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INTRODUCTION

ABSTRACT

This paper focuses on the use of local binary pattern (LBP) in
template matching for nodule retrieval from CT lung images.
Existing local binary pattern operators uses the features of LBP to
train the classifiers for the classification of lung nodules, here LBP
method is used for the extraction of features from lung nodule
images. In this work, LBP method is applied on both the lung
images as well as on nodule templates to extract LBP features. The
resulting features are compared to extract the cancerous nodules.
Experiments are performed on the lung data sets collected from
LIDC database. The results show that use of LBP features in
template matching yields better accuracy rate as compared to the
literature.

Keywords: lung nodules, rotation invariant LBP variance,
segmentation, nodule templates, template matching.

In the past two decades numerous
screening studies have been conducted
worldwide to study early indications of lung
cancer. Indeed, survival of lung cancer is
strongly dependent on accurate and early
diagnosis'. The early clinical diagnosis
generally begins with retrieval of lung
nodules from Computed Tomography (CT)
images. For identifying the lung nodules, CT
scan of the thorax is widely applied in
diagnosis. Compared to other modalities, CT
excels in the imaging of the lungs’. Many
researchers have worked on lung nodule
retrieval from CT images in the past several
years. There are two main approaches for
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lung nodules retrieval: classifier-based
method and template matching ones.
Classification methods utilize image texture
descriptors’. Texture is very important
component as in>>. The local binary patterns®
(LBP), is most widely used texture descriptor
because of its low computational complexity
and capacity to code minute specifications. In
the field of medicine, for instance’
successfully used LBP descriptor for
mammogram images, and Cintroduced a
powerful search and retrieval method that
used LBP with Support Vector Machines
(SVMs) to find relevant slices in brain
magnetic resonance volumes. Keramidas et
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al” have given texture representation on
thyroid ultrasound images. In 2008, Nanni et.
al.*’ used LBP to automate the cell phenotype
image classification. In the area of face
classification, '’and'' have extensively
worked on LBP. Some important papers'*'?
have also successfully experimented LBP in
other useful applications. More on LBP can
be explored at http://www.ee.oulu.fi/mvg
/page/lbp_bibliography#biomedical. Although
classifiers designed using LBP yields high
accuracy rate, but also produces a high false-
positive (FP) rate and is computationally
expensive'*.

Other method for lung nodule retrieval
is template matching. There are some of
approaches derived from template matching-
based method, including those based on the
deformation of the object, and methods based
on anatomy Models™'®. A novel genetic
algorithm (GA) based template matching
technique (GATM) to detect nodules was
proposed in'’. In'®, an algorithm for nodule
detection was designed, that used deformable
3D and 2D templates describing typical
geometry and gray level distribution within
the nodules of the same type. The detection
combines normalized cross-correlation (NCC)
template matching by genetic optimization
and Bayesian post-classification. Many
methods were designed based on gray level
changes, with good sensitivity rate'’, 92.3%
and with reduced FP* to 9.2%. In’!,
templates based on  the  spherical
enhancement, using 3D geometric feature
calculation and the shape based on GATM
template matching algorithm are designed. 3D
reconstruction design on the basis of the
template matching method** is made with the
accuracy of 84.84%. Different machine
learning techniques, including template
matching, support vector machines, linear
discriminant  analysis and the linear
programming technique, are available to
match lung nodule characteristics”~*. For
templates without strong features, a template-
based approach using Sum of Absolute

Differences (SAD) measure is effective’”.

In this paper, LBPV, a combination of
LBP method (that recognizes certain patterns,
termed “uniform patterns”) with the rotational
invariant variance measure (that characterizes
the contrast of the local image texture as
basis) is used for template matching to
retrieve different types of lung nodules. It is
developed as an efficient approach for lung
nodule retrieval due to high robustness of the
local binary pattern method and its
characteristics like rotation and scale
invariance. This approach is computationally
less expensive and yields reduction in the
false positive rate.

The remainder of this paper is
organized as follows. Section 2 describes the
block representation of nodule retrieval
system and also explains the use of rotation
invariant LBP in template matching.
Experimental results and discussion are
presented in section 3. Finally the concluding
remarks and directions for future research are
given in section 4.

