The copyright of this thesis vests in the author. No
quotation from it or information derived from it is to be
published without full acknowledgement of the source.
The thesis is to be used for private study or non-
commercial research purposes only.

Published by the University of Cape Town (UCT) in terms
of the non-exclusive license granted to UCT by the author.



Computer Aided Diagnosis
of Miliary TB in Chest X-Rays

Anthony Koeslag

Submitted to the Department of Electrical Engineering,

University of Cape Town, in fulfilment of the requirements

for the degree of Master of Science in Engineering.
November 2002

%}



Declaration

I declare that this dissertation is my own, unaided work. It is being submitted for
the degree of Master of Science in Engineering at the University of Cape Town. It
has not been submitted before for any degree or examination at this or any other

university.

| Signed by candidate |

.....................

Anthony Koeslag
(Candidate’s Signature)




Acknowledgements

I would like to thank the following for their contribution towards this thesis:

e Professor Gerhard de Jager, my supervisor, for his enthusiasm and guidance.
e African Medical Imaging and UCT for financial support.

e The members of the Digital Image Processing Group for their support and
contributions.

® Prof. Steve Beningfield for his valuable assistance with the medical aspects
of this project.

ii



Abstract

With the improvement in computer technology, Computer Aided Diagnosis
(CAD) is becoming an increasingly more powerful tool for radiologists. The focus
of this project was on CAD of pulmonary miliary tuberculosis. Several methods
for enhancing lung textures were discussed as an aid to the radiologist in diag-
nosing miliary TB. Some statistical approaches and template matching methods
were used to measure characteristics of both healthy and unhealthy (miliary TB)
lung textures. These measurements were evaluated to see if a computer can be
programmed to differentiate between lung texture from a healthy lung and lung
texture from a lung with miliary TB.
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Chapter 1
Introduction

Conrad Wilhelm Rontgen’s discovery of X-rays and their properties [39, 13], in
1895, made it possible for physicians to examine internal organs of their patients
without the trauma of surgery. This discovery revolutionized medical diagnosis as
we know it today and lead to him being the first person to receive the Nobel prize,
in 1901. Rontgen’s discovery in fact made him the very first person to do medical
imagery, a field which is still developing at an impressive rate as new applications
and methods are being devised.

Despite many types of examinations being replaced by Computer aided Tomogra-
phy (CT) and Magnetic Resonance Imaging (MRI) scans, chest X-rays still remain
the most comumnon form of radiology [40]. This is due to the vast amount of in-
formation that can be learned about a patient’s health from the chest X-ray. Many
forms of lung disease can be diagnosed from examination of the lung images. Tu-
berculosis is one of the many diseases that is primarily diagnosed through the use
of chest X-rays.

Tuberculosis (TB) has been the main cause of death in many countries, and indeed
world wide [14]. The disease primarily affects the lungs, where it can cause severe
damage and scarring. The bacterium causing the infection, tubercle bacillus, can
be identified in the sputum of an infected patient, however this is only possible
after the infection has caused open ulcers in the lungs. At this point the disease it
very contagious as it can become airborne when the patient coughs. Louis Pasteur
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Chapter 1: Introduction

discovered that micro-organisms caused disease and fermentation in the mid 19th
century [12]. Later Robert Koch’s discovery that consumption, now known as
Tuberculosis, was in fact caused by a bacterium [11]. These important discoveries
meant that most cases of TB could be cured, provided they were diagnosed early
enough. A chest X-ray remains the best method for diagnosing the disease in
its early stages. 93% of all recognized cases of TB are diagnosed with a chest
examination [40].

Pasteur and Koch’s contribution to medicine resulted in the decline of the rate
of TB cases from the mid 19th century until fairly recently. In the mid 1980’s
there was a dramatic change. Most African countries south of the Sahara have
had extremely high rates, and even in the United States, the United Kingdom,
and some other first world countries, the number of TB cases each year has been
increasing [30]. This is primarily attributed to the spread of HIV.

Early diagnosis is critical for fast and effective treatment but in their early stages,
most diseases can be very difficult to detect. Even a highly skilled radiologist will
make mistakes, or overlook vital, but faint, detail, resulting in an incorrect diag-
nosis. Furthermore, people performing highly repetitive tasks, for example doing
a mass screening for TB, often loose concentration and begin to make mistakes at
an increasing rate.

Krupinski [7] found that having a second radiologist re-evaluate images decreased
the number of incorrect classifications. This solution is, however, cost-intensive
as it requires an additional human assessment of each patient by a highly qualified
professional.

Since the industrial revolution there has been a strong drive to create machines
that could do tasks typically associated with people more effectively. Although
this caused mass unemployment in some cases, there are also cases where the
benefits far outweighed the negatives. Why, for instance, endanger people by
sending them into highly dangerous situations, when a robot can do the same job
as well, if not better. Thus, in 1967 a robotic lunar lander, called Surveyer I1],
landed on the moon. This provided a safe method for sampling the surface of
the moon and in turn the information gained, made it safer for the 1969, manned,
Apollo 11 moon landing.
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More generally, however, the industrial revolution freed people from doing bor-
ing, highly repetitive tasks. The advantages have been, not only that persons have
been able to concentrate on more creative activities, but that mundane and repet-
itive tasks could be performed tirelessly and with extreme accuracy by mindless
machines.

Thus machines have improved the working conditions and efficiency of certain
endeavours. Such machines should, therefore, be regarded as tools. Similar tools,
specifically designed to perform routine diagnoses, can be used in radiology; al-
lowing the radiologist to concentrate on more complex problems [7].

Radiology is a field that has seen many advances in the tools it uses. In 1917 J.
Radon proved that three dimensional objects can be created from an infinite set of
two dimensional projections [32]. This was the start of tomography, which allows
the radiologist to make an image of a slice through a patient. Since then computers
have been used to improve the quality and speed of tomography. The resulting
images are called computer aided tomography (CAT), or computer tomography
(CT), scans.

With the constant advancement of computer technology, there has been an increas-
ing integration of computers into the field of radiology. Apart from computers
being used to acquire and reconstruct images, many tools have been, and still are
being, developed to aid the radiologist. This general and varied field of applica-
tions is referred to as computer aided diagnosis (CAD). The Three main areas of
CAD research fall into the following categories: enhancement, segmentation and
analysis.

Enhancement of images or details of images is specifically done to make objects
easier to see in an image. The principle problem is the difficulty in evaluating the
effectiveness of enhancing an image. Measuring the image quality can be used
to evaluate some image enhancement algorithms. Henrichsen [2] looks at edge
effects as a measure of image quality. Bernardini and Kovacevic [31] measure the
amount of structured noise in an image to determine the quality of an image. Im-
age quality also depends on the the acquisition and storage of images. Okumura et
al [3] investigate the effects of directly digitizing microscopic images. They noted
that microscopic images had a different spatial frequency than regular images, and
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therefore got distorted more by image compression algorithms such as JPEG.

Suzuki et al {16] investigated contrast mapping to improve diagnostic quality of
images displayed on CRT monitors. Although the images were enhanced, the
luminescence of CRT displays is considerably less than that of the light boxes
used to view X-ray films. This does not effect the viewing of bones, but to view
dark regions it is necessary to make the room much darker. They also noted that
other enhancement processes held major prospects for improving the diagnostic
performance of digital images.

To overcome the inherent difficulties of evaluating the results of image enhance-
ment, Cagnoni and Poli [34] used an interactive genetic algorithm to evolve
pseudo colour enhancement algorithms. They found that the user input improved
the efficiency of the genetic algorithm. Poli [33] also used genetic algorithms for
enhancement, feature detection and image segmentation by considering each task
as a image filtering problem. By setting criteria for the fitness functions, he was
able to produce results which outperformed neural networks.

Enhancement can also be used as a preprocessing tool to help segmentation al-
gorithms. L1 et al [9] used wavelet analysis to ephance and segment misidenti-
fications in digital mammograms. As breast cancer accounts for more deaths in
females, than any other cancer, it has seen a significant amount of research [25].
Early diagnosis can dramatically improve results in the treatment of this form of
cancer.

Segmentation is used to define specific regions in images, this is often coupled
with measurement algorithms. Koeslag {4] used a simple threshold to segment
and measure the dilation of the ventricles of the brain. Dian [6] used adaptive
thresholds in a knowledge based system to segment different parts of the body in
a full body X-ray image. Reinhardt et al {23] used a maximum-likelihood and
model based method to estimate the radius of airways in chest CT images. This
method takes into account the blurring of edges in X-ray images, which improves
the accuracy of the measurements over the half-max method. Automation of this
process significantly increases the speed and accuracy of the measurements. There
have been investigations of methods for the automatic detection of lung nodules,
for the early detection of lung cancer [10].
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Measurement algorithms are used to measure objects and details in images. Often
the measurements are traditionally done by hand, but the accuracy and speed of
these measurements can be improved by automating them. Computers can also be
used to make measurements that the human eye can not perform effectively, for
example quantitative texture analysis. Vincent [24] used granulometry to measure
lung texture in the CAD of silicosis, a lung disease often found in coal miners.
Scott [29] used image registration and subtraction to measure the symmetry in
medical images.

Image registration is used to warp two similar images so that mutual information
in the images are in the same locations in both images. Declerck et al [15] used
image registration to measure the orientation of the heart in single photon emis-
sion CT images. Automating this process decreased the variation in measurements
caused by the operator. Zhang and Huang [17] used a statistical measure of inten-
sity distribution and edge orientation to automatically recognize and remove the
background from X-ray images.

In this project several methods were investigated to determine their value for com-
puter aided diagnosis of miliary TB. Image enhancement algorithms were investi-
gated to determine their effectiveness at enhancing textures in the lungs. Effective
enhancement of lung textures may make the early diagnosis of lung diseases eas-
ier for the radiologist. Algorithms for analyzing lung textures were evaluated to
determine if a computer could be used in a mass screening for miliary TB. Such a
system would remove some of the human error inherent in such routine diagnosis.
The diagnosis of miliary TB is a relatively simple task for a radiologist to per-
form. If a computer can be programmed to perform this simple task, this process
can be extended to solve other more sophisticated problems. General computer
aided diagnosis is to broad a problem to be solved at this time. This might become
possible as more of these relatively simple problems become solved.



Chapter 2

The Data Set

It is important to understand the properties of a data set in order to be able to
effectively process the information. In an image processing project, like this one,
everything from the manner in which the images are acquired, developed, scanned
into a computer and stored has profound effects on the information in the images
[18].

2.1 X-rays used in Radiology

A huge step in medical diagnosis was the discovery of X-rays, and the invention
of the machines necessary for using them to make X-ray images of people. This
allowed physicians to be able to look ’inside’ a patient without surgical proce-
dures. X-rays pass easily through less dense objects, such as air and water, but
get more readily absorbed by denser objects like bone and metal. Because of this,
X-ray images are lightest where fewer X-rays have passed through the object, and
darker where more X-rays have passed through the object to hit the photographic
plate. The ability of X-rays to penetrate an object is dependent on the frequency of
the X-rays. The higher the frequency the more transparent an object is to X-rays.

When X-rays encounter a dense object, some rays pass through the object, some
are absorbed, but some are also scattered. This scattering causes a blurring around
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the object in the developed image. This blurming is signtficantiy reduced by putting
a lead grid in front of the photographic plate, so that only X-rays travelling parallel
to the holes in the grid, will affect the final image. However this means that the
X-riy dosage has to be increased significantly in order to get enough X-rays to
hit the photographic plate. This grid can sometimes be seen in the image. A fine
vertical pattern can be scen in Figure 2.1 resulting from the lead grid used o filter
the X-rays after passing through the patient.

