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Lung Nodule Detection Based on 
Noise Robust Local Binary Pattern 

Mohammad Hossein Shakoor 
 

Abstract— In this paper a new method for detection of lung nodules in CT image is proposed which is robust to noise. For nodule 
detection, two important steps are followed: feature extraction and classification. For features extraction, some texture features are 
extracted based on an extended type of Local Binary Pattern (LBP). LBP is one of the most important feature extractor in texture image but 
one of the drawback of it, relates to noise because LBP is more sensitive to noise. The key point of the proposed LBP is robustness to 
noise by using uniform texture information. Support Vector Machine (SVM) is used for classification to distinct the pathological change 
(nodule) from other normal regions of the chest.  

Index Terms— Local binary pattern, nodule detection, uniform pattern, noise robust LBP.  

——————————      —————————— 

1 INTRODUCTION                                                                     
ONG Lung cancer is the most common cause of cancer   
deaths in the world. In the last few years, many computer-
aided detection (CAD) systems have been proposed to 

help radiologists to diagnose diseases such as automatic detec-
tion of lung nodules in CT scans [1]. These systems make it 
possible to detects diseases very faster than a specialist alone. 
Recent research has demonstrated the advantages of using 
CAD systems to help physicians in the detection [2-4] and di-
agnosis of lung cancer[8]. A CAD system for CT images in-
cludes three important parts: 1) preprocessing and lung seg-
mentation, 2) features extraction part that extracts features of 
each sub-region of CT image by using some descriptors and 3) 
A classifier that divides sub-regions of CT images into normal 
and abnormal (nodule).  
     At the beginning of the algorithm some prepossessing op-
erations must be applied on each CT image. Then lung curve 
should be extracted to exclude all redundant parts from each 
CT image.[5-9].  Also there are many features that can be used 
for classification. The texture features are fundamental fea-
tures for image segmentation [10,11], image classification 
[12,13], image retrieval systems [14,15], etc. In the past 10 
years, some methods based on the texture features were pro-
posed. These methods such as the gray level difference meth-
od (GLDM), the gray level run-length method (GLRLM), and 
the spatial gray level dependent method (SGLDM) [16] have 
been widely used to extract medical image characteristics and 
structures that are not directly visible for observers.  
      There are some automatic methods for lung nodule detec-
tion. Most of these methods use segmentation before classifi-
cation in lung image to extract nodules of image. Ozekes [17], 
used a segmentation algorithm based on rules and template 
matching trained with genetic algorithm (GA) which achieved 
93.4% sensitivity and 0.59% false positives per exam. Ozekes et 
al. [18] achieved 100% sensitivity and a rate of 13.37% false  
genetic neural network and threshold based on fuzzy rules.  

In [19], Ye et al. used a set of different features, containing in-
tensity information, shape index, and 3D spatial location for 
nodule detection. Antonelli et al. [20], used fuzzy c-means, 
followed by a morphological analysis of the resulting struc-
tures for this purpose. The automatic detection of low-dose CT 
images (LDCT) was reported in [21] using information from 
probabilistic models created to control the evolution of a de-
formable model, that was able to segment the lung nodules 
with low average error and low standard deviation with re-
spect to the form described by the specialist. In [22] Messay et 
al. combined simple image processing techniques, such as in-
tensity thresholding and morphological operations, to seg-
ment and detect structures that were lung nodule candidates. 
The authors did feature selection among 245 features to de-
termine the lung nodule candidates and used them in two 
classifiers: the Fisher Linear Discriminant classifier and a 
quadratic classifier. The method was able to detect 92.8% of 
the structures, which were nodule candidates. The CAD sys-
tem proposed by Tan et al. [23] employed three classifiers; one 
of them is based on genetic algorithms and artificial neural 
networks, which are then, compared to results from SVM and 
fixed-topology neural networks. The lung nodule detection 
method includes filters to detect nodules and vessels, and di-
vergence features to locate possible lung nodule candidates. 
Once the candidates are detected, features in a gauge system 
are applied to the three classifiers. The results obtained with 
the fixed-topology neural network had sensitivity of 87.5%, 
with average of four false positives per exam for nodules with 
diameter larger than or equal to 3 mm. Opfer et al. [24] have 
shown how to evaluate the performance of CAD systems us-
ing a standard dataset, which has the ground truth given by 
four specialists. In their analyses, the authors showed that 
their CAD system is able to reach detection rate of 89% of the 
lung nodules.  
Because of some special texture of nodule of CT images, tex-
ture features are widely used for nodule detection. One of the 
most important descriptors that can provide feature of texture 
accurately is Local Binary Pattern (LBP) [25]. LBP is a power-
ful texture descriptor that is widely used in various applica-
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tions to extract some texture features. The 2riuLBP [26] is rota-
tion invariant LBP by using the uniform local pattern. To fur-
ther benefit from the uniform local pattern is extended LBP 
(ELBP) that can be used as a good measure of an image’s uni-
formity.  In most paper each segmented lung is divided into 
some sub-regions and for each sub-region, texture features are 
extracted from the co-occurrence matrix. The co-occurrence 
matrix is made based on ELBP and Gradient of Difference 
(GOD) of each point. Then the features of each sub-region are 
fed into Support Vector Machine 
(SVM) to classify each sub-region into nodule and normal re-
gion.     
     This paper is organized as follows: Section 2 presents pre-
processing and lung segmentation of system, Section 3 de-
scribes feature extraction method and proposed method,  ex-
perimental results and conclusion are shown in sections 4 and 
5, respectivly. 