MATERIAL AND METHOD

Overall scheme of LBP in template matching
The steps of the proposed scheme of
local binary pattern in template matching for
lung nodule retrieval in CT images are shown
in figure 1. In the first step, CT database of
lung images is downloaded from Lung Image
Database Consortium (LIDC) of National
Cancer institute (NCI)** and then, lung
images are converted in jpeg format using
lossless image conversion to retain the quality
and information present in image. Secondly,
segmentation of CT images is performed to
get lung parenchyma. Next, in the third step,
rotational invariant local binary pattern
method with variance measures is applied on
both the segmented lung parenchymas and
designed nodule templates of various
sizes™® for lung nodule segmentation. In the
further step, matching is done between feature
vectors from the previous step using the sum
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of absolute differences (SAD) method®*. The
final matching results are labeled as
cancerous nodules on the original images.

Lung parenchyma fields segmentation

Some radiologists of Postgraduate
Institute of Medical Education & Research
(PGIMER), Chandigarh, INDIA suggested to
remove the mediastinum part (central Part)
from lung images as it is difficult to
determine the malignancy at that place even
for medical professionals. To view the same,
the lung parenchyma fields are separated.
The process of lung parenchyma field’s
segmentation is according to the following
steps used in?’ as shown in figure 2.

1. Optimal Thresholding: The image is
thresholded to extract low-density tissue
region (e.g. Lung parenchymas) from fat
area.

2. Background removal: The surrounding
air, identified as low—density tissue, is
removed.

3. Cleaning: It is performed to fill the holes
in the binary image.

4. Lung mask: To extract lungs from
background, lung mask is created.

5. Lung Extraction: Output of step 4 is
subtracted from the original image to
provide separated lung parenchymas for
further processing.

Local binary pattern formulation

After obtaining lung parenchymas
from the preprocessing step, the LBPV
operator is applied on lung data set and
nodule templates. Ojala et al.” first introduced
the LBP operator for rotation invariant texture
classification. The LBP is very efficient
texture descriptor due to its discriminative
power and computational simplicity. Given
an image / of size n X m grayscale pixels and
we denote with I(g) gray level of the gth
pixel of the image I/, the LBP operator is
calculated at each pixel by evaluating the
binary differences of the values of a small

circular neighborhood(with radius R) around
the wvalue of a central pixel g,..
Mathematically, the LBP value of current
pixel is given:

P-1
LBPr = ) 5(gp-9:)2",
p=0
(1, i fx=>0;
s(x) = {0, otherwi se

(1)
where
g.. gray value of the center pixel
gy gray values of the circularly symmetric
neighborhood g, (p=0, . . .,P-1).
P: Image Pixels in the circle of radius R(R >
0) that form a circularly symmetric neighbor
set respectively
2”: binomial factor for each sign s(g,- g.)

A histogram is generated to represent
the texture image after finding the LBP code
of each pixel in the image. Figure 3 shows
LBP derivation with example using 3x3
neighborhood. In this, each LBP is regarded
as a micro-texton”.

Local textons include spots, flat areas,
edges, line ends and corners. Figure 4 shows
the different texture primitives detected by the
uniform patterns of LBP. In the figure 4, gray
circle indicates center pixel, Black and white
circles correspond to bit values of 0 and 1 in
the different patterns of the operator.

Rotation invariance®

To remove the effect of rotation, each
LBP code must be rotated back to a reference
position, effectively making all rotated
versions of a binary code the same. This
transformation is defined as follows:

LBPS%=mi n{ROR (LBP:, )|i=0,..., P-1} (2)

where the superscript ‘7i’ stands for “rotation
invariant”, the function ROR(x,i) performs ‘7’
times bit-wise circular right shift on the P bit
binary number, x. In terms of image pixels,
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this simply corresponds to rotating the
neighbor set clockwise so as to get maximum
number of zeros in the beginning of the
binary string’; ‘min’ operator will just take
the minimum decimal values from different
patterns.

Uniform Pattern’

Sometimes rotation invariant patterns
cannot give good discrimination®. Some
patterns among rotation invariant patterns are
dominant, and are fundamental properties of
texture. The patterns are considered uniform,
if the number of transitions between 0 and 1
are less than or equal to two in the circular
binary code. This operator is called LBP;%‘Z.
Non uniform patterns are considered the
patterns that contain the main part of the noise
of the images. A region with no transitions is
considered as a background or a flat region of
the image. The LBP feature vector is
extracted from each cell and is the histogram
of dimension P + 2 (a single bin for non-
uniform  patterns).  LBP}%? operator  is
formally defined as’

P-1
LBPP‘;?'Z: Z 5(g}7-gc)l 1 f ZYLB})RR)SZ
G =0

P+1, otherwi se
(3)

where
U(LBPP,R) = Is(gp-1— 9c) —s(go — 9ol
+Zg;(1)|5(gp - «96) - S(gp—l - gC)l

4)
where superscript '7iu2' denotes the rotation
invariant “uniform” patterns that have U
values at most of 2. Therefore, mapping from
LBPpxto LBPF%? results in only p+1 distinct
groups of patterns, leading to a much shorter
histogram representation for the whole image.
To achieve rotation invariance, a Look-Up
Table (LUT) is used. The LUT store all the
possible uniform patterns along with their

unique LBP{#? code.

