being 
compared for preprocessing. Active Contour Model (ACM) is applied to identify the edges of the images for 
segmentation. Gray Level Co-occurrence matrix (GLCM) is used to extract the features. The classification of the 
image is carried out by Support Vector Machine (SVM) classifier. This classification helps us to identify the nodule 
connected with the lung wall. The performance of the proposed method is calculated by the sensitivity, specificity 
and accuracy. 
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INTRODUCTION 
 

Lung cancer is a malignant tumor with the highest morbidity and mortality rate in the world, 

posing a serious threat to human life and health [1][2]. The American Cancer Society estimated that 

228,190 new cases of lung cancer in the U.S. were diagnosed and 159,480 deaths due to lung cancer 

occurred in 2013. It causes high mortality rate. Smoking cause nearly 9 out of 10 lung cancers and 

due to some other chemical exposure. Cancer occurs when the normal cell undergo a transformation 

that causes them to grow and multiply without control. The best method to prevent from lung cancer 

is early detection and identification. The risk of lung cancer is important in two common clinical 

models [3] like pulmonary nodules management and risk prediction model. Identification of early 

symptomatic in lung cancer is very important to improve early survival and reduce emergency 

presentations. Early detection of lung cancer is the most popular method to improve the effectiveness 

of the treatment of lung cancer. Since pulmonary nodules are the early form of lung cancer [4], the 

detection of pulmonary nodules plays a critical role in the early diagnosis and treatment of lung 

cancer. Recently the resolution of the CT image is high rather than the other images. This has 



593                   S. Kalaivani et al., 2017/Advances in Natural and Applied Sciences. 11(7) May 2017, Pages: 592-601 

 

expanded capabilities for the early detection of small pulmonary nodules [4]. The early detection of 

lung cancer will result in earlier treatment at lower stages of the disease, thereby improving the 5-year 

survival rate, which has remained relatively constant at 15% for the last 30 years. The most common 

CT image can help to identify the pulmonary nodules easily. Initial stage of primary lung cancer is 

non-small lung cancer (NSCLC) and small cell lung cancer (SCLC). The diameter of the nodule is 

between 3 and 30mm. The accuracy of the nodule diameter is critical to calculate and 

computational time is less than 10. 

 
II Related Works: 

Adaptive filtering techniques [7], can be used to reduce the noise level from the corrupted images. 

It enable the flexibility of filter to change it size accordingly based on the noise level density. Median 

filter is the combination of Adaptive filter and switching filter.The other filtering techniques like 

Wiener filter [12] is used to improve the interpretability or sensitivity of information to provide the 

better input. 

In [8] the author applied the sobel edge detection algorithm to detect the cancer nodule from the 

extracted image. Learning based method is also known as Knowledge based method used for pattern 

recognition. The objectives of the Knowledge based method in lung cancer is in the form of computer 

deals with the [10]. The author achieved the accuracy rate is 81.2 and sensitivity is 80. 

Artificial neural networking identifies the region and the morphological opening then the features 

are extracted using feed forward neural networking [21].The combination 2D and 3D geometric and 

intensity based statical features detecting the pulmonary nodule. In this paper the accuracy rate is 80.2 

and sensitivity rate is 90.0. 

K-Nearest Neighbor classification algorithm (K-NN) is used for regression and classification 

[8].Classification is done by a majority vote of neighbors. A nearest cluster was used by Ezoe et al 

[11] and [13] to classify the detected nodule. In this paper the best feature extraction technique is 

fisher score ranking method and the classification is K-NN classification [9]. The accuracy rate is 72.3 

and sensitivity is 90.0. 