Figore L1 A flee verical paticea cesulling (mom the Jesd grid wsed 1o filter the
X-rays belone ey hit the photographic plate,

Wavelenglh and penetration is dependent on the generating voltage and can be var-
1ed depending on the application. X-rays generated by low voltages have longer
wivelengths and penetrate objects to a lesser extent than X-rays generated using
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a higher voltage. In radiological applications the lowest voliages are vsed lor
applications concerning sofl tissue. A Lypical application using low voltages is
mammography. Mammaography is done in the range of 25 to 45 kilovoits, Most
examinations, ncluding chest X-rays. are done in the 100 to |25 kilovolt tange.

Voltage is not the only factor in taking an X-ray, The intensity of the radiation
cun be varied by changing the current between the anode and cathode ol the X-ruy
tube, 1t js also absolutely important that the patient remain absolutely motionless
during the exposure. While every eftort should be made to reduce patient motion
o a minimom, it cannot be eliminated completely. The patient can be instructed
to hold their breath, but the heart will continue to pnmp and canse a blurring.
Duration of the exposure is theretor also a factor. The shorter the exposure, the
higher the amperage used. Typically the current used in diagnostic work 1s in the
200 Lo 300 malliamp tange.

X-rays laken at different settings, of voltage and amperage. produce different
looking images. Unfortunately the settings vsed to take a chest X-ray depend
largely on the machine and the X-ray source being nsed.

The developing of the images 135 similar o photlographic techniques and is carried
out in 2 dark room. The film used is typically a silver halide photographic emul-
sion on 4 cellulose acetate base, generally referred to as silver acetate. Over the
vears the sensitivily and durability of this film has been improved. This develop-
ment has been partly & resull of the developing techmgoe changing. Developing
technigues have also been automated, but evidence of people handling X-rays is
still present in the images. Figure 2.2 shows a number of marks and fingerprints
in a chest X-ray. These marks were caused during or soon after the images wete
develnped.

The images in the data set for this project were taken from the Groote Schour X-
ray library. The images in this library were arranged in different classes depending
on the features in the image. Some of the images in these classes came from other
hospitals and date back as far as 1960, These images have a number of defects
that have o negative effect on a computer aided diagnosis algorithm. The defects
present in this data set were varied, and incloded: Fingerprints (see Figure 2.2),
scraiches (see Figure 2.3}, smears (see Figure 2.4} and writing on the image (see
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Chapter 2: The Data Set

Figure 2.2: A sumbcer of marks and fingerprints on an X-ray. These marks were

caused either during the development process or shortly after it

Figore 2.5). These defects were all caused after the image had been developed.

The contrast of the mmage 1s affected by the voltage and current settings of the X-
ray machinc and can also be altered during the developing process. The contrasts
in Figure 2.0 were such that the cdges of the longs could not be clearly defined.
The contriast in the dark region of Figure 2.7 (shown by the arrow) was very low
in comparisen ko the rest of the mage, The texture of the lungs in this section
could not be effectively analyeed

Cither artifacts in the images were caused even belore the X-ray was tuken. Figure
2 8 shows & namber of artifacts cansed by electrodes on the patients chest. The
location and type of artifacts that are caused by objects on or in the pattents body
are unpredictable. As a result these artifacts cause problems when a compuler
programe tries o analyze the images.

X-ruy plates have to be digitized before they can be processed. These plates can
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Figure 2.3: Scratch marks were caused in o variety manners, and the oider the
image is the muove likely that the surface of the Jmage has been dam-
aged.

not be scanned by conventional scanners, as the acetate is very reflective. To
avoid this problem, the scanners buili to scan X-rays use lasers instead of the
conventional light sources. A Lumysis scuanner wis used to scan the images in
this data set. Artifucts were also caused by mechanieal problems with the scanner,
Figure 2.9 shows arlifacts caused by a problem with the rotation of the mirtor used
to deflect the laser beam during scanning. The images with these artifacts were
useless, but often re-scanning solved the problem.

Finally, artifacts can also be caunsed by the compression algosithins used to store
the images once they are in o computer. For this project the data set wias stored

as 14 bit raw images, As the raw image has no compression there was no loss of
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Figure 2t These socts of marks were cansed during the developing process,

tnfemmiation.

2.2  Image Classification

As the images in the library were used as a learning aid for medical students,
often the cases had more than just one pathology present. Alse many of the case
studies showed a series of images of the same patient as the disease progressed,
and so oftenthere were healthy images in a case study of a person with miliary TB.
Sometimes a person with miliary TB had also scquired a secondary diseuse. Seme
of these secondary diseuses obscure the effects of the onginal diseasc, which made
computer unable to correctly process these images,

As a result of these problems, it was necessary to have the data set correctly clas-
sified. A small, 300 by 300 pixel block. was selected from each of the images
in the data set, These selections were chosen so that only lung texture, and the

1l
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Figure 2.5: As these images came from a library, that is wsed as a leaming aid
for students, some of 1he imnages had notes writlen on them, This
caused problems when writing obsoured o region of inlerest,

oceasional rib, was visible. It was necessary to limit the contents of each images
i0r the texture of the Tungs, as this was all that the computer would be given to clas-
sify an image, and the radiologist might have been able to classify an image by
another feature not present in the texture of the lungs, These textures were taken
to a radiologist for classification. Lmages that were part of the miliary TB sed that

were classified as healthy, or as having doolher disease, were removed from the
data set,

As a result, the bealrhy ser had 55 images, and the miliary T set had 28 images
in it

I
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Figure 2.6: An image wilh bad comtrast, In many areas the edes of the lungs
were non clarly defined. The detals of he Tung texlores were also
less distinet.

13
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Figure 2.7: A sevtivn of lung where the contrast was such that in sume sections
the of the lungs (marked by the amew) there was no detail.

14
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£

Figure 2.8: A patient may have an assortment of objects in or on their badies.
These wircs wera in fact electredes that had been placed on the pa-
nents sk,

Figure 2.9: This umage shows 4 number of artitacts caused by a mechanical fault
during the scanning process.

15



Chapter 3
Review of Image Enhancement

Computer Alded Diagnosis of X-ray images compriscs two broad categorics of
techniques. They are Image Enhancement and Automatic Detection. Image En-
hancement helps the radiologist to see information that might otherwise be over-
looked. Making the diagnosis remains the radiclogist’s province. The computer
does not suggest any diagnoses; it is mergly used to present the information more
clearly. The problem, however, is that it might enhance irrelevant information
to the point that it obscures impartant information. In Auwtomatic Detection, the
subjeet of this thesis, the aim is © perform some of the radiologist’s diagnostic
tasks.

This chapter briefly desciibes several image enhancing techtigues that can be used
on chest X-rays, and highlights the differences between them.

3.1 The Human Visual System

The human visual system (HVS) comprises the eyes and optic centres of the brain,
Together they constitute the touls by which we perceive the world we live in. 1t s
necessary to have some understanding of the sirengths and weaknesses of this sys-
tem in order to enhance images effectively. As the HVS Is particularly sensitive
to edges between different colours, contrasting tones and varying textures [8, 26],
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image enhancement of chest X-rays ts largely aimed at contrast enhancermnent. To
illustrate this sensitivity of the HVS to edges, Figure 3.1 consists simply of a num-
ber of lines which the HVS instantly interprets as an ant. In reality the squigely
lines on the white background are 1otally unlike any biclogical. 3d, full colour
ant. The visual system extracts the outlines of the biological ant, and immediately
recognizes the close commespondence between this oetling, and the black line trace
in Figure 3.1.

Figure 3,1: A squiggly line which the HYS immediatcly interprets as, not just
the ouiline of an ant, buk as "an ot

Though precccupied with the detection of edges, the HVS i3 capable of distin-
suishing only between approximaiely 40 different levels of light in a single sec-
ton of an image {39, 26]. This can make the finding of an object whose shape is
defined by subile conirasts very difficult to do with the naked eve. Computers can
be used o enhance these subtle contrasts in Iinages, this making it easier o detect
these faint but potentially important ohjects.

3.2 lidge Detection

As the HVS is predominantly preoccupied with edges, a method for detecting
cdges has been investigated. This method was chosen because it was very simple,
and it left the location and width of 1the edges undistorted. Edge detection is,
however, extremely sensitive to noise [21], and so some of the features of inkerest
became unrecognizable due to fortuitous. random, o irrclevant edges,

Eidge enhancement results in an image with bright pixels for sharp edges, darker
pixels for soft edges, and black where no edges were detected. The resulting
image is referred 1o as an "edge image’ as il contains only edge information.

17
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Edges are measured as differences between neighboring pixel valoes, Thus two
adjacent pixels thut have a large difference in values are seen as having a sharp
edge, which 15 coded as a bright pixel in the edype mage. Where adjacent pixel
vatues dilfer less, the edge is said to be softer and is coded as a less bright pixel in
the edge image. This method is implemented by systematically examining each
pixel and its neighbor, and placing the absolute value of the difference between
the two pixels into a pixel in the edye image located at the site of the first pixel.
Using this process it 1s possible 10 Jook at dilferences between neighboring pixels
1 the horizontal, vertical and diagonal directions. As the edges in the chest X-
rays are not direction specific, the sum of the dilferences between horizontal and
vertical neighbors was used in the examples which follow.

Figute 3.2: An unipressed chesp X-ray

Figure 3.3 shows the edge image of Figure 3.2. The tag in the top left corner of
the image had very shaip edges compared with the rest of the image, and therefore
stands out disproportionately. Figure 3.4 shows the same edge image after win-
dowing. This made all the soft edges more distinct. However some other artifacts
also became visible: «ix horizontal lines appeared in the picture. These initially

13
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Figure 3.3: The edge inage from a chest X-ray before windwwing

ivisible lines were caused by the overlapping of the CCD cameras used in the ac-
guisition process. This was however an early Lodox image, and artifacts such as
these have been targely eliminated in more recent images. The edge enhaticement
techmique also made the background noise more prominent,

The Lodox machine. used to scan this figure 3.2, is 4 low dosage X-ray machine
that produces a digitized image on a computer rather than an acetate plate, This
remnoves many of the problems associated with developing and then scanning the
conventtonal X-ray plates. The Lodox machine is also capable of scanning the
full length and width of a person, thus reducing the number of exposures required
to X-ray a patient.

The edge detection greatly enhanced bone siructures in the chest X-ray. This is
partdcul grly wetl illustrated in Flgure 3.3 which is a close op of the right shoulder.
Other objects that were too faink to see have became distingt. The t-shirt that this
patient was wearing became visible (Fipure 3.6}, the collar of which can be gasily
seen in Figure 3.5, These artifacts could have caused problems if they overtapped
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Figure 3.4: The edee image lrom a chest X-ray alter windowing

the patient’s body and became incorparated into the lung texture. Although a
great deal of useful information was enhanced, the blood vessels and air passages
in the lungs, {Figure 3.7} which were the main concern of this project, became
mdistinguishable from each other, Over-distorting lung texture in the edge images
can therefore sometimes be counter-productive.