2 PREPROCESSING AND LUNG SEGMENTATION 
Before using nodule detection process, It is necessary to en-
hance CT images and remove some redundant region of imag-
es. Some types of noises are removed by median filter because 
this filter has high noise removing ability and low blurring 
effect comparison with other filters[27]. But, it is not possible 
to remove all of the noise. So in the proposed method a local 
binary pattern method  is proposed that correct the effects of  
noise. Also images are enhanced by gamma correction. Fig.1a-
1c represent original image, denoised image and enhanced 
image. After image enhancement, it is necessary to extract 
lung curve from other parts.  In other images in Fig 1. A bina-
ry image is obtained by Otsu method [28] and the border of 
the lung region in each slice is extracted by canny edge detec-
tion method. Fig.1f-1g show that some nodules that attach to 
chest wall are removed.  

 
 

 
 
 

Fig. 1. Preprocessing images: a) Original image; b) Denoised image; 
 c) Enhanced image; d) Binarized image; e) Cleaned binarized; f) Whole 

contours; g) Lung contour. 
The lung segmentation process should consider these nodules 
as lung parts to segment them in nodule detection. Here, by 
using concavity degree of border this problem is solved. In 
this method the lung borders are traced in a sequence of n pix-

els, so they form a collection of directed closed contours and 
extra contours are removed based on the number of pixels in 
each contour. Fig.2a-2b represents results of these steps. 
Concavity degree computation of each boundary pixel corre-
sponds to boundary points by distance that are considered as 
two endpoints of the base line. The base line determines the 
type of point (convex or concave). Thus, this base line is plot-
ted and its points that are not on the region are counted. The 
concavity degree defines as the ratio of the number of outside 
points toward the base line and the total number of the line 
segment points. Fig.2b shows extracted lung from the original 
CT image. 

 
 

Fig. 2. Result of lung segmentation: a) Lung contour; b) Extracted lung. 
 

 
3  FEATURES EXTRACTION AND NODULE DETECTION 
 
In this section, nodules will be detected by classifying the pix-
els in segmented lungs to two classes: nodule area and normal 
area. Same as every classification system, this paper follows 
two steps: feature extraction and classification. Texture fea-
tures are obtaining and SVM classifier is used for classifica-
tion. 
 