In conventional LBP the central pixel
is discarded (despite the implicit use of the
intensity of the central pixel as the threshold
to achieve local gray-scale invariance), and
only the joint distribution of the neighborhood
around each pixel is considered. The LBP
oversimplifies local structure and loses
textural information®. Therefore, Ojala et al.*
made a correction by including the local
contrast of each pattern and proposing a
complementary local descriptor called
VARp . Using the joint histogram of LBP;%‘Z
and VARppr denoted as LBP;%Z/ VARp r
(Aka LBPV), a powerful tool for rotation
invariant texture classification is
demonstrated in®.

P-1

1 2

VARppr = 52(9;9 - W5
p=0

1 p
vwherepy = ;Zgzégp
(5)

Template matching

To identify the lung nodule from local
binary pattern variance image, the different
size of rotational invariant LBP templates
nodules are matched using template matching.
A basic method of template matching uses a
template, tailored to a specific feature of the
search image, which one want to detect. Then,
simply moves the center (or the origin) of the
template 7 over each (x, y) point in the search
image. Here, SAD (Sum of absolute
differences) measure®” is used for matching
the intensities of the pixels. Let I(x, vy
represents intensity of a pixel at coordinates
(xs , yy) in the search image and [(x,, y; )
denotes the intensity of a pixel at coordinates
(x, y) in the template. Thus the absolute
difference in the pixel intensities is defined as

DW(XSJ yS: xt: yt) = |IS(xS: ys)_lt(xt: yt) |-

SAD(x, y)=Ziros S5 Diff (c + i,y +j, i, j)
(6)
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where, T,,ws and T,,;; denote the rows and the
columns of the template image respectively.

The mathematical representation for
the looping through the pixels in the search
image as we translate the center of the
template at every pixel and take the SAD
measure is the following:

Y320 2026 SAD (x, ) (7)
where S,,.s and S, represent the rows and
the columns of the search image.

The lowest value of SAD score gives
the estimate for the best position of template
within the search image.

The local binary pattern and variance
measures information with the use of
descriptor ~ LBPp'¥?/VARp at  different
rotation angles (B € {0°,45°,60°,90°}) is
stored in the form of image histograms for
both lung images and nodule templates and in
the next step, feature information uses in the
template matching instead of classifiers.

EXPERIMENTAL RESULTS AND
DISCUSSION

The experiments are conducted on the
images collected from LIDC public lung
image database®. The database is separated
into 84 cases, each containing around 100-
400 Digital Imaging and Communication
(DICOM) images and an XML data file
containing the physicians annotations.
Database contains 143 nodules having size
range of 3 to 30mm (to be manually
segmented by radiologists). The size of
nodule template is taken wusing the
characteristics of the medical lung nodule
templates®®. The lung nodule templates are
designed in the range of 4-20 mm in diameter.
This size is chosen by calculating the area of
standard affected nodules in the area of
medical field. Further, the lung nodules are
processed using various morphological
operations to give the final shape. The lung

nodule templates types with different sizes are
shown in figure 5.

In this paper, the goal is to enhance
the performance of template matching with
the rotation invariant uniform patterns by
extracting a set of features from the extracted
lung parenchymal field segmented image. The
histogram from the uniform pattern image
represents the number of uniform patterns
present in the image corresponding to
predefined 256 mapping uniform patterns
possible when a neighborhood of size 3x3 is
used. The LBP]%*? image and its histogram
are shown in figure 6 (a) and 6 (b)
respectively. The final combined operator
LBP}%?/ VARp g separates the texture with
clear boundaries resulting in very efficient
segmentation of image (figure 6 (c)). In
practice, same (P, R) values are used for
LBP}%? and VARp . Bach texture is captured
in four rotation angles (B€{0°, 459, 60°, 90°}).