3.3 Homomorphic Image processing

The term homomorphic refers (o a system that has an algebraically linear trans-
form between input and output, and therefore should be reversible [3, 22], This is
an old term. in which low and high spatial frequencies in an image are referred to
as luminescence and reflectance respectively. This method is simply a high pass
filter implemented in the Fourier domain, which reduces the dynamic range and
increases the contrast of the imeage in the space domain. It has the advantage over
the edge detection tn that low frequencies can be partially suppressed insiead of

20



Chapter 3: Review of Image Enhancement

Fieure 3.5: A closer ook ar the edge indormation in the shoulder

being removed, Thus enhancing edges instead of only detecting them. This means
that the blood vessels remained lighter than the air passages on & chest X-ray pic-
ture, but their edges were still enhanced, which made them more conspicuous,

An example of the Fourier domain magnitude components of an image can be
seen in Figure 3.8, The filter must be converted into two dimensions. This 15
done by creating a two dimensional matrix that has the shape of the filter i all
directions (radialy) from cach of the ¢orners, as scen in Figure 3.9, Figure 3.10
shows the result of fillering Figure 3.2, The filier suppressed the low frequency by
50% and rose to unity over a distange of 5% of the width of the Fourier domain.

This method can easily perform multiscale [37, 1] contrast enhancement, This
means 1t can enhance different spatial frequencies in the image by dillerent
amounts. The problem, however, is that any differential adjustment of spatial
iTequencics in the image will affect the entire image.

It is very difficult to objectively grade the results of detail enhancement [2. 31].
As the focus of this project was on the recognition of miliary TB which alters the
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Figure 3.6: A closer look al the edge inlormaiion show g e -shin aud some
camerd arti fats

appearance of the lung texture, one obvious criterion for the detail enhzncement
was that it should enhance the detail in the lungs. Another criterion was that the
rest of the image should be distorted as little as possible. This was achieved by
creating an Imase using an arbitrarily chosen filter, analyzing the resulting image
and then adjusting the fitter slightly, at which point the process was repeated until
the desived result for as close to 1t as possible} was achieved. The desired result
being the enhancement of the lung textures with as little distortion as possible.

3.4 Unsharp Masking

Earlier in this chapter ¢ method of edge detection was discussed. Unsharp mask-
ing is another method of edge detection [18, 25]. This method creates a blurred,
ot low pass, version of 2n image which is then subtracted from the original image.
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Figure 3.7z A closcr look at the edge information of the lungs. The cdges of the
pulmonary blood vessels and bronchi have erested an uninterpregalile
mess of syuiggles

Figure 3.11 demonstrates how edges are detected vsing this method in a simple
example. Notice that the detected cdges are wider than they were in the input
signal. This effect 15 directly related to the size and shape of the blurring function.
Variation in effecis, achieved by choosing different bluming functions, gives this
method 1ts versatility,

This method is also used o cnbance edges (rather than just detecting them, as
illustrated in Figure 3.11) by multiplying the blurred tmage by a number between
1 and 0 before subtraction. This leaves a portion of the low frequency information
in the resulting image. Figure 3.12 shows how this technigue was used to enhance
the detail in Figure 3.2, This method inlroduced considerably less distortion than
the homomorphic image enhancement,

Multiscale enhancement is achieved by subiracting various blurred images, each
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Figure 3.8: The magnitude of the Founer domin components ol g seclion of
lung textute. The lung texture can be seen in thetop right cormer.

Figure 3.9: A rwo dimensicoal Fourier dornain Dller

blurred by a different size blurting function. Each blurred image can be multiplied
by a different number before subtraction depending on the desired effect. This
process bacomes extremely computationally intensive, and is therefore very slow,
as well as requiring large amounts of memory and disk space to complete.
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Figure 3.1k Fipure 3.2 after being fltcred using 8 Fourier domain high pass
filter.

3.5 Wavelet image enhancement

Wavelet analysis has the advantage over Fourier domain analysis in that it copas
with signuals that change over time. Fourier analysis assumes that the signal re-
mains the same through Hme and bas no begloning vr end [27]. This means that
amy adjustments to ong frequency component, in the Foorer domain, will affect
the entire signal, often resulting in undesirable distortions (seen m Figure C.10}
Wavelet analysisis used to adjust frequencies over & limited range [25, 35, 38, 37).

It is necessary 1o choose a wavelet for the process, or to create one, The wavelet
that is nsed affects how much the edges are enhanced and the amount and extent
of the distortion near the edges. For this project the Matab tool box on wavelers
was used which has a large number of wavelets to choose from. Figure 3.13 show
the wavelet referred to as "symd’ in the Matlab tool box.

Waveletr analysis is a complex field, with many intricacies thal are ouotside the
spope of this project. Ttis however necessary to understand how the wavelets high
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Input Signal

Low Pass Signak

Edies

Figure 3.11: Finding cdges vsing unsharp masking

spatisl frequencies can be enhanced using this method. Figure 3.14 15 a simple
signal betore it was processed using the wavelet "symd’ (seen in Figure 3.13).
Figure 3.15 shows the low {requency components and Figure 3,16 shows the high
frequency components, Notice that both these compaonents are roughly half the
width of the original signal, also the high frequency components show the loca-
tion of edres in the original. Thus by multiplying the low frequency ¢components
by a number between | and O it was possible to enhance the edges in the original,
as seen 1o Figure 3,17, Notice that although the edges were distorled, the con-
trast between the pixels at the edges were considerably highet than in the original
signal. This is in fact, the purpose of edge enhancement.

When a discrete wavelet translform (dwi} is performed on an image, such as Figure
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Figure 313 An example of s wavelet.

3.18, four new images are created. Each new image a quarter of the area of the
original image. Each new image represents a specific sel of wavelet components.
One represents the low frequency components, and the other three represent the
various high frequency compenents (hotizontal components, vertical components
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Figure 3.14: A simple signal.
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Figure 3.06: The high (reguency components from Figure 3.14.

and other high frequency components not covered by the first two), Figure 3,19
shows the low frequency image in the botlom left. and the thiee high frequency
images in the top left, lop right and borrom right.
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Figure 3.17; The reconstructed signal after suppressing the low frequency com-
ponents shown in Figore 3,15,

It is possible to create the dwt components for any or all of these component
images, and then to repeat this process until the resulting images consist of four
pixels each. This process is reversible, so it is possible to perform an inverse
discrete wavelet transform (idwt) which recrcaies the onginal image from all of
these components.

Ag the high frequency components clearly represents the edges in the image 1t is
easy to enhance the edges in the original image by multiplying the low [requency
components by a namber between 1 and 0 and then (o vsce the idwt to view the
results.

Figurc 3.20 shows how an image is broken down into its wavelet components.
LL refers to the low [requency components, HL relers to the horizontal high fre-
quency components, LH refers to the vertical high [requency components and HH
has the high [requency componcnts that are not covercd by HL and LH. It is now
possible o compute the level two components by choosing one {or more)y level
onc componcit images and performing the dwt on them, Figure 3.20 shows how
only the low [requency components could be Turther processed. LLLL relers to
the Ievel two low frequency components of LL, LLHL relers wo the level two hor-
izontal high frequency components of LL, and so on.

Using the wavelet 'sym4” from the Matlab toolbox, Figure 3.21 was broken down
nto its different wavelet components as [ar as level four of the low frequency
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Figure 3.1%: The four wavelet component images created from Figure 3,15
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Original
HL { | HH
Level 1
EE l.H
IEI Level 2
EE Level 3

Figure 3,215 The further wavelet component levels into which an image can be
broken dowr.

components. Each low frequency componen image was then multiplied by a
nuraber hetween 1 and 0. LLLLLCLLL was multiplied by (0.75 then the idwt was
performed to recreate the LLLLEL componeints. These were then multiplied by
{16 to create LLLL. which was mwltiphed by (L5, Eventually 11 was multiplied
by 0.4, The result can be seen in Figure 3.22. These values, and the wavelet that
was used, were chosen by filtering an image and adjusting the values until the
desived results were achieved. The criteria for judging the results were the same
a5 in section 3.3.

Figutre 3.23 was created using the wavelet 'sym16’, in conjunction with the same
sequence of low frequency suppression constants. The resulting vein texture was
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Figore 3.201: An unprocessed seetion of ung.

Figure 3.22: Figure 3,21 after being processcd vsing the wavelet “symed",
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Figure 3.23: Fizure 3.2 after being processed using the wavelet sym16°.

enhanced slightly better than in Figure 3.22, bul the edge disiortion, seen flanking
the borders round the outside of the image, was considembly worse.

3.6 Rolling Ball Algorithm

One of the problems associated with examining the lung textures, is that they are
often obscured by other anatomy. An obviows example of this are the ribs. The
rolling ball algorithm [21] is desizgned to remove objects greater than a certain
size, while leaving all other objects relatively undistoried.

Figure 3.24 demonstrates the rolling ball algorithm on a signal that varies in one
dimensjon. A second curve {grey line) is created by fitting 4 ball under the input
curve and tracing the upper surface of the ball as it moves along the signal. The
size of the hall stops 1t fitting into the smaller structores of the signal, so that when
the new curve is subtracted from the origial sigoal, all that remains are these
smaller structures. The resulting curve can be seen at the bottom of Figure 3.24.
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Figure 3.24: A siepnal befone aned aler being processed sath the tolling ball olseo-
rithm. The alporithm Gts o ball cleoeot under the sigoul, sTeating
thee prov line, When the ooy line s subircied from the stenal, the
battom signal is created. This remaoves all strecturcs ITom the sigoal
that are larger than the ball.

The pixel values in an image can be considered, in a stmilar way. to be a surface.

The tilss o the lung images are lurger in structure than the texture of the lungs. By
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choosing a suitably sized ball, with a diameter just smaller than the width of the
ribs, it was possible to almost completely remove the effect of the ribs from the

image.

Figure 3.26: A section of lung from a healthy person

A congiderable problem with this algorithm is it is very computationally intensive
and therefore takes a considerable amount of time to process even small sections

a3



Chapter 3: Review of Image Enhancement

Figure 3.27: The surtace created by using a rolling ball alzorithmon Figore 3.23.
This image was subtracted from the original (Fisure 3.25) to create
Figure 3,20

Fizure 3.28: The surface created by using a rolling hall algorithm on Figure 3.26.
Subtraction of this image from Fizuee 326 produced Figore 330.

of texture. As 4 result, this method was not investigated further, as it would take
several hours to process a full chest X-ray on a modern computer.
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Figure 3,29: The image resulting from subtracting Figore 3.27 from Figure 5.25.
The ribs have been almost completely removed from this insge.

Figure 3.30: The image resulting from subtracting Figure 3,28 from Figure 3.24,
Az In Figure 329 The ribs in this image have Been almost com-
pletely een removed from this image as well,

3.7 Conclusions of image enhancement techniques.

The types of image processing techniques described in this chapter were adapta-

tions of well known techniques aimed p];%i]}'lﬂl‘il}’ at aiding the human visual system
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(HVS) to perceive details that were either beyond the range of the HVS’s capabil-
ities, or were obscured in the original signal by high intensity large scale (ie. low
frequency) data.

These techniques exaggerated the physiological processes used by the eye itself to
extract only the important data from the visual image. In order for them to do this,
they had to distort the images. These processes should however not distort detail
that was of interest to the observer. Thus there was always a trade off between
enhancing one feature and distorting another.

