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Abstract: Since the discovery of X-rays and their applications, medical imaging hasbeen a great help for radiologists
in the diagnosis of diseases. In recent years, there has been a greateffort in the computer vision community
in the research of systems for the analysis and extraction of useful information from medical images. In this
scenario, we have designed, implemented and validated a novel method todetect normality/pathology in chest
radiographs, which constitutes the core of a computer-aided detection (CADe) system. Although the problem
addressed is very complex and little explored, our approach is completelyautomatic, starting from the location
of areas of interest using template matching techniques. The main novelty of our contribution is the application
of a transformation known as local binary patterns (LBP) to these areas. LBP histograms are then used as input
features for a classification system, which is ultimately responsible for the decision of normality/pathology.
The results of our preliminary experiments are quite promising. With success rates in the best cases close to
90%, we believe that increased performance could be obtained with bigger training sets and more advanced
classification systems, which will make these systems to be fully viable in the near future.

1 INTRODUCTION

The diagnostic imagingis based on the use of diffe-
rent physical principles to visualize the internal struc-
ture, composition and functions of living organisms,
so that medical professionals have evidence availa-
ble to identify lesions in patients. Among the various
existing medical imaging techniques, we can name a
few: based on X-rays (including conventional radio-
graphy), based on nuclear magnetic resonance, based
on the reflection of ultrasound and based on emissions
from radioisotopes (Fleckenstein and Tranum-Jensen,
2001). Figure 1 shows a sample of a chest radiograph.

Despite the subsequent emergence of new ima-
ging techniques, nowadays conventional radiology re-
mains to have a central role in health care facilities
around the world, “due to its ability of revealing some
unsuspected pathologic alterations, its non-invasivity
characteristics, radiation dose and economic conside-
rations” (Campadelli and Casiraghi, 2005, p. 1431).

Also, computer systems have been widely used

Figure 1: Male chest radiograph in posteroanterior (from
back to front) view.

in the analysis of medical signals. Over the past 15
years many research groups have focused on the de-
velopment of computerized systems that can examine



different types of medical images and extract useful
information for medical professionals (Papadopoulos
et al., 2005), specifically assisting in image analy-
sis and diagnostic decision making. Such systems
are commonly referred to as computer-aided detec-
tion/diagnosis (CAD) systems.

As we will review in section 2, there is an inter-
esting amount of work done in this field. However,
our proposal represents a new point of view, since it
is a method aimed to detect normality and pathology
from posteroanterior (PA) chest radiographs instead
of being specialized in a predefined number of disea-
ses in specific organs of the body. We should note that
the problem addressed is a little explored field, and
more complex than most of the existing computer-
aided detection (CAD detection) systems.

The rest of the paper is organized as follows. In
section 2, we present a classification of CAD systems
and review some approaches. In section 3, the pro-
posed method is described in detail, and in section 4
we expose and discuss the results of performed tests.
Finally, conclusions are presented in section 5.

2 RELATED WORK

2.1 Classification of CAD Systems

According to (Kallergi, 2005; Papadopoulos et al.,
2005), computer-aided biomedical systems can be
classified into the first two categories of the list be-
low. More recently, a third type of system has been
incorporated (Hao et al., 2008):

∙ Computer-aided detection(CAD detection or
CADe) systems, which detect signs of pathology
in medical images by extracting features that are
highly correlated with the type and nature of the
abnormality under investigation, but do not pro-
vide a medical diagnosis as such.

∙ Computer-aided diagnosis(CAD diagnosis or
CADx) systems, which assist clinicians in diag-
nosis. Based on the same or additional features,
such schemes characterize the identified regions
according to their pathologies.

∙ Computer-aided change detection(CADcd) sys-
tems, which provide detection and diagnosis as
well as evaluation of the progression of the di-
sease by identifying the areas that have changed.

2.2 Review of Existing CAD Systems

CAD systems have attracted the interest of the com-
puter vision community in the last decade. There is an

extensive literature in the domain of breast and lung
cancer imaging. Actually, there are techniques rela-
ted to the study of CAD systems ready to detect other
diseases such as severe acute respiratory syndrome
(SARS), acute intracranial haemorrhage (AIH), colon
polyps and thyroid gland nodules. We can even find
research works focused on the use of imaging techni-
ques different from x-rays, such as ultrasound.