 
III Proposed System: 

The proposed system consists of four steps to detect the lung nodules. This paper initially apply 

the different image processing techniques such as image pre-processing for removing noise in the 

image, segmentation using Active Contour Segmentation, feature extraction using GLCM and SVM 

for classification is used.Fig 1 shows the architecture diagram 
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Fig. 1: Architecture diagram 

 
Preprocessing: 

Pre-processing is used to remove the noise present in the CT image. In order to remove the noise, 

filters like Wiener filter, Median filter and Gaussian filter are being compared. Wiener filter gives an 

estimate of the original uncorrupted image with minimum mean square error, and hence Wiener filter 

is the best filter used for removing the noise present in the lung CT image[15].The CT images 

normally contain noise which will not be suitable for further processing and hence it has to be pre-

processed to reduce the noise using wiener filter. It takes short time to find the optimal solution and it 

is a least mean square filter to remove the noise. 

The description of Root Mean Square Error (RMSE) isrecommended quantification method for 

the prediction of filters [5]. RMSE calculated the squaring of each data point, dividing the sum by the 

number of observations, and taking the square root.The RMSE represents the sample standard 

deviation of the differences between predicted values and observed values. 

The RMSE of an estimator θ̂with respect to an estimated parameter θ is defined as the square root 

of the mean square error 

 

RMSE(θ̂)= √𝐸((θ̂ − θ)2))                     (1) 
 

The main constraint in the use of Wiener filtering is that signal and noise should be Gaussian 

processes for optimality in the image can be modeled as Gaussian. Gaussian is the natural way of 

modeling noise [14]. Wiener filer gives an estimate of the original uncorrupted image with minimum 

mean square error and the estimate is the non-linear function of the corrupted image. Wiener filters 

are used to evaluate the filter with mean square error (MSE). 

https://en.wikipedia.org/wiki/Sample_standard_deviation
https://en.wikipedia.org/wiki/Sample_standard_deviation
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Fig. 2: Input image 

 

 
Fig. 3: Comparision of different filters 

 
Table 1: RMSE values 

 
Segmentation: 

Image segmentation still plays an important role in image understanding and computer vision. 

Active contour models (ACMs) have been widely applied to image segmentation since their 

introduction. ACMs can obtain closed object contours as segmentation results, which can be 

conveniently used for shape analysis and recognition. The active contours can utilize various types of 

prior knowledge, such as image intensity distribution information, boundary shape information, and 

texture information, to obtain accurate results for object boundaries in image analysis. 

ACMs can be categorized as edge-based models or region-based models. Edge-based models 

often use an image gradient to force the active contours that moves toward the desired object’s 

boundaries. These models are typically sensitive to noise, and weak boundaries, which have small 

gradient values, may cause edge leakage [8].  
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Fig. 4: Initial contour image 

 

 
Fig. 5: Active contour Segmentation 

 

The image segmentation using active contour based on the J-image and edge flow. The use of 

edge flow vector field as the external force to enforce the initial contour move towards edges and the 

measure J as the stopping function instead of the traditional gradient edge penalty function.  

A good solution to suppress halos is to apply the gradients to adjust the levels of the frames. The 

scene gradient information is adaptively captured by setting the different exposure levels, i.e., the 

scene gradients are captured through the local adaptation to the scene luminance for an window M × 

M centered at (x, y). Technically, the scene gradient of a point is reflected by the gradient that is 

perceivable by human eyes, called visible gradient, and that can be measured by counting the number 

of visible differences of luminance’s between neighboring pixels in the window. 

To compute the quantity of the visible gradient G(x, y) by 

𝐺(x, y) = ∑ ∑ 𝑇(|𝑐(𝐼𝐻(𝑥, 𝑦). 𝑉𝑀𝐴𝑋(∇𝐼𝐻(𝑥, 𝑦))|) 
𝑦+

𝑀

2

𝑗=𝑦−
𝑀

2

𝑥+
𝑀

2

𝑖=𝑥−
𝑀

2

       (2) 

These exposure levels lead to different gradient magnitudes because the gradient magnitude 

depends on the image luminance's and the image luminance depends on the exposure level. The scene 

gradient extraction is a process to find gradient G(x, y) which maximizes the quantity of the visible 

gradient,    

𝐺(𝑥, 𝑦) = arg𝑚𝑎𝑥∇𝐼𝐻(𝑥,𝑦) ψ(x, y)           (3) 

In this gradient extraction, the pixels positions are estimated along with x-coordinate and y-

coordinate. In vector calculus, the gradient of a scalar field is a vector field that points in the direction 

of the greatest increase rate in the scalar, and in the magnitude. The variation in space of any quantity 

can be represented (e.g. graphically) by a slope in general. The gradient represents the steepness and 

direction of the slope. 