Of all the techniques described here, wavelet enhancement seemed to produce the
most promising results. The rolling ball algorithm also showed promise, but was
too slow to be used on a large matrix such as a full chest X-ray image. None
of the techniques, however, attempt any form of diagnosis-making. The chap-
ters that follow describe diagnostic tasks that would normally be performed by a
radiojogist.
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Statistical texture measuring
techniques

Image enhancement can enhance details in an image to help the radiologist. How-
ever even with the very best tools available, people can still make mistakes. Pro-
viding a radiologists with a second opinion, that gives consistent results, and does
not suffer from fatigue or boredom, would greatly reduce the number of mistakes
made [7].

This chapter covers two statistical methods that measured different properties of
lung textures. These properties were beyond the capability of the human eye to
measure. Howéver computers are ideally suited to measuring these properties.

4.1 Granulometry

Luc Vincent has used granulometry for measuring textures [24]. He used this
method successfully in the computer aided diagnosis of silicosis. Silicosis is a
lung disease that coal miners get. As silicosis also produces diffuse lung shadow-
ing, the problems of detection are similar to those of miliary TB, which was the
focus of this project. This method was used on the lung images.
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Granulometry measures the number of pixels a certain sized line segment adds to
a texture. When the contributions of all line segments are measured, these values
are plotted as a granulometry curve. If two textures differ enough in structure, the
resulting granulometry curves should differ significantly.

The following example shows how the granulometry curves are calculated. Figure
4.1 shows a line of pixels from an arbitrary texture. The structure of the texture
can be thought of as being made up of a number of line segments lying on top
of each other. The principle of this method is to measure the number of pixels
each line segment length adds to the texture. It is also possible to measure the line
segments needed to fill the gaps in the texture as seen in Figure 4.1. These values
are plotted on the negative sides of the graph (Figure 4.2). As a brief example,
in Figure 4.1, the line segment of length 3 fits into the graph three times, thus
adding nine pixels to the texture so the value 9 is plotted at the location 3 on the
graph in Figure 4.3. In Figure 4.2 the line segment of length 5 occurs only once
to fill a gap in the texture; so the value 5 is plotted on the graph (Figure 4.3) at the
location -5, This process can be used on both columns and rows of pixels. As the
textures in the lung are not direction specific, curves for both columns and rows
were calculated and then added together.

Figure 4.1: An example of how pixel values can be divided into line segments

Luc Vincent used this technique to diagnose silicosis in lung textures. He obtained
substantially different curves from the affected lungs than he did from healthy
lungs. Computer aided diagnose in this case was very easy. However when the
miliary TB textures and the healthy lung textures, used in this project, were pro-
cessed in this manner, they produced curves that could not be used to distinguish
between healthy and unhealthy images. Figure 4.4 and 4.6 show the curves pro-
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Figure 4.2: An example of how gaps betwean pixe] values can be divided into
line sermenls

Figure 4.3 A plolof the line sepment ¢onlributions to the texture in Figures 4.1
and 4.2,

duced by two different sections of miltary TB trom the same lung. Figure 4.5 and
4.7 show the curves produced from two ditferent sections of a healthy luag. The
curves were only plotted as far as the line segment lengths of 40, as the width of
the milinry 1B lesions never exceeded 20 pixels. The curves from the same lung
differed significamly [rom each other and there did not appear to be any obvious
{eatures in either the healthy curves or the unhealthy curves that would allow the
computer 1o distinguish between them. The curves for the rest of the data set
vatied even more than the data of these four examples,

The multary texture is supenmposed on top ol all the other lung texture and each
lesion is superimposed on top of other lesions. This means that when we use
the granulometry method to measure the texture, the algorithm measures infor-
mation other than that necessarily associated with the texture assoctated with the
TB infection. In an attempt to remove some of this extraneous information we
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Figure ,5; The granulometey curve fov g healthy section of lun .

nsed an unshuarp-masking filler o enhance edges and then reprocessed the images
however this also failed to extract the desired information. Another problem asso-
ciated with the images used in this project is that although the lesions of miliary
TB are 4!l of a similar size in each image, they do vary from image to image.
So, if we could measure the lengths of pixel rows making up the texture for one
image, it would not necessanly follow that another image would have a similar
granulometey corve,
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Figure 4.7: The granulametry curve for a boalthy seeton of lung.

4.2 Co-occurrence matrices

Co-nccurrence methods measure the proximily of pixels 10 each other [36) The

resulting measure of 4 texture is always inthe form of a square malix, The values

in the matrix represent Lhe stalistical probability thatl two pixel values will oceur

at o certain proximity o each other. This method has had significant results io

classifying texinres in serial photogeaphy, The co-occurrence mairices for Tung
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textures will be calculared and evaluated 10 see if a stadstical difference can be
measured.

In order t0 understand how the Co-occurrence matrix is calculated, a simple tex-
tove will be evaluated using this method, Figure 4.% illustrates a texture in four
rrey levels. A number represents each level, white is represented by the value 4,
black by the vajue i, and the in-between grey levels as either 2 or 3 {Figure 4.9),

Fipurse 4.8 & watore with o low spatial frequeney.

F]
L]
13
L
[

Figure 4.9: An example of how numbers can represent the grey levels in Fizure
4.5,

The co-occurrence matrix for this exture is represented by a 4x4 matix, This is
because the largest value in the exture is 4. The co-ordinates in the co-occurrence
matrix represent the values in Figure 4.9 that are being compared. For example,
the result of counting the number of times 2's and 375 are next to each other, would
be placed at the location (2, 3). As this i5 the same as counting the number of times
3's are next to 2's the same value would be placed at the location (3, 2).

We can look at values that are horizontally, vertically or diagonally next to each
other,
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As an example we will create ithe horizontal co-occurrence matrix Tor the texture
above. We start by looking af the qumber of 1's horizontally next to each other,

In the top left corner of the texture there is a pair of 1's next to each other. The
lett 1 is next to the right 1, but the right 1 is also aext to the left 1, so therefore
this pair must be counted twice and the valve 2 {s put in the co-occurrence matrix
at the location (1, 1,

There ars three sets of 1's horizontally adjacent to 2's, so the valae 3 must appear
in the matrix at the location (1, 2). Itis also true to say that there are three 2's next
1 17s, 50 the value 3 must appear in the location (2. 1) in the matrix. There are no
1’z next o 35 or 4°2 s0 the locadons (1, 30, (2, 1), {1, 43, (4, 1) all have the value
0. All possible combinations of 1°s and their neighbors have been counted. Next
2’5 and their neighbors will be counted.

There are four pairs of 2's neat o one another, So, as before, with the 1's, these
are counted twice and the value 8 is placed in the location (2,. 23, There are six 275
next to 3's and so the locations (2. 3) and (3, 2) each have the value 6. There is
only one 2 pext to a 4 so the locations (2, 4y and (4, 2) have the value 1.

Moving on to the 3's. As there are three pairs ot 3's next to each aother, the value
6 i pul in the location (3, 3). There are five 3's next to 4's so the locations (3., 4)
and (4, 3) each have the value 3,

Finally 4’s can be counted. there are three 4's in a row at the bottom of the texture,
the first 4 is next to the middle 4 which in turn is next to the left 4 and the right 4,
and the right 4 isenly next to the middle 4, so we put the value 4 in the location
4, 4.

Figure 4.20 demonstrates the co-ocowrence matrix for the dexiure in Figure 4.19,
which has a higher spatial frequency than Figure 4.5

Naotice that most of the information in the co-oceurtence matrix of Figure 4.9
was gituated along the diagonal from the wp left to bottom right, the texwre in
Figure 4.15 has no information along the diagonal in the co-ocourrence matrix
(Figure 4.20}. The first texiure (Figure 4.9) has large numbers of pisels with the
same value next (o one another, while in Figure 4.20 there isn't a single pixel
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Figure 4.10: The texture and its co-oocumence midnix on the deht showing how
the matrix is calcunlated by countng all the 1's nexttn s,

Fizure &.E1: The textore and its co-occurrénce matrix on the right showing how
the matmx 15 caleulated by counting all the 175 nexe o 2's,

T

Iignre 4.12: Because there are oo s neat to 3%s o7 4% the matrx has 005 in these
liwcaticis.

nexl lo-another that has the same value. This therefore demonsimaies a method of
dislinguishing different textures trom one another.

Other varialions on thas techoique are possible. Tor example instead of looking
at adjacent pixels, pixels that are several pixels apart can be compared. This is
referred Lo as varying the spatial resolution of the matrices. This makes it possible
to measure different spatial (requencies in textures. Another method for ebtatning
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Figure .83 The fexloee and its co-ogowrrense mairls on e mghl showing fow
the matrix 15 calculated by cownting ail the 2's next to 2's,

Figure 4.14: The textuer: and its co-ocourrence mateis on (e righl showing how
the matrix is caleulated by counling all the 2% pexl o 375,
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Figure 4.15: The texlure and 5 co-aveurtence matrin on the right showing low
the matx is caleulated by counting al) the 2's next w4,

similar spatial intormation would be 1o resize the image {ic. make the image
srvatler).

Differences between co-occurrence matrices can be very subtle, and a statistical
approach g the uspal method for evaluating them [36], 1t was decided o evaluate
the co-occunence matrices by means of three statistical measures as it is easy {o
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Ilgure 4,161 The lexture and s co-ocoumence matmix on the right showing how

the mattix is caleuelated by counting all the 3's next to 3%s.
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Flgure 4,17 The teature and s co-ooeumence inatrx on the right showing how

the matrix is calvulated by counting all the 3" next to4's.

£l e le | o™
1 lel2]l3\d|2
PR N . =
P2 |2 NN |2
? |23 |4 |3
2\ i

Figure 3.18: The teature and its co-oocurrence mattis on the right showing how

(e malris 15 caleulatsd by counting all the 4's nexl o 45,
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plot three measures in relation 1o each other. The Standard Deviation (SDX3, en-
tropy and maximum probability of each of the resulting matrices were calculated.

The maximum probabitity is simply the maximum vatue in the matrix a3 each
value in the matrix represents a probability, The quantities were chosen basaed on
their simnphicity, their ease o implement and their independence (rom each other.
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Vigmer 4.1%: & Tour colour testues, with a high spacial fraquency.
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Figure 4.20; An example of how numbers can represend the colours in Figure
419, and its co-pocurrence matrx.

It these measures show any significant results more can he evaluated.

| Extropy | Exxlﬂg(xj | x = cach value in a matrix

Small 100x 100 pixel sections of lung texture were chosen from a number of im-
ages so that there were 28 images in the healthy set and 28 images in the miliary
TB set. The bigger the lung scetions used to create the matrix, the more general
the mamrix will be, but the longer it would take to create. Pixel blocks of 100x100
pixels were therefore chosen as a compromise. Forty different mattices were cre-
ated for each lung section by varying spatial resolution from 1 to 40, Each of these
matrices were then evaluated using the statistical measures described above.

Figure 4.21 shows the measures of entropy, standard deviation and maximum
prohability plotted against cach other, for the matrices calculated using a spatal
resolution of 1.