The template is rotated at different
angles (B € {0°%45°60°90°}) and LBP
operator is applied at each orientation of
template. The feature vector of nodule
templates contain the rotation invariant LBP
variance measure at different angles of
(B € {0°45°,60°90°})and correspondingly
histograms of patterns for rotation invariant
features are shown in figures 7(a) (b) (¢) (d).

The features obtained from the
uniform patterns in the histograms of rotation
invariant lung images and rotation invariant
nodule templates match with each other at
different orientations using SAD measure. The
extracted lung nodules are marked with red
color (as shown in figure 8).

For the quantitative evaluation of lung
nodule retrieval method, the commonly used
metrics like Accuracy, Sensitivity, False
Negatives (FN) and False Positive (FP) are
computed. High level of accuracy rate,
Sensitivity rate and low FP rate represent a
good retrieval method. The metrics are

defined as in*>%.
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Accuracy = ((TP + TN))/((TP+ FP+ FN +
TN))
8)

sensitivity TP/(TP +FN) =
probabi li tgf posi ti tesgi vert hatt hepati enitsi 1l

)

speci ficity TN/(TN + FP) =

probabi li tgfnegati veesgi vert hatt hepat i enitswell

(10)
False Positiveate= 1 — speci ficity
FP /(FP +TN)

(11)
False Negativeate=1—sensitivity
FN/(TP +FN)

(12)

where TN stands for true negative and 7P
stands for true positive,

Table 1 represents the average
accuracy obtained by the LBP variance
method on LIDC datasets for identification of
parenchymal nodules of sizes 10mm, 15mm,
20mm and Juxtapleural nodules of size
18mm. The results are taken on a series of 50
patient’s images. The values in the table show
that LBP method yield average accuracy
higher than 94% that is more than 94% cases
will be correctly diagnosed for ailment. To
demonstrate the effectiveness of the local
binary pattern method on cancerous nodule
retrieval, metrics like sensitivity and
specificity are computed on 40 sets of
DICOM CT lung cancer images (Table 2).
The results are presented at different
neighborhood sizes (by varying radius (R=1,
2) and number of pixels (P = 8, 16)) are
shown in Table 2. The numerical values of
the metrics indicate that LBP rotation
invariant method produces average sensitivity
higher than 98% and specificity 93% (see
Table 2). Whereas, already developed
computer aided diagnosis system for
pulmonary nodule detection in CT imagery
had given the specificity of 80.4% and

sensitivity of 82.66% on LIDC database™.
The experimental results are also
compared with the specificity and sensitivity
of evaluation of linear binary pattern feature
descriptors for detection and classification of
lung nodules in CT scans of the chest’".
Further, the curve tradeoff between
sensitivity and specificity for different nodule
sizes of 10, 15, 20 mm of parenchymal and 18
mm of Juxtapleural are shown in figure 9.
The figures reveal that at specificity of 93%,
sensitivity of system is close to 99 percent
which suggest the system is highly capable of
lung nodule detection. Thus, it can be
concluded that rotation invariant LBP based
template matching method provides a
powerful mechanism to diagnosis for doctors.
Here, in this paper, the results show
that use of LBP features in template matching
yields better accuracy rate as compared to the
literature. So, it is developed as an efficient
approach for lung nodule retrieval due to high
robustness of the local binary pattern method
and its characteristics like rotation and scale
invariance. From the experiments, this
approach is computationally less expensive
and yields reduction in the false positive rate.

CONCLUSIONS AND FUTURE WORK

In this paper, the applicability of LBP
variance operator on lung nodule retrieval is
analyzed. The images are collected from
publicly available LIDC database. The
combined gray-scale invariant LBP and
rotational  invariant  variance = measure
LBP}%2?/VARpRis used to extract feature
vectors from lung image dataset and the
nodule templates, and then the template
matching method is implemented to retrieve
the lung nodules. It is experimentally shown
that LBP based method has excellent
performance in the template matching as it
yields high accuracy, high sensitivity and
specificity. In the future work, some criteria
of optimality can be used to process number
of images in the datasets. The semantic
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information can be extracted from DICOM
header of DICOM CT images which can be
used to perform the initial search to retrieve
the images. This pre-filtering of the images
can reduce the number of images to be
searched and speed up the retrieval process.