The initial contour required for active contour is manually achieved under the assumption that 

approximate foot prints of the buildings can be retrieved from the segmentation result using 

multispectral images as aforementioned. The contour curve evolution suggested can be formulated. 

𝐶𝑡 = (�⃗� ∙ �⃗⃗� )�⃗⃗� + 𝑘𝐽�⃗⃗� − 𝐹0𝐽�⃗⃗�                (4) 

Where 𝐸 ⃗⃗  ⃗is the edge flow vector field and �⃗⃗� =
∇∅

∇∅
. The stopping function J is computed from the 

J-image as (2) through normalization 

𝐽(𝑥, 𝑦) =
1

(1+𝐽(𝑥,𝑦))
2                 (5) 
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A Neumann boundary condition in the Laplace or Poisson equation imposes the constraint that the 

directional derivative of \phi is some value at some location. The typical Neumann boundary 

condition used is that the directional derivative normal to some boundary surface, termed the normal 

derivative is zero. There are a number of occasions where zero Neumann boundary conditions can 

occur in a system. Zero Neumann boundary conditions commonly occur over a plane of mirror 

symmetry, which is to say that the potentials at all pairs of points mirrored across a plane are 

identical. 

The contour is defined in the (x, y) plane of an image as a parametric curve, v(s)=(x(s), y(s)), 

where s is a parameter which increases as we around the contour and is related to arc length 

 

Energy functional (E): 

Having specified the contour as v(s), our model is defined as a sum of energy terms in the 

continuous spatial domain. The energy terms can be categorized as follows 

 

Internal Energy: 

Internal energy is a function of the contour v(s) itself and it specifies the tension and smoothness 

of the curve. It therefore depends on the internal properties of the snake. 

 

External energy: 

It is derived from the image under inspection and it possesses local minima at the edges or the 

object boundaries. 

 

Constraint energy: 

Constraint energy acts on the contour only if we have some sort of interactive interpretation and 

feedback provided by a user, automatic attentional mechanism or a higher-level process.  

The mathematical model using above energy terms is   

intsnake ext conE E E E                    (6) 

Algorithm: 

1) For a control point ( ( ), ( ))x i y i of the contour find the internal forces acting on it. 

2) Assuming that this control point moves under the influence of only its internal force intF , 

find the new position ( , )xnew ynew  of the control point i. Obviously ( , )xnew ynew  will have lower 

internal energy than ( ( ), ( ))x i y i . 

3) Find the external energy Eimage(vnew) and Eimage(v(i)) and update v(i) to vnew only if 

Eimage(vnew) is lower than Eimage(v(i)). 

In other words we say that if the energy of control point at the estimated new position is higher 

than current one, then we should not update because we have reached a local minima.  

4) Repeat the above steps for all control points until the time derivative on RHS vanishes. 

 
Feature Extraction: 

After performing the segmentation, the features haveto be extracted for detectingthe cancer in the 

lung region correctly. This step concerns with feature extraction such as Gray level co-occurrence 

Matrix (GLCM). GLCM contains information about the positions of pixels having similar gray level 

values.Texture descriptors derived from GLCMare contrast, Energy, Homogeneity and Correlation 

[17]. 

Where P(i,j) Element i, j of the normalized symmetrical GLCM. n is total number of gray levels 

in the image. 

 

Contrast: 

Measures the local variations in the gray-level co-occurrence matrix. 

Contrast = ∑ ∑
𝑃𝑑[𝑖,𝑗]

1+|𝑖−𝑗|𝑗𝑖              (7) 
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Homogeneity: 

Measures the closeness of the distribution of elements in the GLCM to the GLCM diagonal.  