The three statistical tests clearly evaluated the data in similar ways as each set of
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Figore 4.21: A plod ol the healby values vsihe TE values, The TB values arc
black crosses and the healthy values are grey circles.

results had a high correlation with the other two. The correlation cocfficient for
the Entropy and maximum probability was (0802, for maximum probability and
5D it wag 0.707, and for enteopy and SD 1t was 0.828. Furthermore, it was also
clear that the healthy data and onhealthy data could ot be separated in this plot.
Each measure was then separately plotted as a ROC curve. Figure 4.22 shows the
entropy ROC curve, Figure 4.23 shows the standard deviation curve and Figure
4.24 shows the ROC curve for the maximum probability. None of these curves
vary materially from the diagonal line, which represents the results that would be
generated by a purely random data set. Varying the spatial resolution from 1 to &)
did not produce sigoificantly different results, This method was therefore judged
to be unsuccessful for distinguishing between healthy an unhealthy duta sets,

The lung textures in both the healthy and unhealthy data sets were made op of
similar combinations of pixel valoes, This method relies on textures that are de-
pendent on the proximity of pixel pairs. The textures in these data sets are ap-
parently not dependent on pixel pairs. As a result another method that measures
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Figure 4.22: The ROC ¢urve for e enivopy measures oo the data et

larger groups of pixels has been evaluated. This is be described in the next chapter,

4.3 Conclusions for Statistical texiure measuring

techniques

Statistical methods can be used to measure features that a human eye is incapable
of measuring accurately, The two methods discussed here failed to produce sig-
nificant results. Tt is considered that the reason for these methods tailing is that
they do not measure the shape of the miliary TB lesions, and that the features that
they do measure arg common to both healthy and unhealthy textures.

3l



Chapter 4: Statistical texture measuring techniques

1CC

a0

i

50

40

o5 Trie Postivesy

G

s

] 10 =0 a0 40 al G0 70 il a0 100
% Falza Hoziives

Figure 4.23: The ROHT cueve for the standard deviation measures trom the data

w2k,



Chapter 4: Statistical texture measuring techniques

i

=

O
1

it i e

% Trua Fosttives
T -

o
[

o PSS

) I i i i i I
i | 20 ad 40 ad (2 8] 70 ar cL 100
% Falza Fosities

=

Fipure 4.24: The ROC curve for the aaxinmm probability measarcs from Lhe
daln set,
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Template Matching

The statistical methods, discussed in the previous chapter, proved 1o be unsuccess-
ful at distinguishing miliary TB from normal lung, Since the eye can readily dis-
tinguish between them, it is probable that this 15 not the method vsed by the brain
to perceive the textures. Termplate matching is an attermnpt at doing something that
is probably more closely related to what the human visual system (HVS) does to
detect the presence of miliary TH.

The pulmonary manifestation of miliary TB lesions looks like a number of light
and dark translucent spots superimposed on top of the the lung texture in a chest
X-ray. Figures 5.1 and 5.2 are examples of a healthy lung and a tung with miliary
TR, respectively. If the textural shape of one of the miliary spots can he estimated,
it 1s then possible to search through the rest of the image looking for all the other
spots that have the same or very similar shape. This process is called template
matching. The limnitation is that the template must have the same size and be in
the same orientation as the object it is being matched with or the computer will
not confirm the nratch, even if it is obvious 10 the human eye.
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Figure 5,18 An cxample of an X-ray image of a bealthy section of leng.

5.1 Estimating the Template

The first step is to estimate a template from the texture. This was done by looking
at the pixels that make up one of the lesions. Figore 5.3 is an enlargement of a
sectiom of Tung with miliary TB. 1t is enlarged enongh that each pixel can easily he
distinguished from its neighbor. The left of the two circles, marks a bright group
of pixels that represents & miliary TE lesion. This particular spot was chosen
because it 1s slightly isolated from other similar spots: 10 other words it does aot
overlap any other light spots, The shape of this lesion looks roughly circular with
a diameter of approximately 8 pixels. The brightness of the pixels in the lesion
range from darkest near the circumference to brightest in the centre, Selecting a
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Figure 5.2; An example of a section of lung that has miliary TH.

pixel row from the imags gave clear a indication of the shape of these lesions.
These lesions have an upproximately standard size per image although they do
vary in size from image o image. In the original plates the sizes varicd from
3mm to 7mm. The lesions are cvenly spread throughowt the lungs. This means
however that in the X-ray image, where the X-rays pass through more lung tissoe,
the lesions will appear o be more densely concentraied. The circle on the right,
in Figure 5.3, shows an area of dark pixels, Arcas like this represent the spaces
between the miliary lesions, und are a feature of the texture as well, These areas,
surprisingly, but very consistenlly, tend to have roughly the same diameter and
shape as the light lesions,
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Figure 5.3: A close up vicw of the millary TB lesions.

Each pixal has a value that represents the brightness of thal pixel. Bright pixels
have larzer values than darker pixels. Plotling these values for a single row of pix-
els gave an indication of how the brightmess varies across a portion of lung. Figure
5.5 1s a plot of a row of pixel values froma bung with miliary TB. The lesions show
up as peaks. As there are many veins and air ways in the lungs the shape of these
lesions are distorted and so the shape of these peaks was generalized. A parabolic
peak, shown in the plot, was estimated (o fit into the peaks in the plol. The same
parabolic shape, when inverted, was found to fit into the valleys between peaks.
For comparison Figure 5.4 shows 2 plot of a row of pixel values in a normal lung,
Figure 5.6 shows the estimated template of a miliary lesion. Here the amplitude
of the template was set to 1. The variation in amplitade of the mulizry lesions on
a given X-ray plate {(Figure 5.5) was found to be between approximately 100 and
250.
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Figure 5.5: An example of a row of pixels from a lung that has miliary TB.

5.2 Simulating TB with a Template

It is important, once the template has been estimated, that the validity of the tem-
plate is established. This was done by using the template to simulate the texture
of miliary TB.
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Figure 5.6: The estimated template.

A 300 by 300 pixel section of lung was chosen from an X-ray of a healthy person,
The template was then added to this image in approximately 1000 random loca-
tions. The amplitude of the template being added was also vaned slightly between
250 and 100. This was done for a number of other lung sections from other plates,
which were then mixed up with a series of real TB lung sections so that the total
number of images was 66. Figure 5.7 is a healthy image with the simulated TB.
Figure 5.8 is an example of miliary TB for comparison.

These were set up in a random order, each image with a unique number so that it
could be identified later, and taken to Prof. Steve Beningfield, Head of Radiology
at Groote Schuur Hospital in Cape Town, for classification. He was informed that
some of the images were fake and some were real and he should try to identify the
fakes. He spotted several immediately as the template had been added to locations
in the image where there was no lung. He also said that the lesions were too bright
in some images, although he said this for some of the real TB cases as well. It was
therefore assumed that he was not used to looking at the texture of such limited
sections of lungs.

Lastly he found that the edges of some of the artificial lesions were too distinct,
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and should be blurred slightly. This effect in the real TB images is due to X-ray
scatter. The extent of this scatter is a function of the distance of the object from
the X-ray detector or film, but is quite small for the lesions of miliary TB.

Figure 5.7+ Sivalated andliaey TTR,

Prof. Steve Beninglield's advice, regarding the blurning of the tempiate, was im-
plemented as an averaging filter with a footprint of size WO/3 rounded down (WD
is the width of the template). The amount of blurring was chosen to be just enough
to soften the edges of the template. It was later found that blurring the template
had little affect on the results of template matching, So the type of blurring fune-
tion was considerad to be mostly unimportant, Figure 5.9 shows the template after
being blurred.

5.3 Template Subtraction

With the verified template it was now possible to search for objects in the image
that closely resemble the template. Terplate subtraction is a simple and versatile
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Figure 5.9: The template after being blurred slightly,

method of terplate matching [21]. Its principle drawback is however that it is
very slow.

The subtraction is done as follows, A section of the image with the same di-
mensions as the template is extracted from the corner of an X-ray plate, first the
minimum pixel value is subtracted from all the pixels tn this section, This is done
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s0 that when the template as a whole is subtracted Irom this section there 1s oo er-
ror induced by this offsel. A new matrix is then formed when the template and the
image are subtracted, pixel for pixel, from each other. At this point it is possible
to weight the subtraction. Generally weighting is used to add a heavy penalty to
each pixel that does not mateh the template. A common method is thus o square
each value in the subtracted matrix. The template was chosen to match an isolated
lesion, but most lesions are superimposed on other anatomy or overlap other le-
siohis, It was thecefore decided not to weight the valoes in the mainx, and simply
I accept the absclute values of all the subtractions. Adding all the values in the
matrix togelher now gives 4 value that represents the closeness of the fit of the
template to the image at that point, A small value represents a close match and a
large value represents a bad match,

This precess is then repeated for each possible match in the image. This has
10 be done by moving the template by one pixel width and then perlorming the
template subtraction as described above. The value from each match is placed in
a new matrix at the location of the centre of the section of image that was matched
with the template. When the entire plate has been processed, the result is a new
matrix with low values for close matches, and large values for bad marches.

A section of lung from an X-ray image of a healthy person and an image of
person with miliary TB, were gelected and processed in this manner. The results
from one of these images was compared to an arbitrary threshold so that any
values below the threshold appear as a white pixels in a binary image. The higher
the threshold, the larger the groups of white pixels whenever there is a emplate
match. As a2 close match should represent 4 low value surrsunded by high values,
the threshold wias set so that ne pixel group was greater in size than 9 pixels in
either the healthy or vnhealthy image. This was done by using region labelling and
then using a histogram to measure the number of pixels in each pixel group. The
result can be seen in Figures 5,10 and 5.11 where the results were superimposed
on top of the original images. Each dot has been made larger by using a binary
dilate. This was done to make the results easier to see tn the two images.

As this template has 2 very generial shape, a large number of false positives were
present in the resulting mmages, but despite these false positives, the TB image
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Figure 5.1 Template sublraction performed on a healthy luog

displayed considerably more positives in the lungs than were seen m the healthy
lung.

5.4 Fourier Domain Correlation

Although the lemplate subtraction method descnbed above produced favorable
resulis, it is very slow. Fourier domain correlation is considerably faster than the
space domain sublraction technigue [27, 22]. The method involves converting
both the template and the image to the Fourier domain, multiplying the Fourier
magnitudes of both images together, and then converting the result back o the
space domain.

First, the mean value of the template must be subtracted from all the values in
the template, thus the template haves a mean valve of zero. It this is not done,
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Figure 5.11: Template subtraction performed onoa lung with miliary TR

the result will be a blurring and not correlation. The practical difterence is that
convolution results in a smoothed Image with the template as the smoothing func-
tion, Correlation requires that the templace be padded with zeros. This is done by
adding rows and columng of zeros 1o the tfemplate until it has the sume dimensions
a5 the section of image it will be correlated with. It is important that the template
is normalized before padding, or it will result in @ convolution with a very small
negative offset. Usually the termplate must be moved into one of the corners of
this padded mutnx or the results will be shifted by the distance between the centre
of the template and corner of the matnx. In the present study however, this was
unnecessary as further processing, described next, meant the shift did not aftect
the results.