On the other hand, the local binary pattern (LBP)
operator is introduced as a way to summarize the
structure of local gray levels of an image (Ojala et al.,
1996). Regarding the application of LBP or its va-
riations to solve medical imaging problems, resear-
chers are getting very good results, often improving
other existing approaches (Iakovidis et al., 2008; Oli-
ver et al., 2007; Sørensen et al., 2008).

There are very few works dealing with the pro-
blem of normality and pathology detection without
specializing in certain diseases. Research done by
(Park et al., 2004), aimed to the detection of nor-
mal/abnormal texture on chest radiographs, repre-
sents an exception. However, they propose the uti-
lization of techniques different from ours, such as a
knowledge based lung field extraction method, filte-
ring to reduce ribs shadows, feature extraction ap-
plying a cuasi-Gabor filter in the frequency domain
and a k-nearest-neighbors classifier. Moreover, in
(Sørensen et al., 2008), authors try to solve the pro-
blem of texture classification in lung using LBP. Ho-
wever, in this research work, computed tomography
images are used instead of conventional radiographs.
LBP histogram similarity is used as distance measure.
Then, classification is performed using the k-nearest-
neighbor classifier with these distances as input.

3 OUR APPROACH USING LBP

In this section, we describe our CADe system specia-
lized in PA chest radiographs. According to (Papa-
dopoulos et al., 2005), the main phases of a typical
CAD detection system are: preprocessing, segmenta-
tion, feature analysis (extraction, selection and valida-
tion), and classification, used to reduce false positives
or to characterize abnormalities. Figure 2 represents
the structure of this kind of systems.

3.1 Digital Radiography

The input of our system is a set of DICOM (Digi-
tal Imaging and COmmunications in Medicine) di-
gital radiological images. The images are around
3000×3000 pixels with 12 bits per pixel. DICOM is a
well-known standard for exchanging medical images,



Figure 2: CAD architecture, (Papadopoulos et al., 2005).

designed for handling, storage, printing and transmis-
sion of medical images.

3.2 Preprocessing

We first transform the digital radiographs into a for-
mat more suitable for easier processing, using MRI-
cro1, which is a freeware tool for efficient viewing
and exporting of medical images. We chose the PNG
(Portable Network Graphics) format, which is based
on a lossless compression algorithm. This step im-
plies the reduction of DICOM image depth from 12
bits per pixel to 8 bits per pixel; however, this more
compact representation of the image data still keeps
the information necessary for our purposes.

By using LBP, the necessity of applying image
equalization, or other preprocessing steps, is remo-
ved. As we will describe in section 3.4, in LBP ima-
ges only the value of a pixel in relation to its neigh-
bors is relevant. Nevertheless, since our system input
are high resolution radiographs, the needs of time and
memory could be too demanding. Therefore, before
the segmentation stage we apply a decimation to the
input images done by super-sampling interpolation.

3.3 Segmentation

In this stage, the original image is segregated into se-
parate parts. As in our system the main object of in-
terest are the lungs, the goal of segmentation is to de-
termine the position and size of both lungs.

There are a variety of techniques that can be used
for segmentation. Our proposal is based on template

1http://www.sph.sc.edu/comd/rorden/mricro.html

matching, a technique for finding those parts of an
image which match a predefined template image.

3.3.1 Proposed Segmentation Method

We utilize patterns of the right and left lungs as input
for a template matching algorithm. It is important to
use different patterns of lungs, to include the wide va-
riety of appearances that may be caused by sex, age of
individuals and their archetype. Furthermore, a multi-
scale search allow us to locate lungs with different si-
zes. The measure used for matching is a normalized
correlation coefficient (NCC).

The point of maximum correlation, which is de-
termined by the map of results produced by the tem-
plate matching algorithm, indicates the position of the
lungs. The dimensions are those corresponding to the
chosen pattern at the scale selected.

Finally, according to the obtained locations, the
lungs are divided into regions of equal size (see figure
3). This division is required in the subsequent steps.

Figure 3: Localization of lungs in a radiograph and segmen-
tation of them into regions. In the experiments described on
section 4, we have used a grid of 3×4 rectangular regions.

3.4 Feature Extraction

Feature extraction consists on the calculation of some
image features, looking for a description of the pro-
perties of each object. Our proposal is to use LBP
as the basic method to extract texture features in the
images (Ojala et al., 1996). This is a gray-scale in-
variant texture measure, derived from a general defi-
nition of texture in a local neighborhood. Although
this technique has been used in other medical ima-
ging applications, this work represents, to the best of
our knowledge, the first application to test of norma-
lity/pathology on radiographs.