3.1 Features Extraction 
After enhancement of CT images and extracted of lung curve. 
Then features must be extracted from these lung images. For 
lung CT images there are many features which can be used for 
classification such as shape, intensity, texture and so on. Be-
cause of the texture characteristics of nodules and pathological 
change of the tissues of lung, texture features are widely used 
for obtaining the discriminative information from CT images 
[29]. To extract the texture features from the lung and recog-
nize nodule regions, each image is separated into sub-regions 
as Liang, Tanaka and Nakamura [30] did. Fig.3a and Fig.3b 
show the sub-regions of a lung image for small and large sub-
region respectively. Value of d (dimension of square sub-
region) must be selected properly. If it is so large, it may de-
crease accuracy of classification. On the other hand, using very 
small sub-regions increases the number of train and test data 
and results in high computational complexity for train and test 
operations. Therefore, d should be set same as the size of di-
ameter of medium nodules. For nodule detection it is possible 
to use large sub-region to determine only the sub-region (loca-
tion) of each nodule. All sub-regions are not used for feature 
extraction, because there are some only black or only white 
sub-regions that do not have any information. In Fig.3a and 
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Fig.3b these parts are white or black completely.  For each sub-
region, the Extended LBP values are mixed with gradient dif-
ference to make co-occurrence matrix which is used to extract 
some features for classification.  
     Nodules in the CT images have especial texture structure. 
In order to make distinction between nodules and the normal 
regions, some features are required. For this purpose, Penget 
proposed the uniformity estimation method (UEM) [29] based 
on local binary pattern (LBP), which can extract the uniformity 
information of brightness and structure in multiple directions 
from lung image. Brightness uniformity estimation uses 

2riuELBP . In order to extract texture features in multiple direc-
tions, we propose a modified extension of rotation invariant 
local binary pattern that uses a threshold value. At first LBP is 
introduced. 
 

 
 

Fig. 3 Different sub-regions. a) Small sub-regions;  b) Large sub-regions 
 

a. Local Binary Pattern (LBP) 
The LBP [25] is a powerful tool for describing texture features 
and has been widely used in a large number of applications 
such as face recognition [31] and medical image analysis [32]. 
The first LBP operator, which was introduced by ojala et, al. in 
[25]. 
LBP is a simple method that generates binary codes by com-
paring points of the for example 3*3 neighboring pixels with 
respect to the center pixel value. It generates a binary code 0 if 
the value of neighbor pixel is smaller than that of the center 
pixel. Otherwise, it generates a binary code 1. Then the binary 
codes are multiplied with the corresponding weights and the 
results are summed up to generate an LBP code. This value is 
calculated as follow in Eq. (1): 

where cg  is the pixel value of the center point and ig  is the 
pixel value of the neighboring pixel, P is the number of neigh-
bor pixels, R is the radius.  
Fig. 4 shows the process of generating LBP code. At last, each 
LBP code is used as a feature value. Also it can be used in a 
LBP histogram. Each bin of LBP histogram shows the number 
of a LBP code value. There are many versions of LBP that ex-
tract texture feature of image. Most of these methods are not 
rotate invariant. To obtain rotation invariant, the original LBP 

 
Fig. 4 The process of calculating the LBP code. 

 
was then extended to a circular symmetric neighbor set of P 
members on a circular region with radius R using uniform 
patterns [26].The rotation invariance LBP ( 2riuLBP ) can be ob-
tained as in Eq. (3). 

 
 
 
 
 
Here, riu2 reflects that the rotation invariant uniform patterns 
have a U value of at most 2. U is used to estimate the uni-
formity that corresponds to the number of spatial transitions, 
i.e., bitwise 0/1 changes between successive bits in the circle. 
Fig.5 is an example of the local uniform pattern with different 
U. 2riuLBP  is rotate invariant method and merges rotated fea-

tures and produces only P+1 features rather that  
p2 features 

of LBP. 

 
Fig. 5 An example of local binary patterns with different U. 

 
2riuLBP  uses uniform local pattern by using U<=2. To further 

describe the brightness uniformity of the local patterns and 
make  

 
the LBP more distinctive, Uniformity Estimation Method 
(UEM)  
[50] used 4riuELBP by redefining Eqs.(2)-(3) as Eqs.(5)-(6). 
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b) Proposed ELBP (TELBP) 
As we can see from (5), the comparing result  between the cen-
ter point and its neighboring pixels is divided into three situa-
tions that are given by different labels (-1, 0, and 1). This new 
pattern can distinguish the brightness relationship between 
the center point and its neighboring pixels in more details. But 
it is more sensitive to noise rather than LBP. We proposed new 
method of ELBP which is named TELBP that uses threshold 
parameter T. This new method is more robust to noise and 
obtain information in multiple directions. So 2riuTELBP is the 
same as 4riuELBP  and only difference is shown in Eq.(7) in-
stead of Eq.(5) and using U<=2 instead of U<=4. If CT images 
do not have noise, we must use T=0. If T=0, Eq.(7) is the same 
as Eq.(5). By setting T properly, the 2riuTELBP  is more robust 
to noise and produces better discrimination information than 