The results from the correlation differ from the template subtraction described
earlier. With this method a bad fit will result in a value close to zero, a close fit
will resnlt 10 a large positive number, Il the shape of the section of image is the
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same as the template, but the amphitude of that section is larger or smaller than the
templaie, then the the resulting correlation will be bigger or smaller accordingly.
Another difference is that if there is a section of image with the same shape as the
template, but all its values are negative, then the result will have a large negative
value. As mentioned earlier, these inwverse shapes are also descriptive of the texture
of pulmonary miliary TB. After correlating the template with the image section,
the absolate value of the result is taken in order to incorporale Lhe inverse lemplate
shapes into the results,

A significand problem with these images was thal the contrast in the fungs was
largely dependent on the developing process, as well as the parficular machine
used for taking the X-ray images. As the data ser was made up of long segments,
each chosen 1o have onty lung (exture and the occasional ob, each image had
its contrast stretched wsing a linear histopram equalization before the correlation.
The mean of the absolate values from the correlation matrix for each image was
calculated and vsed as a measure of the texture of that Image. This process was
repeated for each image using a variety of emplate sizes. Figure 5,12 shows
the correlation values for each imape as the template size is varied from 4 to
18. The template size refers to the width of the lemplate being smoothed. 1t
shiould be pointed out that the correlation values were scaled to make them easier
1o compare, This was done by evaluating the mean vatue of the template correfated
withits self and the correlation resulis were then divided by this number. This does
nol effect the separalion of 1he correlation values, but does make them easier to
compare to the correlation vatues of other emplate sizes, The black lines represent
the TB images and the broken grey lines represent the healthy images. From
studying the curves in Figore 5.12 it was decided thal the template size had little
effect on the separation of the cormrelation values for healthy and unhealthy Images.
Alsg it was a very slow process to correlate each image with a vanety of template
sizes, especially when a [ull chest X-ray was being processed. In order to decide
on a single templale size to process all the images the "stndent T-test” was vsed to
calculate the probability that the data spread was due o chance for each emplate
size. Although all the template sizes produced results of very low probabilities,
template size 9 had the lewest (1.12632e-107 and <o it was decided to use this
{emplate size to evaluate the miliary TB texture.
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Fivure 5.12: Comelation vales for varying templale sices

5.5 Choosing a threshold

In prder to distinguish healthy images from the unhealthy images, a threshold had
to be decided upon. when @ section of lung had a correlation value above this
threshold it was marked as having mitiary TB. The Receiver Operating Character-
istic curve (ROC curve) was used to establish a threshold. Figure 5.13 shows the
ROC curve for template size 9, It shows the trade off between false positives and
true positives [28], The grey diagonal line represents a completely random data
set and so the further from this line the evaloated data set is the more accurate
the ¢lassitication. The percentage of the area under the curve 18 used as a rough
megsure of this aceuracy. The area is evaluated as in the following table,



Chapter 5; Template Matching

100 — 90% | excellent !
90--80% | good |
B0 —70% Fair

70 —60%: poar

Gl — 5% fail

The area under the curve in Figore 5,13 is 89.8% and a0 is condidered as being
a "pood’ classification, The conelation value (6.1{15e-005), that minimizes the
false positives (14.5%) and maximizes the true positives (87.5%), was chosen as
the threshold,

o Frie pesithes
I o

[
" A sosian

Figore 5.13: ROC ¢uryve for lemplule size 9

Figure 5.14 and 5.15 show the results when plotted on full sized chest X-rays.
Notice the false positives in areas of the image cntside of the lungs in both images.
The template shape was a very genetal shape, and so it picked up features that
were similar in shape 1o itself, but not getually TB lesions.

&7



Chapter 5: Template Maiching

Fisure 5.14: Fourier cormelaion perforraed ancy healthy lung
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Chapter 6
Lung Segmentation

The emplate matching method discussed in the previcns chapler, measured fea-
tures both inside and outside the lungs, so often a section of image would be
marked positve outside the lungs. These are obviously false positives, and there-
fore shouid be removed when possible. An obyious methad for removing these
false positives is to tell the computer not to plot a positive if it is outside the lungs,
However it is considerably easier for g person to distinguish between the lungs
and the rest of the image. This chapter will evaluste two simple methods for
segmenting the lungs from the rest of the image.

6.1 Adaptive Thresholds

[n a chest X-ray the fongs appear darker than the surrounding tissue, this is due to
the large number of air spaces in the lungs. A threshold can be applied to the pixels
in the image to make a black and white 1mage [6, 19]. In this case the threshold
was set so that if the pixels had a value above the threshold they were set to black
and it the pixels had a value less than the threshold they were set to white, As these
images vared significantly in conirast, s simple threshold set at a standard vajue
got different, and often incorrect, results for each image. It was necessary to make
the threshold so that it adapted itself to the image. It was found thar by raising
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Chapter 6: Lung Segmentation

the threshold to the point where there were only two separate regions of white,
the shape of the lungs were clearly represented. This was done automatically
by wsing region labelling to count the number of separate white regions in the
image until two separale regions were counled. Unfortunately there were other
regions that were darker than the lungs, for example the regions oytside the body
and some sections of the colon. These dark spaces had valugs well below the
threshold necessary to segment the lungs and therefore also appeared white when
the threshold was applied to the image, These white reglons were attached to the
white regions that formed the lungs. Figure 6.1 shows a chest X-ray, and the result
of thresholding it to segment the lungs oul. Althoogh the shape of the lungs were
clearly defined in places, this method was not ideal, as it would have been very
difficult to remove the other unwanted white regions.

o

Figure 6.1: A chest X-ray image and the resolt of using 3 threshold o segment
out the lungs,

Dian [6] used this method on Lodox images to segment out the lungs, Due to
the image quality, the longs were easy to segment and oaly a little work was
necessary to remove unwatted edges, The images from the data set used in this
project however vared significantly and the results from this method were not
good erough to scement out the lungs satisfactorily,
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Chapter 6; Lung Sermentation

6.2 The Watershed Function

It the light sections of an image are thought of as being high, and the dark sections
are thought of as being low, the image can be thought of as a landscape. The wa-
tershed Tunction [20] uses the image in this way and fills the valleys with “water',
creating 'dams’. When two "dams” start to touch, it builds a "wall’ between them,
and continues to fill them. The algorithm stops when the entire image is covered
in "water’ and "wallg’, If the starting points at which *water’ is added to the image
are selected correctly it is possible to segment 4 desired region from the rest of the
imrage. The location of the starting points is critical to the success of this method,
Both regions of interest and undesired regions must have starting points.

This algorithm was applied to the chest X-ray images in this projects data set in the
following manner. First the edge image was created using the method described
in section 3.2, This was done so that any starting point placed in a lght reyion of
Lhe X-ray would notl cause "waler’ to leak into one of the lungs.

Figure 6.2 shows a number of starling points for a chest X-ray. A border around
the image was drawn as a starting point for an undesired region. Four more start-
ing points were put at locations in the bottom right, top right, top left and bottom
left of the image as starting points for undesired regions. These places were found
by finding the local minimum of the pixel values in the ornginal image in these
locations. Another starling point was plotted in the throat area, this was also done

by finding 4 local minimum in this area.

As the ribs can have significant edges which might cause problems when using
Lhe watershed [unction, a line of starting points were doaw down each lung, This
was again done by finding local minimums, in the original image, in the region of
the lungs. Figure 6.2 shows how this methed doesn't always work, as the exact
orientation of the patient in the image can be unpredictable. The lines for the
region of interest in the lungs have been plotted right down in to the ghdomen,

Using these starting points, the watershed Tunction was then run on the edye image
of the original image. The regions that were created from the starting points inside
the lungs were then used to segiment out the lungs. Figure 6.3 shows the result of
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Chapter 6: Lung Segmentation

1
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Figure 6.2: A chest X-ray image and the starting poins for the watershed func-
tiom.

segmenting the lungs in this manner. The results show the edges of the lungs well
in some regions, but in other regions this method cornpletely failed w find the
edges of the lungs,

Lt

&
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I 4

Figure 6.3: A chest X-ray mmage and the result of using o watershed algorithm
b segment out the lungs.
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6.3 Combining Thresholding with the Watershed

Function

It was obviows 1o see that the edges of the langs found using the threshold were
difterent to the edges found vsing the watershed. As the results from both meth-
ods were in the form of binary images, it was easy (o (ind the mutual information
in each by perfommung 4 binary "ANDY. The eflect of combining the results from
Figure 6.3 and 6.1 c¢an be seen in Figure 6.4 where the resalts have been superim-
posed on the original image, Apart from a small region in the bottom left of the
picture, the outline of the longs is correctly defined.

Figure 6.4: Combining the two methods fo segmen oul the lungs proyvides a
considerably better result. Here the segment lung région has been
spperimposed on the origing image,

Figures 6.5 and 6.6 show the results of segmenting the lungs from two dilferent
images. In both figures, the different results of each step are shown, The original
image is labelled "a’, the result of thresholding is labelled "b7, the result of the
watershed functon is labelled "¢', the result of combining the two methods is
Tabelled °d’, and the result superimposed on the original image is labelled ",
Figure 6.7 i# labelled in the same manner, but shows how the technique fails to
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Chapter 6: Lung Segmentation

cope with unpredictable physiclogy, in this case excess gas in the colon.

Figore 6.5: An example of segmenting a lung usiog the combination of a thresh-
old and a watershed function.

Figure f.6: An example of segmenting a lung using the combination of a thresh-
ald and a watershed {uncrion,

Figure 6.7: An example of how unpredictable physiology can affoct the lung
sesmentaion algorithm,

Figure 6.8 shows how the lung segmeéntation algorithm combined with the TB de-
tection. This clearly reduces the number of false positives in regions out side the
lung areas, The overall processing time was significantly reduces as regions of the
image that are owt side the lung arcas were not searched for TB. The overall pro-
cessing fime was reduced o approximately 509 of the time taken to perform a TB
search through an entire image. Unfortunately any ermors in the lung scgmentation
can cause false negative errors inthe resulting TB detections,
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Figure 6.8: The combination of the lung segmentation with the TR detection al-
gorithm, figures (o) show the TR detection, [(H4) shows the ling
segmentanon. and (c#) shows the combination of the two. Notice
thaterrors in the lung segmentation cause false negatives in the com-

bined images.
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Chapter 7

Conclusions and Recommendations
for Future Work

7.1 Conclusions

Image enhancement can be an extremely useful tool if it enhances important in-
formation in an image. It is possible, however, that the information enhanced is of
no interest to the viewer in which case enhancing this information can distort the
important detail.

Windowed edge detection was very effective at enhancing bone structure and even
parts of the patients t-shirt. This could be extremely useful, especially if the radi-
ologist is looking for bone fractures. However, in this project the primary concern
is the analysis of lung tissue. This method of image enhancement distorted the
texture formed by the pulmonary blood vessels and air passages in the lungs. As
a result this process, although with interesting and possibly useful results, was
not considered useful for aiding the diagnosis of miliary TB. Unsharp masking
enhanced the lung textures very effectively and with considerably less image dis-
tortion than homomorphic image enhancement. Enhancement of the lung textures
using wavelets seemed to have the best results when compared to edge detection,
homomorphic enhancement and unsharp masking. The rolling ball algorithm was
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very effective when used to remove the effects of ribs on the lung texture however
it was extremely slow, which made it impractical to use on the large areas of lung
texture in chest X-rays.

It is obviously impossible to enhance features in images that are not actually
present. It is however possible to measure qualities in an image that cannot nec-
essarily be measured by the human eye. Statistical methods can be used to accu-
rately measure these sorts of qualities in images. Both the methods of granulome-
try and co-occurance matrices were unable to extract information that allowed for
the successful classification of TB images verses healthy images. This is because
these methods measure small sections of the structural element of the TB texture
instead of the whole structural element. The natural lung textures are comprised of
the same elements measured in the TB images making it impossible to distinguish
between healthy and unhealthy lung textures.

Template matching simulates the human visual system ability to scan images look-
ing for specific shapes. The Miliary TB texture in the lungs appears to be made
up of many similarly sized dots, scattered evenly across the entire lung area. Cre-
ating an approximation to the shape of these balls, allows the computer to then
scan through all the images in the data set looking for other similar shapes. Any
areas with a large number of close matches should be examined more closely by
a radiologist. Fourier domain correlation produced very promising results. The
drawback being that the shape of the template being used was very general. This
means that any diseases producing similar textures in the lungs will be classified
as being miliary TB.