The LBP operator was originally defined for 3×3
neighborhoods, giving 8 bit codes based on the 8 pi-



xels around the central pixel. The original LBP ope-
rator labels all the pixels of the image by thresholding
the neighborhood of each pixel with the central va-
lue and considering the result as a binary number. A
sample of this calculation is shown in figure 4.

Figure 4: Example of a LBP calculation.

The histogram of these 28 = 256 different labels
can then be used as a texture descriptor. The local pri-
mitives encoded by these cells include different types
of curved edges, spots, flat areas, etc. The calculation
of the LBP codes can be easily done in a single pass
through the image. Formally, the LBP operator takes
the form shown in (1), wheren iterates on the 8 neigh-
bors of the central pixelc, gc andgn are the grayscale
level values ofc andn respectively, ands defines the
thresholding function shown in equation (2).

LBP(xc,yc) =
7

∑
n=0

2ns(gn−gc) (1)

s(u) =

{

0, u≥ 0
1, u< 0 (2)

3.4.1 Proposed Feature Extraction Method

We apply LBP technique going over each pixel in the
radiograph and accessing to its 3×3 pixel vicinity. A
typical application to a chest radiograph is shown in
figure 5. Next, the LBP image is analyzed by regions
(see figure 6), computing the histograms of each re-
gion of the lungs (as previously found). Then we nor-
malize the histograms for comparison.

3.5 Classification

The diagnosisis an integrated medical procedure ai-
med to the identification of a disease from its signs
and symptoms. In the same way, the classification
stage is an essential and critical part of a CAD sys-
tem. Classification methods range from techniques

Figure 5: Application of LBP operator to a radiograph.

Figure 6: Comparison between the histogram of gray levels
and the LBP histogram calculated for the same region.

that classify lesions according to their types, to tech-
niques that produce binary diagnostics, as is our case,
since the objective is to determine whether the radio-
graph is normal or contains some kind of pathology.

Despite the existence of a wide variety of complex
classifiers for analyzing medical images, since we are
limited by the number of training examples, we pro-
pose to use conventional classifiers.

3.5.1 Proposed Classification Method

The main stages of our approach are:

∙ Calculation of distances between histograms,
which consists of obtaining distances between
histograms of each region of the lungs of the given
radiograph and those histograms corresponding in
normal and pathologic radiographs of the training
set. At the same time, minimum distances to nor-
mal and pathologic radiographs are obtained for
each region. We use the Bhattacharyya distance
for comparison between two histograms.

∙ Differences between minimum distances and clas-
sification of regions. For each region, the diffe-
rence between the minimum distance to normal
and pathologic histograms is obtained. The va-
lues obtained indicate whether a histogram is clo-
ser to one class or another (to normal or patho-
logy). Apart from calculating the differences bet-
ween minimum distances, we check the sign of



these differences and classify the regions as they
are closer to the corresponding region of the nor-
mal or the pathologic images.

∙ Classification of radiographs with or without in-
formation on discrimination of regions, which
is aimed at the final classification of the radio-
graph. We have analyzed three different classi-
fication methods, which will be compared in the
experiments: greater difference in absolute value
(GDAV), discrete voting (DV) and continuous vo-
ting (CV). GDAV method consists on going th-
rough all regions of the lungs looking for the dif-
ference between the minimum distances (as calcu-
lated above) that is larger in absolute value. Once
obtained, the class of the radiograph is the same
as that of the region concerned. DV method is
a voting in which each region, depending on its
class, contributes with one positive or negative
vote. When all the votes are collected, if the num-
ber exceeds a certain threshold the image is consi-
dered as normal and otherwise as pathologic. CV
method is similar to DV method, but now there
is a global sum reflecting the accumulation of the
differences between the minimum distances of the
input image to the normal and to the pathologic
images, for each region of the lungs. At the end,
if the sum exceeds a certain threshold the image is
considered as pathologic and otherwise as normal.

Note that the threshold established for voting met-
hods is determinant to control the compromise bet-
ween false positives (FP) and false negatives (FN). In
turn, the three methods have two variants: usingdis-
crimination matrixor not. This matrix weights the re-
lative importance of each region of the grids in which
the lungs are divided. When no discrimination ma-
trix is used, we have no information about the level of
discrimination of each region for the determination of
normality and pathology, so it is assumed that all the
regions of the grid have exactly the same importance.
The discrimination matrix is obtained automatically
through training with the same set of normal and pat-
hologic radiographs available.

