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Abstract

This paper presents a method to apply the general image
retrieval agorithm on chest radiographs using quasi-
Gabor filter. The lung field is extracted to limit the region
to be processed using knowledge based lung field
extraction method and the rib shadow is reduced to
emphasis the lung texture.
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1 Introduction

Medical image analysis is a complex task in which a
human expert makes extensive use of the knowledge of
anatomy and imaging techniques. Specidly, the
automatic segmentation of chest radiographs is
challenging problem from a computer vision point of
view. Because there are large anatomical variations from
person to person and the most important problem is that
radiographs are projection images and thus contain
superimposed structures.

To interpret the chest radiographs, the radiologists often
employ local properties like perceived intensity,
uniformity,  roughness, regularity, directionality,
coarseness, smoothness and granulation [2]. For detection
and characterization of these properties in radiological
images, computer-aided diagnosis (CAD) schemes have
been developed. CAD have usually included:

e Extraction of organs such as lung, heart, diaphragm,
mediastinal, etc., using pixel classification [9][18],
rule-based [8] and knowledge-based [14][7]
methods.

¢ Detection of the rib cage using Hough transformation
[13], a method based on modeling correspondence
[14][15] and a method based on the gradient
gray_level.

e Searching for isolated  abnormal
[16][17][13][12][11][10]

patterns
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Figure 1 Extraction of lung field

However, all these proposed methods are designed for the
chest radiographs since the local properties are often not
clear and they are often superimposed with other organs,
especially with the rib cage.

In this paper, we present a method to apply the general
image retrieval algorithm on chest radiographs using
quasi-Gabor filter developed by Park et a. [3][19]. It has
already proved its high retrieval accuracy with low
computational time. To apply this agorithm, we
introduce a simple method to reduce the rib shadow.

The layout of this paper is as follows. In section 2, we
will show the lung extraction module. In section 3, we
will show the reduction of the rib shadow. In section 4,
we will explain the quasi-Gabor filter and in section 5 we
will detail our experiments, and finally in section 6, the
conclusion of this paper will be presented.

2 Extraction of Lung Field

The lung field is extracted to limit the region to be
processed. The knowledge based lung field extraction
method, developed by Matthew et a. [14] and extended
by Park [7], is applied to extract the lung field (see Figure
1). The system is a pixel-based feature extraction with a
powerful, object-centered, knowledge-base inferencing
system based on anatomical structures and relationships.
An outline of the algorithm is asfollows:

e Calculate edge points, with their associated gradient
magnitude and phase (direction), eg., using Canny or
LoG

* Apply magnitude and phase constraints, retaining
only those points which satisfy the constrains



(a) Right lung

(b) Plotting of the rib borders

(c) Reduced rib shadow

Figure 2 Reduction of ribs

¢ Form edge fragments from continuous sets of points

e Subdivide (split) edge fragments at points of high
curvature

e Calculate all possible linkages of edge fragments to
form candidates. A linkage can occur if the end
points of the fragments are close enough, and the
angle between them is within the orientation
constraint range

e Discard dl candidates which do not satisfy the length
constraints

e Select the best candidate for matching to a frame on
the basis of confidence scores.

3  Reduction of Rib shadow

To detect the rib border is not an easy task since there are
different exposure levels of the different organs.
However, it is worth applying one enhancement
technique to the image causing some areas to be
enhanced effectively while in other regions image quality
is reduced [5]. The most efficient procedure is to filter
the image with the Gaussian filter approximation before
applying another operator such as Sobel and Robert [1].
We convolve one of the Sobel edge kernels to enhance
the horizontal edges in the image and apply the edge
detection algorithm to detect al the edges. From the
edges, the rib border should be extracted using its
characteristics such as length, start point, end point and
gradient.

The rib borders are plotted on the original input image.
There are two kinds of rib borders, which are a superior
rib border and an inferior rib border (see Figure 2). The
superior borders are represented by ‘0O’ and the inferior
borders are represented by ‘1’ in the original input image.
We scan this image from left to right to plot the value
aong the same column. The difference between rib
shadow and lung part without rib shadow is subtracted
from the rib shadow since the rib shadow has higher
density (1).
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f(i,j) isthe input image and c; is the start of the rib border
and c. is the end of the rib border. su indicates the
superior rib border and in indicates the inferior rib border.
The Figure 2 (c) shows the lung field with the reduction
of the rib shadow.

4  Detection of an Abnormal Nodule

The extracted lung field is divided into N 64x64
overlapping by 48 pixels subimages. This will resulting a
more accurate image texture. The image feature vectors
are extracted from each subimage using quasi-Gabor
filter shown in Figure 3.
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Figure 3 quasi-Gabor filter

The quasi-Gabor filter was developed by our team and
we proved that the filter works very well with Brodatz
image database [3][19]. We apply the filter in the
frequency domain. Before the two dimensions DFFT
(Discrete Fast Fourier Transform) is calculated we
remove the mean value from the image because it tends to
mean that the positive peaks of the waveforms are more
likely to exceed the maximum level that can be
represented. Then we use the Hamming windowing
function to reduce DFFT leakage and the side lobes for
improving DFFT results.

Next, the texture feature vector used to characterize each
image in our experiments is derived with the quasi-Gabor



filter shown in Figure 3. Firgt, the image is filtered
through 42 channels by calculation of the energy for each
block defined by a combination of one of 6 frequencies (f
=1, 2, 4,8, 16 and 32) and one of 7 orientations (&= 0°,
36°, 72°, 108°, 144°, 45° and 135°). The block size lays
on 0°, 36°, 72°, 108° and 144° is f* * 2"/ 2 and the block
size laid on 45° and 135° is half of the block size laid on
other orientations when the size of theimageis2"x 2". A
single value, which becomes an entry in a 42-dimension
texture feature vector, is then extracted from each block.
We take the average value of the magnitude of the filtered
image in each block. For using the quasi-Gabor filter, we
do not need any convolution or multiplication of the
image with the filter, so it is much faster than using
Gabor filters or other filters.

Figure 4 Detection PCP (Pneumocystic Carinii
Pneumonia)

5 Performance Analysis

We extracted the lung field from the input radiograph and
reduced the rib shadow. We then divided the lung field
into N 64x64 overlapping by 48 pixels subimages. Our
system extracted the image feature vectors from each
subimage and classified them to identify the image as a
normal texture class or as an abnormal class using k_nn
classifier. Our lung texture database consisted of 2 classes
and each class contains 20 normal lung textures and 20
abnormal lung textures. If the image belonged to the
abnormal texture class, our system marked that area,
which is 16x16 pixels, as an abnormal nodule. Figure 4
shows the small circle ‘0’ detected by our system and the
star **’ detected by the radiologist for the abnormal (PCP:
Pneumocystis Carinii Pneumonia) texture candidates.

6 Conclusion

In this paper, we applied the general image feature
extraction method using quasi-Gabor filter on the
radiographs with very low computation time even without
any filter convolution, so the system is suitable for a real
time system. We aso showed a very simple method to
reduce the rib shadow. The difficulty is that complete
removal of the rib shadow may aso remove the other
textures, so we want to reduce the rib shadow without
removing other texture that maybe abnormal interest.
However we are till refining this system and current
work involves manual conduction of the ‘rib border

plotting’ step.

Further research will combine our method with the
knowledge-based method to select the best candidates.
Our system will also continue to diagnose the lung
diseases based on all the information such as boundary,
rib shadow and the location of the abnormal nodules of
the lung.
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