7.2 Recommendations for Future Work

Image enhancement is already a common tool for radiologists working with dig-
itized X-ray images. Edge detection produced very effective results when en-
hancing bone structure, however this method does not seem to be used in clinical
radiology. It is recommended that a further study into the effectiveness of finding
fractures and other bone abnormalities using edge detection should be undertaken.
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Statistical methods reviewed in this project did not produce significant results.
It is possible that these methods, and other statistical methods, might produce
significant results if the lung textures were preprocessed first. The rolling ball
algorithm was very slow, but this algorithm might be able to improve the success
of statistical methods.

Although the template matching was successful when distinguishing between
healthy and unhealthy (TB) images, it will not be able to distinguish between
other diseases that also cause granular textures in the lungs. The miliary TB can
be seen as a very even texture throughout lungs in a chest X-ray. It is possible that
measuring the proximity of the template matches will help distinguish between
TB and some of the other lung diseases.

Other template shapes should be investigated to see what features can be detected.
For example a "top hat’ template would be able to detect sharp edges in chest X-
ray images. As X-ray images rarely have sharp edges, this could be used to detect
errors in the image. This template might also be able to detect foreign objects,
such as pieces of metal in chest X-rays.

The quality of the data set used in this project presented a degree of uncertainty in
the results. It is recommended that for future studies in chest X-rays, a standard
data set should be created. This would help compare results from one project with
another. The images in the data set should be taken under controlled conditions to
eliminate contrast variations between images.

The solution to the CAD of miliary TB does not have the ability to differentiate
between miliary TB and other lung diseases like silicosis. It is recommended
that further research into getting a computer to measure the differences in these
textures should be undertaken.

In general it is considered highly unlikely that any CAD algorithm will be able to
get 100% accurate results. It is recommended that image enhancement algorithms
be used with (or independently of) such CAD systems to help the radiologist per-
form accurate diagnoses.
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Appendix A

Pre-processing

This chapter describes some simple pre-processing tools that were repeatedly used
during this project.

A.1 Thresholding

Thresholding can be used to divide a series of values into two classes. It can also
be used to separate light and dark regions in irages, resulting in a binary image
[19, 6]. A binary image has only white and black pixels, which relate to the pixels
that were either above or below the threshold value.

After a threshold has been assigned to a data set each value in the data set must
then be compared to the threshold. All values above the threshold are assigned
to one class and all those values below the threshold are assigned to the other
class. The obvious problem is deciding on the value for the threshold. Choosing
a threshold value depends on the data and the type of problem that needs to be
solved. This section does not cover how to choose a threshold value. This is
covered in the relevant chapters. This section covers some of the characteristics
of using a threshold on an image.

Thresholding a noisy signal can result in multiple threshold crossings that make

80



Chapter A: Pre-processing

Insruk Signul "nll_ i
A

m,

A A

Lo e o .
P =i =

-l"lll/

Threslialc

Cudpud from Threzlalc

Figure A.L: Thresholding 2 noisy image results in brief crossings when the sig-
nil is near the value of the threshold.

the point at which the signal really crosses the threshold difficult to locate. This
is demonstrated in Figure A.1, MNotice that there are 4 number of points where the
signal crosses the threshold briefly due to the noisy nature of the signal. Thresh-
alding an image 18 therefore similar to thresholding an electric signal. As the
signal approaches the threshold, noise 1n the signal tends 10 cause stuttering due
to small spikes which cross the threshold. When applied to images this results
in small islands of pixels scattered around the resulting binary image. Erosion,
dilation and repion labelling could be used 1o deal with these pixels.

Ag the intensity of each pixel is represented by a value, it is obvious that lighter
regions can be separated from the darker regions with the use of an appropriate
threshold. Figure A.3 was created by thresholding Figure A 2. Notice that, in the
processed image, the edge of the skull was not clearly defined in all places, and
that there were often a scattering of white and black pixels both inside and outside
the skull. These were due to both noise and fainl structures in the image.
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Figure A.2: An unprocessed X-ray image of a human head.

A.2 FErode and Dilate

[f a binary image has a number of tnwanted {or 'noisy ") paxels scattered about the
image, it is relatively easy to remove these pixels using either erosion, dilation or
a combination of both [20]. The drawback is that the edges of the Jarger objects
are altered shightly.

{f u binary image has a large mroup of whilte pixels with a scattering of isolated
white pixels around 11, ervsion can be used o remove all the solated pixels. Ero-
sion removes a layer of pixels from the outside of all groups of white pixels. The
width of the Fayer removed is determined by the footprint size used. The footprint
can be any size and shape, depending on the task.

Footprint here refers to a small binary image that is used as the region of effect of
some functions. For example the footprint might be a while image with a size of
2 by 2 pixels, and the function could be erosion. Then a two pixel wide layer will
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Figure A.3: A binary image, resulting from using o threshold on Figure A2,
Matiee the scattering of while and black pixels near the edges of the
skull,

be rernoved [rom the edees of all islands of white pixels in a binary image being
processed.

When using the erode function, and pixel groups that have a radius less that the
size of the footprint will be removed. Obyiously larger objects will now be slightly
smaller and their edges will have lost detail. Figure A4 shows the effect of erod-
ing figure A3,

The inverse of this function is called dilation. Dilation adds a layer of white
pixels to the outside of all groups of white pixels. Butif there are any groups of
black pixels surrounded by white, the black groups will be made smaller, or will
disappear altogether. Figure A5 shows the results of dilating figure A3,

Using these two functions in conjunction will remove small groups of pixels, and
keep the larger groups of pixels roughly the same size, although the edges of these
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Figure A.4: The resulting image after eroding Figure A3, Nearly all the small
islands of white pizels in Figure A 3 have been removed, however
all the black regions are now slightly larger

larger groups is then less detailed. Figure A.6 shows the effect of eroding figure
A.5 which was the result of dilating figure A3,

A.3 Labelling Regions

It is sometimes necessary o label regions or isknds of pixels, tvpically in 4 binary
image, This is done by assigming cach region a nnigue colour. A region is any
cluster of condguous pixels with the samc valucs. A colour histogram of this will
then give the nimber of pixels in each region. This makes scgmenting out regions
of a certain size very easy [18, 4]. Figure A.8 iz a region labelled version of Figure

A7, where each cluster was assigned an individual colour.
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\

Flgure A.5: The resulling tinuge aller dilating Figure A3 Almuost ull the un-
wanted small regions of black pixels have been removed, for exam-
ple, e text in the g left of Figure 4.3 has been retnoved,

A4 llistogram cqualization

I all the images used io this project black was always 0. Brighter pixels, had
higher values. White was always a power of 2 {ie. 2, 4, 8, 16 etc), depending on
the bit depth of the image.

If an image is grey with no white or black pixels, it is relutively eusy to stretch the
histogram of the image to fit the full range from black to white [4, 21, 25]. This is
implemented by subtracting the minimum pixel value from all the pixels. Every
pixel is then divided by the maximum pixel value and multiplied by the value of
white.

It is also possible to do a non-linear histogram siretch. This increases the contrast
inone purt of the histogram and decreases the conlrast in another part. An example
of this wouald be to square or o square root all the pixel values before doing a linear

85



Chapter A: P're-processing

Figure A6 The resulting image after eroding the alrcady dilsted image in Fig-
ure A5, Almost all the uowanted small regions of both black and
white pixels have been removed. The larger regions are still ronghly
the same size us i the origioal, but keir edees have been slightly
altcred.

Figure A.7: A number of unlabeled regons

histogram stretch,

14l
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Figure A.8: The Labelled regions from Flgure A7

In Figure A.9 all pixel values are relatively low, and the image therefore appears
mostly dark. The histopram can be seen as the grey line in Figure A 12. Figure
A.10 is the same image after its histogram had been linearly streiched. The new
histogram can be seen as the black line in Figure A 12, The grey curve in Figure
A.13 shows the same histogram after a non-linear stretich. In this example the
non-linear stretch was done by square rooting the values. The black curve is the
histogram of Figure 4.2, Figure A.11 shows the resulling image from the non-
linear stretch.

A histogram can be wsed to determme a threshold for segmenting out a region,
with a different set of grey values, from the rest of the image. Diun [6] used this
method to make ap adaptive threshold for segmenting out the lungs in a full body
chiest X-ray from the LODOX machine.

A5 Windowing

The human eye can only distinguish between aproximatly 40 ditferent grey tones
at any one time [26, 359]. Windowing is a pood way 10 view small contrasts in
images thut can have thousands of dilferent grey tones [25].

Windowing is very similar to histogram equalization, except it is used to look at
a small portion of the histogram at a time. This is done by choosing an upper and
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Figure A.9: An X-ray image of a human head, with low contrast.

lower limil for the pixel values in the image. All the pixels with values equal Lo or
ereater than the upper valoe are then set to the vpper Hmit value. All values equal
to or less than the lower value are set to the lower limit value. Then a standard

histogram streich is performed.
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Figore A1k Fizure A9 after its histogram had been linearly strotehed,
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Figure A11: The résuling inage after a non-linear histogsam stretch of Figure
AG
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Figure A.12: The grey histogram is the disiribution of pixel values from Figure
A0 the Black histogram is a Hoearly stretched version of the grey
histogram, restlling wilh the image in Figure A2
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14707

Figure A.13: The grey histogram is the distribution of pixel vales from Figure
A 115 the black histegramn is from Figore A2, MNotice that the his-
togram lengths {from lowest 10 the highest pixel values) are the
saime, hut upper values of the black graph have heen stretched at
the expense of the lower values.
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Fipure A.14: Figure A9 alier windowing, Here one of the teeth (circled) has
been made clesrsr at the expense of the rest of the dewal in the
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Figure A, 15: The grey histogram is the distribution pixel values [rom Figure
Al the black histogram is from Figure A2, Notice that only
a portion of the original black histogram is represented by the grey
histogram, even though both exfend over the whole range of pixel
values from (1 ta 2535,



Appendix B

Receiver operating characteristic

curve

Receiver operating characteristic curves (ROC) were originally used to test the
radar operators during World War IT [28], Since then the medical profession has

used ROC curves to interpret medical test results,

The ROC curve plots true positive rale versus false positive rate, Figure B
demonstrates un ROC, the black corve represents the results from a successful
test. The grey diagonal line represents a completely random data set ¢nd so the
further from this line the evalvated data set is the mnore accurate the classification,

The percentage of the area under the curve is used as a rough measure of this
accuracy, The area Is evilvared as in the following tible,

100 —905% | excellent
o — BO% good
R - TO% fair
T — 607 poOT
6 — 505 fail

Where possibte, the results of tests in this project were plotded on o ROC curve.
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Appendix C

Images in the Fourier Domain

This Apendix covers some of the aspects of manipulating images in the Fourier
domain,

The reference to high and low frequencies inan image is best illustrated in Figures
C.1 and C.2, Figure C.1 has a high spatial frequency in the horizontal direction.
This means that the contrast varies pericdically, horizontally across the image.
The pericdicity is greater than the paltem in Figure C.2, and is therefore said to
have & lagher spatial frequency than the pattern in Figure C.2. This is asier o
understand by looking &t & horizontal row of pixels from each image. Figures C.3
and C.4 are plois of a single row of pixels from Figures C.1 and C.2 respectively. It
5 now easy 1o s8¢ that the pixel values vary sinusoidally. Converting these plots to
the frequency domain and plotiag the magnitude part of the frequency spectrum
{Figures C.5 and C.6) shows that the high freguency pattern has a frequency com-
ponent, {arrow in Figure C.3) further (o the right than the low frequency pattemn
{arrow 1n Figure C.6).