4 EXPERIMENTAL RESULTS

The clinical performance of medical tests, including
medical imaging, is normally determined by estima-
ting indexes for true positives (TP), true negatives
(TN), false positives (FP), false negatives (FP), sen-
sitivity, specificity and accuracy, among others (Ka-
llergi, 2005). In addition, confusion matrices as the
one shown in table 1 are often used.

Table 1: Confusion matrix.

Prediction Outcome
Normal Pathologic

Actual Normal TN FP
Value Pathologic FN TP

We have 25 normal (12 males and 13 females) and
23 pathologic (13 males and 10 females) high resolu-
tion DICOM images of chest radiographs to perform
tests. With this input, we have conducted an extensive
battery of tests using the leave-one-out technique.

In each test, we measured the following values:
sensitivity SENS= TP

TP+FN (probability of giving a
correct response to the pathologic cases),specificity
SPEC= TN

TN+FP (probability of obtaining a correct
response to the cases with no pathology) andaccu-
racy ACC= TP+TN

TP+TN+FP+FN (equivalent to the propor-
tion of successes over the total).

The experimental tests performed have produced
the results summarized in table 2.

Table 2: Results of the tests using the GDAV, DV and CV
classifiers (in this order). WOD and WD means without
discrimination and with discrimination matrix, respectively.
M, F and A means using male, female and all radiographs,
respectively.

WOD WD
M F A M F A

SENS 0.31 0.4 0.39 0.54 0.4 0.39
SPEC 0.67 0.85 0.96 0.83 1 0.88
ACC 0.48 0.65 0.69 0.68 0.74 0.65
SENS 0.46 0.6 0.96 0.92 0.7 0.78
SPEC 0.67 0.77 0.2 0.5 0.77 0.8
ACC 0.56 0.69 0.56 0.72 0.74 0.79
SENS 0.46 0.7 0.7 0.54 0.7 0.52
SPEC 0.67 0.54 0.44 0.75 1 0.88
ACC 0.56 0.61 0.56 0.64 0.87 0.71

4.1 Discussion of the Results

Given the considerable amount of data available, we
will focus our attention on the accuracy obtained in
each of the experiments. We will analyze and dis-
cuss methods that do not use discrimination matrix
and those that use it.

For the methods without discrimination informa-
tion, there is a general low level of precision, as shown
in figure 7. This is more pronounced in the voting
methods. GDAV method has an interesting accuracy
rate, especially for female radiographs and when the
radiographs are considered all together. Male radio-



graphs are the most difficult to classify in this set of
data, but we believe that this fact is not generalizable.
Finally, although there are some cases with less than
50% accuracy (on male radiographs), the average ac-
curacy is around 55% with peaks close to 70%.

Figure 7: Accuracy obtained with different classifiers with
and without using discrimination matrix.

Regarding discrimination methods, the degree of
accuracy achieved is clearly better, highlighting the
classification of female radiographs again. In most
cases, voting methods perform better than GDAV
method. It is remarkable that with the appropriate
threshold, the CV method classifies women radio-
graphs with success rates very close to 90% of accu-
racy. With all the radiographs the best is DV method,
reaching an accuracy near to 80%. In general, the ave-
rage accuracy is around 70% considering all cases.

5 CONCLUSIONS

As a main general conclusion, the utilization of the
LBP texture analysis operator has emerged as an ef-
fective means for the study of radiographic images,
and more particularly chest radiographs, which are
the focus of this paper. LBP is a method that collects
interesting advantages as a small number of features
and a high power of discrimination.

The use of template matching technique at the
stage of segmentation to locate the lungs has been sa-
tisfactory, despite its known limitations. The great va-
riability among individuals in terms of shape and size
of the lungs makes it difficult to achieve an optimal
location of these structures.

Our approach to the problem has been implemen-
ted and tested as a first step towards a system for the
detection of normality and pathology in radiographs
which can be implanted in a hospital. The ratios of
success achieved, near 90% in the best cases, are quite

promising, although the method designed should not
be considered closed. Clearly, higher accuracy rates
should to be obtained to achieve a practical CAD sys-
tem. To work in its development the use of much lar-
ger sets of test will be essential.
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