4riuELBP  and 2riuLBP . If R=1 in 2riuLBP , more than 90 percent 
of local pattern is uniform pattern. For R>1 this percentage 
decrease slightly (around 20 percent for R=2 and etc.). There-
fore, it can be used to determine X value in (7). X must be set 
to 1 or 0 to produce uniform pattern. 2riuLBP uses uniform lo-
cal binary pattern by using U<=2. So each undetermined bit in 
(7) Must set to 0 or 1 to produce uniform pattern. For example 
if 8 bits are 011X1000 so the X set to 1 to produce uniform pat-
tern (U<=2) because 90 percent of pattern is uniform. If X set 
to 0 so U=4  and it is non uniform pattern. Also most of the 
patterns in texture are symmetric pattern. A pattern is sym-
metric if the number of 1 is equal or close to the number of 0 in 
transition bits of LBP. If more than one bit is undetermined. 
The undetermined bits set to 1 or 0 to produce uniform and 
symmetrical pattern. The pattern is symmetric if the number 
of 0 and 1 in transition bits is equal or close to each other. For 
example if transition bits are XX111100 it produces 4 combina-
tions: 00111100, 11111100, 011111000 and 10111100. The last 
combination must remove because it is non uniform. The Se-
cond combination also removed because it is asymmetric. At 
last m=2 combinations 00111100 and 011111000 are remained. 
So 1/m is added to each histogram bin of these combinations 
or LBP codes. Each bin of histogram is used as a feature for 
classification. Using this proposed method increase the noise 
robustness of LBP. In our implementation value of T depends 
on the variance of noise in CT image (after preprocessing) the 
more variance of noise the greater value of T.  

 
c. Texture Features Extraction 
Now, for a point P (x, y), the 2riuTELBP is employed to denote 
the brightness uniformity of the neighbors of P (x, y) and the 
gradient orientation difference that is applied to denote the 
local structural uniformity among P (x, y) and its neighbors. 
Suppose the number of neighboring points is P , defined radi-
us is R, and neighboring points are ),(),...,,( 11 PP yxPyxP  a pair 
of uniformity based values are defined between a given point 
P (x, y) and its neighbor point  

),( nn yxP based on Eq. (15). To describe the local structures, 
[50] proposed to apply the gradient orientations of the points. 

The gradient orientation is another good measure of represen-
tation of the image features [33,34]. If the image intensity func-
tion is shown as I (x, y). The gradient orientation of point P(x, 
y) is calculated as follows based on the Sobel mask as Eq.(8) 
and GOD (Gradient of Difference) is obtained as Eq. (9). 

 

Where cg is the gray level of P (x, y). Similarly, the pairs of 

uniformity based values for P(x, y) and ),(),...,,( 8811 yxPyxP  
(for P=8 neighbor points) can be obtained by Eq.(10). As we 
can see in Eq.(10), the 

2riuGTELBP is the gray level based 
2riuTELBP , which is a combination of the gray level and the 
2riuTELBP . The gray level is degraded by the 2riuTELBP . Thus, 

if the points around P(x, y) are uniform, 
2riuGTELBP will obtain 

a lower value or vice versa. Finally, the bright and structural 
uniformity can be estimated by applying Eq.(10).  
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Now, a conditional probability density function 
F(

2riuGTELBP ;GOD|P,R) can be defined based on Eq.(11), 
where 0 ≤

2riuGTELBP ≤ L (suppose the gray level range is [0, 
L]), and 0≤GOD≤D (suppose the range of the degrees of gradi-
ent orientation difference is [0,D]).  Finally, a co-occurrence 
matrix with the size of (L+1)*(D+1) can be used for making 
probability matrix as Eq.(11). 
F (l, d| P, R) value is probably of gray scale l and gradient 
difference d in 

2riuGTELBP image. For each l value there are P 
values of d because of P neighbor points. So all of these P pair 
values must be applied to co-occurrence matrix.  
      Then some texture features are extracted from this matrix 
as Eqs.(12-18). In these seven features, entropy is an indication 
of the complexity within an image; a complex image produces 
a high entropy value [35]. Orientation difference is a measure 
of the image structure difference. If the local structures of an 
image are different from each other, Gradient Orientation dif-
ference is high and Gradient Orientation Uniformity is low. 
High Gray Level value and Homogeneity are two measures of 
the image brightness.  
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Gradient Orientation Uniformity (GOU): 
 