 

Homogeneity=∑ ∑ |𝐶(𝑖, 𝑗)|𝑛
𝑗=1

𝑚
𝑖=1           (8) 

 

Energy: 

Provides the sum of squared elements in the GLCM. Also known as uniformity or the angular 

second moment.  

 

Energy= ∑ ∑ |𝐶(𝑖, 𝑗)|𝑛
𝑗=1

𝑚
𝑖=1           (9) 

 

Correlation: 

Measures the joint probability occurrence of the specified pixel pairs.  

These extracted features can be passed to SVM classifier in order to detect the cancer nodules. 

Correlation=
∑ ∑ [𝑖𝑗𝑃𝑑𝑗𝑖 [𝑖,𝑗]]−𝜇𝑖𝜇𝑗

𝜎𝑖𝜎𝑗
                  (10) 

 
Classification: 

SVM is a learning procedure based on the statistical learning theory and it is one of the best 

machine learning techniques used in data mining. For solving a two-class classification problem, the 

main objective of SVM is to find an optimal separating hyper plane that correctly classifies data 

points as much as possible and separates the points of the two classes as far as possible by minimizing 

the risk of misclassifying the training samples and unseen test samples[1]. 

For binary classification SVM is used. SVM is a machine learning technique which is used as a 

classification tool.It uses kernel function, which acts upon the input data; final summation with an 

activation function gives the final classification result.Support vector machines are supervised 

learning models with associated learning algorithms that analyze data and recognize patterns, used for 

classification[9]. The set of input data and the given input predicts which of two classes forms the 

input, making it a non-probabilistic binary linear classifier.From given set of training examples, each 

marked as belonging to one of two categories, an SVM training algorithm builds a model that assigns 

new examples into one category or the other. A threshold of 0.5 was used as significance level for a 

true positive detection during learning and 0.2 for evaluation[2]. 

Support Vector Machine (SVM) is a new machine learning method based on statistical learning 

theory [6]. It overcomes many shortcomings such as over learning, the local extreme points, and 

dimensionality disaster that the neural network and traditional classifiers have. SVM has strong 

generalization ability and has now become a new hotspot in the field of machine learning. However, 

in a conventional SVM classifier, a highly unbalanced distribution of data usually brings about poor 

classification accuracy for the minority class, because the classifier may be strongly biased toward the 

majority class [18]. SVMs tend to learn how to predict the majority class in particular, although they 

can get higher predictive accuracies without considering the minority class.The performance is 

calculated by the Accuracy, Sensitivity and Specificity. 

Sensitivity=TP/(TP+FN)          (11) 

Specificity=TN/(TN+FP)          (12) 

Accuracy=TP+TN/(TP+FP+TN+FN)         (13) 
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Fig. 6: False positive rate 

 

 
Fig. 8: True positive rate 

 
Fig. 7: Sensitivity rate 
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Fig. 9: Accuracy rate 

 
Table 2: Performance evaluation 

Computational techniques  

TP rate 

 

FP rate 

 

Sensitivity 

 

Accuracy 

Support Vector Machnie 
(SVM) 

66 6.76 97.5 83 

K-Nearest Neighbors 

 (k-NN) 

72 5.63 90.0 72.3 

Linear discriminant analysis 
(LDA) 

56.25 6.92 and 0.34/image 96.0 and 80.0 81.2 

Articial neural networks 

(ANN) 

50.2 6.1 and 2.5 97.0 and 88.0 80.2 

 
Conclusion: 

In this paper pulmonary lung nodule detection method is analyzed and nodule detection module is 

proposed based on the GLCM feature extraction and SVM classifier. Initially the input image is read 

and need to preprocess because of the high resolution and noise occur in the image is removed by the 

wiener filter. Then, the image is enhanced and segmented by ACM. The Active Contour Model is 

used to detect the boundaries exactly compare with the other segmentation. Features are extracted 

from the segmented image. GLCM is used to extract the features. The extracted features must be 

stored for classification. Based on the SVM classification the images are trained and tested to 

calculate the performance. By using SVM classifier the sensitivity is 97.5 and accuracy is 83. 
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