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Abstract

With the continuing development of increasingly faster
computers Computer Aided Diagnosis (CAD) is becoming
an increasingly more powerful tool for radiologists. This
paper discusses the use of granulometry and correlation as
a method to detect regions of miliary tuberculosis in digi-
tized chest X-rays images.

1 Introduction

It is difficult for a person to maintain consistent results dur-
ing the execution of highly repetitive tasks. Computers are
exceptionally well suited to perform such tasks with consis-
tent results. A computer performing a specialized task can
be used by a radiologist as an aid to diagnosis [6], or could
be used to highlight areas of interest that the might be over-
looked [4]. Miliary TB causes a granular texture to the lung
field in a chest X-ray, and can be very subtle.

2 Image Database

The X-ray library at Groote Schuur Hospital in Cape Town
has a large number of case studies of miliary TB which are
used as a learning aid for medical students. With the help
of Prof. Steve Beningfield this set was digitized using a
Lumysis scanner, which scans images at 2.8 line pairs per
mm. This constitutes 65 images. Another set of images of
healthy chests was also scanned in, bringing the total num-
ber of images to 120. Each image has, roughly, 2000 by
2500 pixels with a 12-bit pixel depth (saved as a 16-bit im-
age) which means each image constitutes about 10MB of
disc space. The images vary significantly in contrast and
quality. According to [6] a major problem with research
of this nature is that there is no standard data set which

could be used as a benchmark for comparing results with
other reasurchers. As this project is only concerned with
the lungs a small 300 square block of pixels was used from
each image. Figures 1 and 2 are examples of sections of
healthy and Miliary TB infected lungs respectively.

Figure 1: An example of a section of lung from a healthy
person

Image Quality

Although hard to quantify [1, 3], the image quality
plays a significant roll in the success of CAD. A major
problem with this data set is that the images were devel-
oped, by hand, onto silver acetate film. This introduces
many defects into the images, including fingerprints,
scratches, stains, (see figure 3) and varying levels of over
and under development. Also the images often contained
secondary diseases that obscured the TB.



Figure 2: An example of a section of lung from a person
with miliary TB

Classification

It is essential in a project like this that the images are
correctly classified. Both training and test phases of the
project can only be correctly accomplished if the images
have been correctly classified. Unfortunately the case
studies of miliary TB include patients who have either
started healthy and contracted TB or have had TB and
slowly became healthy. Some of the images are therefore
of healthy chests, there are also cases of people with
secondary diseases that can make the TB nodules hard to
spot.

3 Morphological Image Processing

In this section granulometry is discussed as a method to an-
alyze lung textures, and the rolling ball algorithm is dis-
cussed as a method for enhancing lung textures.

Granulometry

Luc Vincent [7] suggests the use of granulometry to
describe lung texture in the diagnosis of silicosis, although
he had a significant amount of success with the line
segment analysis it was found that this method did not
produce any encouraging results for the miliary TB data
set, largly due to the miliary TB nodules being very similar
in size to vascular structures in the lungs.

Figure 3: An enhanced part of an X-ray image showing
many defects introduced during the development process.

Rolling Ball Algorithm

It is hard to find an area of the lung that doesn’t have
other anatomy covering or distorting it. The most obvious
of these are the ribs. The ribs are however a larger structure
than the structures that make up the texture of the lungs and
the TB pattern that is of interest. The rolling ball algorithm
[2, 5] suggests using an opening or closing function with a
large ball element (see figure 4), in other words the smallest
structure in the new image is the same size as the ball
used. When this new image is subtracted, pixel for pixel,
from the original all that is left are the structures that are
smaller than the ball (see figure 5), and in this case smaller
than the ribs. The results are interesting but this algorithm
is computationally intensive and it was found not to be
essential later in the project.

4 Simulating TB with a Template

A close look at the miliary TB texture gives the impres-
sion that it is made up of many small dots or nodules, of a
standard size per image, superimposed on the lung image.
These nodules vary in size from image to image. To test
this theory a template of an individual dot was estimated
and an artificial texture, made up of this template, was su-
perimposed on sections of healthy lungs. These images,
along with a series of real TB images were taken to Steve
Beningfield for classification. Some of the fake TB images
were good enough to convince him that he was looking at
a real TB image, and on the ones that didn’t convince him,
he had valuable advice. Using this advice the template was
improved.



Figure 4: The reconstruction of figure 2 using balls

5 Template Matching

Template Subtraction

The simplest method of template matching is to move
the template through the image to find the areas of best fit.
Subtracting the template from a small section of image and
then summing all the pixels does this. A good fit should be
a low value, and a bad fit a high value. A threshold can be
estimated below which a possible match is detected. As the
template being used is a very general shape it is expected
that there will be high false detection rate (see figures 6
and 7). This method is also very slow due to the number of
computations involved.

Fourier Domain Correlation

It is considerably faster to do template matching in
the Fourier domain by using correlation. Both the image
and the template must be converted to the Fourier Domain.
The template must be normalized first (it must sum up to
zero) then placed in a block of black (zero value) pixels the
same size as the image. In the Fourier domain the converted
image and template arrays are multiplied together, pixel for
pixel, and then converted back to the space domain. The
resulting array has positive values for close matches and
negative values for inverse matches (areas between dots
help to define the texture and so are also useful), values
close to zero indicate areas of least correlation. As it was
found that both areas of high positive and high negative
values are of interest it is useful to take the absolute value

Figure 5: The difference between figure 2 and figure 4

of this array, and again a threshold can be applied to this
array to find regions likely to contain TB.

Estimating the Threshold

The data set was divided into sets, namely the train-
ing set and the testing set. Each set consisted of half the TB
images and half the healthy images. Images were randomly
allocated to each set. Each image was correlated with 16
different sized templates, each with its own threshold. The
thresholds ware chosen that minimized the false positives
and false negatives for training set. These same thresholds
were then used on the testing set.

6 Results

It was decided that any image that exceeded more than 15
of the 16 thresholds would be labeled as TB. In the TB set
31 (94%) of the images were labeled as TB and 2 (6%) were
labeled as healthy. In the Healthy set 19 (68%) of the im-
ages were labeled as healthy and 9 (32%) were labeled as
TB.

7 Conclusions

Considering that the data set has not been properly classi-
fied yet, in other words there are some images in the TB set



Figure 6: An example of template subtraction being used on
a full sized image. This person does not have miliary TB.
Notice the false positives.

that could be considered as healthy, or rejected due to qual-
ity, the results are very encouraging. The template is a very
general shape and therefore it is possible that other textures
have caused some images to be counted as positive when
they have not had miliary TB present. Further work is still
required in order for the false positives and false negatives
to have more acceptable values.

8 Future Work

The data set must to be correctly classified. A lung segmen-
tation algorithm needs to be implement with the correlation
algorithm so that full sized lung images can be evaluated.
Processing full sized images results in many false positives
outside the lung regions as seen in figures 8, 9 and 10. Other
texture analysis algorithms will be evaluated and possibly
implemented with the use of a neural network to improve
the number of false positives and false negatives.

Figure 7: An example of template subtraction being used
on a full sized image. This person has miliary TB. Notice
the false positives in regions outside the lungs.
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Figure 8: An example of the correlation algorithm being
used on a full sized image. This person has miliary TB. No-
tice that some ’positive’ regions have been marked outside
the lungs, for example on the label in the lop left.
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Figure 9: An example of the correlation algorithm being
used on a full sized image. This person does not have mil-
iary TB. Notice the false positives.

Figure 10: An example of the correlation algorithm being
used on a full sized image. This person has miliary TB.
There is not enough contrast in the some parts of the lung
to detect the TB there.