 
Gradient Orientation Difference (GOD): 
 
 
High Gray Level: 
 
 
Homogeneity: 
 
 
Moment: 
 
 
Energy: 
 
 
 
If the image is bright, High Gray Level will achieve a high 
value and homogeneity obtains low value. The homogeneity is 
a measure of the structural uniformity of an image. It obtains a 
high value if the image is uniform, and vice versa. Also, Mo-
ment and Energy are two important features that are used to 
describe intensity of images. These 7 features are calculated 
for each sample (each sub-region of each segmented lung) and 
used by SVM for classification. 

4   Experimental Result and Discussions  
In this section, results of the proposed method are presented 
and compared with some high performance algorithms. In the 
experimental results, eight clinical data sets with 19 nodules 
approved by medical experts are used. There are 45 slic-
es/scans among which four data sets are 5 mm thickness. Al-
so, there are 11 solid and two non-solid nodules in these data 
sets. Here, we have seven lung wall attached, one bronchiole 
attached and five solitary nodules. Another four data sets in-
clude about 450 slices/scans. There are four solid and two 
cavity nodules in these images. Four of these nodules are lung 
wall attached, one of them is bronchiole attached and the oth-
er one is solitary. These data sets were obtained in TABA med-
ical imaging center of Shiraz medical school. Also Some CT 
images of LIDC dataset are used in train and test part [36].  
      Lung segmentation method that is proposed in this paper 
based on concavity degree can be compared with some other 
lung segmentation methods. There are some lung segmenta-
tion methods based on rolling ball and morphological opera-
tion such as [13], [14] and [15] that are depend on radius of the 
ball and size of window but our proposed method is inde-
pendent from this values. So, we propose a good method that 
extracted lung accurately that caused better results for the next 
steps. In the nodule detection, by using SVM classifier, the 
results of nodule detection have compared with some other 

methods. In this part by using TELBP instead of ELBP the ac-
curacy of proposed method is increased and compared with 
three SGLDM, GLRLM, GLDM [16]. These three methods are 
not rotate invariant but our method is rotate invariant. Also 
our proposed method is compared with UEM [29]. UEM is a 
well-known and rotate invariant method. For feature extrac-
tion, image can divided into small or large such as Fig. 7 and 
for each sub-region texture features are extracted and used in 
co-occurrence matrix. LibSVM [37] classifier is used for train 
and test. 70% of images are used for train and 30% for test. We 
evaluated the performances of proposed method for nodule 
detection according to the Sensitivity, Specificity, and Accura-
cy that are related to True Positive, True Negative, False Posi-
tive, and False Negative as follows: 
 

• True positive(TP): the number of abnormal sub-
regions that are correctly classified. 

• True negative (TN): the number of normal sub-
regions that are correctly classified. 

• False positive (FP): the number of normal sub-regions 
that are incorrectly classified as abnormal regions. 

• False negative(FN): the number of abnormal sub-
regions that are incorrectly classified as normal re-
gions. 

 
The Sensitivity, Specificity, and Accuracy are then defined as 
Eqs.(19-21). 
 
 
 
 
 
 
 