The accuracy of system is dependent
on nodule template. The accuracy of process
can greatly be increased if medical fraternity
will provide templates of nodules that come
under malignant category.
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Table 1. Average accuracy obtained at different sizes of nodules on LIDC database

Accuracy at
Juxtapleural nodule
identification

Accuracy at parenchymal
Segmentation nodule identification

Patient ID
(Each patient ID contains

. A
many images) el 10mm  15mm 20 mm

1 Nodul
Nodule = Nodule Nodule 8 mm Nodule

1.3.6.1.4.1.9328.50.3.0041 98.5891 94.6901 | 97.1726 | 97.1686 97.1809
1.3.6.1.4.1.9328.50.3.0042 98.5161 95.2380 | 97.1178 | 97.1182 97.1239
1.3.6.1.4.1.9328.50.3.0043 98.5766 95.2407 | 97.1683 | 97.1495 97.1713
1.3.6.1.4.1.9328.50.3.0044 98.3885 95.0405 | 96.9904 | 96.9842 96.9867
1.3.6.1.4.1.9328.50.3.0045 98.5766 95.1456 | 97.4661 | 97.4514 97.4814
1.3.6.1.4.1.9328.50.3.0046 98.3365 95.0169 | 96.7960 | 96.7872 96.7993
1.3.6.1.4.1.9328.50.3.0047 98.5101 96.3748 | 96.4549 | 96.4655 96.4514
1.3.6.1.4.1.9328.50.3.0048 98.5371 95.1449 | 97.2132 | 97.1950 97.2092
1.3.6.1.4.1.9328.50.3.0050 98.4600 96.4811 | 96.2735 | 96.2701 96.2817
1.3.6.1.4.1.9328.50.3.0051 98.6191 95.3056 | 97.2261 | 97.2376 97.2351

Average Accuracy 98.51097 95.3678 | 96.9879 | 96.9827 96.9921

Table 2. Average performance obtained with different radius and neighborhood sizes on
DICOM CT lung cancer images
Performance of LBP descriptors in Template Matching in terms of

Nodule Types of various sizes

metrics:
e . False Positive | False Negative

All Nodule types Specificity Sensitivity (FP) rate (FN) rate

PARENCHYMAL NODULE OF 93.7857 98.3627 6.2143% 1.6373%
SIZE 10mm

PARENCHYMAL NODULE OF 93.7004 99.7589 6.2996% 0.2411%
SIZE 15mm

PARENCHYMAL NODULE OF 93.6992 99.7578 6.3008% 0.2422%
SIZE 20mm

JUXTAPLEURAL NODULE OF 93.7139 99.7571 6.2861% 0.2429%
SIZE 18mm
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DATASET: DICOM LUNG IMAGE DATABASE (LIDC)
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Figure 1. Overall scheme of lung nodule Retrieval
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Figure 2. Lung parenchyma fields segmentation method (a) original CT Lung Image (b) threshold
point using histogram (c) binary Image (d) cleaned image (e) lung Mask (f) lung parenchyma fields’
image [adopted from®’]
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Figure 3. Example of obtaining LBP for 3x3 neighborhoods
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K Figure 4. Different texture primitives detected by the uniform patterns of LBP* /
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Figure 5. Nodule Templates of different types: (a), (b), (c) shows the Parenchymal nodule templates of
\ diameter 10, 15, 20mm respectively, (d) Juxtapleural nodule template of diameter 18 mm /
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Figure 6. Rotation invariant LBP operations on lung images (a) rotation invariant LBP uniform
pattern Image LBP, griuz (b) histogram showing number of uniform pattern in the image (c)
segmented lung image using LBP,Z,",%Z/ VARp  operator with different values of P, R and on the
rotation angles of (B € {0°,45°,60°,90°%)
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Figure 7. Rotation invariant lung templates (a) (b) (c) Rotation invariant templates of
Parenchymal nodule of different sizes of 10mm, 15mm, 20mm respectively, (d) Rotation
invariant template of Juxtapleural nodule of size 18mm at different rotation angles (f €
{0°,459,60°,90°}
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original lungs image nodule with radius 10 mm nodule with radius 15 mm

nodule with radius 20 mm Jaupaxteral nodule cancerous nodules

Figure 8. Output showing marking of corresponding nodules a) original image b) image marked with
parenchymal nodules of size 10 mm c) parenchymal nodule with radius 15 mm d) parenchymal
nodule with 20 mm radius e) Juxtapleural nodule with radius 18 mm f) cancerous nodules
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Figure 9. Curve tradeoff between sensitivity and specificity lung nodules of different sizes
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