For a fair comparison, seven texture features for each method 
are extracted that we have mentioned before. The methods 
SGLDM, GLRLM, GLDM and UEM are used for comparing 
the results with proposed method. Texture features are ex-
tracted in four directions: 0, 45, 90, and 135 (for rotate variant 
methods). The inner distances for SGLDM and GLDM were 
set to 1; these provided the best result for all methods. For the 
proposed method, the best result was achieved by setting the 
number of neighboring pixels at 8 and setting the radius to 1. 
As these tables (TABLE 1 to 4) show, most of the time our 
proposed method reach to higher accuracy than other meth-
ods. These tables compare the accuracies of methods by using 
SVM classifier tool.  
      Considering the Table 1, it shows that proposed method 
has better accuracy rather than uniformity estimation method 
(UEM). The accuracy of proposed method outperforms the 
UEM method while the noise increases drastically. Both of 
proposed and UEM methods are rotation invariant. This table 
indicates the effects of noise correction method for different 
Gaussian noise values. Each Tables 2,3 and 4 determine the 
results of nodule detection, using GLDM,SGLDM and GLRLM 
and compare these results with proposed method. These three 
methods are not rotate invariant. Therefore in the CT images, 
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first we train SVM classifier by using original CT images, then 
in test part the rotated CT images are used and texture fea-
tures are extracted by using rotated images in four directions: 
0, 45, 90, and 135.  Considering the result of Table 2, it shows 
that for all directions the GLDM has worse result than pro-
posed method. Only for GLDM90 the specificity is the same as 
proposed method. Also the proposed method has better per-
formance than SGLDM for all result values of Table 3.  In this 
table only for SGLDM0 the sensitivity is better than proposed 
method. Table 4 show the result of nodule detection for pro-
posed and GLRLM methods. It is simple to show that pro-
posed method has better specificity in most cases but the sen-
sitivity of it, is lower than that of GLRLM. It is because of the 
greater number of abnormal sub-regions that are incorrectly 
classified as normal regions in proposed method. Although 
the proposed method has lower sensitivity in some case, the 
overall accuracy of it is better than GLRLM in all cases. Fur-
thermore, the proposed method is a rotation invariant method, 
however in these three methods the result of the process 
changes when the CT images are rotated. The results of these 
tables are related to the accuracy of nodule detection using 
large sub-regions for feature extraction and using in LibSVM. 
It is possible to use small or large sub-regions for train and test 
of SVM but using small sub-regions does not change these 
results significantly. 

TABLE 1 
  COMPARING CLASSIFICATION ACCURACY OF UEM AND PROPOSED 

METHOD FOR IMAGES THAT INJECTED WITH GAUSSIAN NOISE  
(σ = 0, 0.03, 0.05,0.1). 

Method σ = 0 σ = 0.03 σ = 0.05 σ = 0.1 
Proposed 98.00 96.60 93.80 91.40 

UEM 97.20 93.80 90.20 86.20 
 

TABLE 2 
 COMPARING CLASSIFICATION SENSITIVITY, SPECIFICITY AND ACCU-
RACY OF GLDM AND PROPOSED METHOD IN FOUR DIRECTIONS (NO 

NOISE). 
Method Sensitivity(%) Specificity(%) Accuracy(%) 

Proposed 96.40 99.60 98.00 
GLDM 0 86.40 98.40 92.40 
GLDM 45 92.00 98.50 95.25 
GLDM 90 91.40 99.60 95.50 
GLDM 135 93.20 98.20 95.70 

TABLE 3 
COMPARING CLASSIFICATION SENSITIVITY, SPECIFICITY AND ACCU-

RACY OF SGLDM AND PROPOSED METHOD IN FOUR DIRECTIONS (NO 
NOISE). 

Method Sensitivity(%) Specificity(%) Accuracy(%) 
Proposed 96.40 99.60 98.00 

SGLDM 0 98.00 90.00 94.00 
SGLDM 45 92.60 95.40 94.00 
SGLDM 90 89.00 98.00 93.50 
SGLDM 135 88.60 97.80 93.20 

TABLE 4 
 COMPARING CLASSIFICATION SENSITIVITY, SPECIFICITY AND ACCU-
RACY OF GLRLDM AND PROPOSED METHOD IN FOUR DIRECTIONS 

(NO NOISE) 
Method Sensitivity(%) Specificity(%) Accuracy(%) 

Proposed 96.40 99.60 98.00 
GLRLM 0 97.00 92.00 94.50 
GLRLM 45 98.00 84.00 91.00 
GLRLM 90 90.20 99.80 95.00 

GLRLM 135 98.60 78.40 88.50 

5   CONCLUSION 
 
In this paper, an automatic method is proposed that detect 
lung nodule in CT images. The proposed method consists of 
three steps; 1) preprocessing and lung segmentation 2) feature 
extraction and 3) nodule detection (Classification) at the be-
ginning of the process some enhancement methods are used to 
improve quality of image. Then a concavity degree method is 
used which can extract lung areas from the CT image. In this 
paper a version of local binary pattern is proposed to extract 
texture feature of nodules and using them for each sub-region 
of image. This method is robust to noise and correct noise ef-
fects by using uniform and symmetrical information of local 
patterns. Extracted features are used in a SVM classifier to 
detect sub-regions that contain nodule.  
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