These plats also show a second frequency component (indicated by an asierisk} on
the far right of each plol. These components are ihe negative frequency compo-
nents of the plot. The reason they are plotted on the fur right, as opposed to being
plotted o the lefl of the origin, is because computers don't work wilh matrices
that have negative indices. This does not affect the Fourier domain methods used
here, but it is nevertheless important to know where these compotients are, This
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fll

Figure C.1: A pacern showing a high horizomal spatial frequeney

Figare C.2: A paniern showing u bow honsostal spatial frequency

does mean that the high frequency components are located n the nuddle ol the
graph.

A simple example will serve 1o explain bow cerain spatial frequencies can be
enhanced using the Founier donmin. Figure C.7 shows a simple high frequency
signal superimposed on a lagge step function. The high frequency is the signal of
interest, but because of its low amplilude it is barely noticeable in Figure C.7. The
step function i made up lurgely of low frequency compenents, The filer shown in
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Figure C.3: The lightness intensities of 2 row of pixels from C.1 showing a high
spatial Tregqueney

Figure C.9 was designed to suppress low frequencies. This filter has low values
for the low frequencies in the Fourier domain, and rises up o 1 for the remaining
[requencies. The amount of suppression 15 governed by how low these vilues are
made. The lrequency range that is suppressed is controlled by the width of this
part of the filter. Motice that this filter suppresses both the positive and negative
low {requency components equally.

This filter was impletmented by multiphying it with the magnitude components of
the original signal. The product was then returned wo the space domain, the result
of which can be seen in Figure C.10. Here the original signal is plotted as a broken
ling and the fltered signal ts & sobid hine, The fltered signal was scaled by 10 s0
that it could easily be corpared to the original signal. This scaling factor was
due to the filter dropping down to 0.1, Notice that the desired component of the
signal was greatly enhanced, but the step function produced a signiticant amount
of distortion, This distortion is alwiys present. to viry degrees, and is the primary
drawback 1o Fousier domain filtering.
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Figure C.7: A step function and o low amplituds high frequency siznal,
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Figore C.8; The Fourier magnidude spectoem of Figure C7,

In this simple example it is easy to adjuost the filter so that this distortion is no
longer visible. This was done by adjusting the filter so that it rose over a larger
frequency range. The distortion can also be reduced by adjosting the level that the
filter drops to, Making the shape of filier smoother will also reduces the distortion.
The tradeoil iz that the smoother the filter, the less the undesirable frequencies can
be suppressed. This can be seen in Figures C.11 and C.12. The smoother rising
filter is shown in Figure C_11, and its effect on the signal in Figure C.12. Note that
the step funclion was preserved, but the high frequency signal (the information of
imkerest) wus substantially enhanced,

This method can be extended to two dimensions in order to fiker the spatul fre-
guencies in images, The Fourier domain components are very much the same us
in the 2 dimensional example, with the low frequency components in the corners
and higher frequency components at increasing radius’s from the corners.
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Viguiee CL00: The orgioal signal frone Plguee ©07, shown as a broken line , and
the teswlt of using che tiles shown n Figure C9, s d solid Doe.
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Figure CL11: An amprosved Foarier donsain Tiph pass iler

Figure €.12: The orginal signal from Figure C.7, shown as a broken line , and
the result of wsing the filker from Figure C.1 1, shownas asolid ling
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Appendix D

Project Code

The next few pages are print outs of some of the code used in the implementation

of this project.
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function out = cooc(in)

$CO0C returns the co occurance matrix for an image;
%The matrix ‘in’ must only have positive integers.
$The size of the output matrix depends on the max value of the matrix ’'in’.

$Written by Anthony Koeslag while doing his Msc in image processing.
$17-06~2001

siz = size(in);

if min{min{in))<=0
in = in-min{min{in))+1;

end
mx = max{max{in));
mn = min{min{(in)};

giz2 = mx;
out = zeros(siz2, siz2);

for x = 1l:s8iz(l),
for y = l:siz(2)-1,
if y<siz{2)
xx = in{x,y});
vy = in{x,y+1});
out {xx,vyy) = outixx,vy) + 1;
out {yy,xx) = out{yy,xx) + 1;
end
end
end

for x = 1l:siz(l)-1,
for v = l:siz(2),
if y<siz(2)
xx = in{x,y¥);

vy = in{x+1l,vy);
out {xx,vy) = out{xx,yy) + 1;
out (yy,xx) = out{yy,xx) + 1;
end
end
end



function out = Lung segmentation(im);

scl = 15; %This is the amount that the lung image is scaled down by
%the image is scaled to speed the process up, and nothing is realy
lost by doing this.

fprintf (‘Reducing size\n’);

im_reduced = reduce(im, scl); $reduce image here
clear im;

im_thresholded = im_reduced;

fprintf ('Finding Edges\n’);

im_edge = round(scale(abs(edge2 (im_reduced)), 255));
im_reduced = round(scale{abs ({(im_reduced)}, 255));
im_watershed_points = im_reduced.*{;

pause{0.001);
siz = size(im watershed_points);

fprintf{’'Creating points for watershed\n’): $this next section creates
starting points for the watershed

dx = round(siz(1)/5);

dy = round(siz(2)/5);

tmp = im _reduced(2:dx, 2:dy); %top left

[m, iy] = min(min(tmp)};
[m, ix] = min{tmp);
im watershed_points(ix(iv)+1, iv+1) = 1;

tmp = im_reduced(2:dx, siz(2)-dy:s8iz{2)); %bhottom left
[m, iyl min{min{(tmp));

[m, ix] = min{tmp);

im_watershed_points (ix{iy), iyv+siz(2)-dy-1) = 1;

tmp = im_reduced(siz(l)-dx:siz{l), 2:dy); % top right
[m, iy] = min{(min{tmp));

[m, ix] = min{tmp);

im_watershed points{ix{iy)+siz(l)-dx-1, iy+l) = 1;

tmp = im _reduced(siz{l)-dx:siz(l), siz{2)-dy:siz(2)); %bottom right
[m, iy] = min(min(tmp));

[m, ix] = min{tmp);

im_watershed points(ix(iy)+siz(l)-dx~1, ily+siz(2)-dy-1) = 1;

tmp = im_reduced{round(siz{l)/2-dx/2) :round(siz(l)/2+dx/2), round(siz(2)*3/4-
dy/2):round(siz{2)*3/4+dy/2)); %middle right (Lung)

[m, iv] = min{min{tmp));
[m, ix] = min{tmp):
im_watershed_points (ix(iy)+round{siz(1)/2-dx/2), iy+round(siz(2)*3/4-dy/2})) = 1;

111y = ix{iy)+round{siz(l)/2-dx/2);
11(2) = iy+round(siz(2)*3/4-dy/2);

tmp = im_reduced{round(siz(l)/2-dx/2) :round(siz(l)/2+dx/2), round(siz(2)/4-
dy/2):round(siz(2)/4+dy/2)); %middle left (Lung)

{m, iv] = min{min{(tmp));

{m, ix] = min(tmp);

im_watershed_points (ix{iy)+round(siz(1l)/2-dx/2), iy+round(siz(2)/4-dy/2)) = 1;



12(1)
12(2)

ix{iy)+round{siz(1)/2-dx/2);
iy+round(siz(2)/4-dy/2);

tmp = im_reduced(2:dx, round(siz(2)/2-dy/2):round(siz{2)/2+dy/2)); %top middle
{m, iv] = max(max(tmp));

{m, ix] =max(tmp);

im_watershed_points (ix{iy)+1, iy+round(siz(2)/2-dyv/2)} = 1;

tmp = im_reduced(siz(l)-dx:siz(l}, round(siz(2)/2-dy/2):round(siz(2)/2+dv/2));
$Bottom middle

{m, iy] = max{(max(tmp));

[m, ix] = max(tmp);

im watershed points (ix{iv)+siz(l)-dx-1, iy+round(siz(2)/2-dv/2)) = 1;

tmp = im_reduced{round(siz(l)/4-dx/2) :round{siz(l)/4+38x/2), round({siz(2)/2~
dy) :round{siz(2)/2-1)); %top left of lung

{m, iy] = min{min{tmp));

[m, ix] min{tmp)

im_watershed points(ix(iy)+round{siz (1) /4-dx/2}, iy+round{siz(2)/2-dy)) = 1;
13(1) = ix{iy)+roundisiz(l)/4-8x/2);

13(2) = iy+round(siz(2)/2-dy);

tmp = im_reduced{round(siz(l)/4-dx/2) :round(siz{l)/4+dx/2),

round(siz (2)/2) :round(siz(2)/2+dy})); %top right of lung

[m, iv] = min{min{tmp));

[m, ix] = min{tmp);

im_watershed points(ix{iy)+round{siz(l)/4-dx/2), iy+round{siz(2)/2)) = 1;
14(1) = ix(iv)+round(siz(l)/4-dx/2);

14(2) = iy+round{siz(2)/2);

tmp = im_reduced(round{siz(l)*3/4-dx/2) :round{siz (1)*3/4+dx/2),
round(siz(2)/2) :round(siz(2)/2+1.5*dy) ) ; %bottom right of lung

{m, iyv] = min{min{tmp)};

[m, ix] = min(tmp):

im_watershed_points (ix(iy)+round{siz (1) *3/4-dx/2}, iy+round(siz(2)/2)) = 1;
15(1} = ix{iy)+round(siz(l)*3/4-dx/2);

15(2) = iy+round(siz{2)/2);

tmp = im_reduced{round(siz(1)*3/4-dx/2) :round{siz(1l)*3/4+dx/2), round(siz{2)/2~
1.5*%dy) :round{siz (2)/2-1)); %bottom left of lung

[m, iyv] = min{min{tmp)):;

[m, ix] min{tmp);

im watershed points{ix{iy)+round(siz(1)*3/4-dx/2), iy+round(siz(2)/2-1.5*dy)) =
1;

it

16(1) = ix(ivy)+round(siz(1l)*3/4-dx/2);

16(2) = iy+round{siz(2}/2-1.5*%dy);

im_watershed points(l, :) = 1; $bhox around the image
im _watershed _points{siz(l}), :) = 1;

im_watershed_points(:, 1} = 1;

im_watershed points(:, siz(2)) = 1;

%join just joins up the points that define the lungs here (used to get over each
rib)

im_watershed_points = join{im_watershed_points, 13(1), 13(2), 12(1), 12(2));
$top right to middle right lung



im _watershed_points = join{im_watershed_points, 16(1), 16(2), 12(1), 12(2));
$bottom right to middle right lung

im_watershed _points = join(im watershed points, 14(1), 14(2), 11(1), 11(2));
$top left to middle left lung

im_watershed points = join(im_watershed_points, 15(1), 15(2), 11{(1), 11(2));
$bottom left to middle left lung

pause(0.001);

im_watershed points = bwlabel (im_watershed_points); %labels each starting
point with its own colour

giz = size(im_reduced);

im_thresholded = im_thresholded{l:siz{l), 1l:siz(2});

im_watershed _points = im_watershed points(l:siz(l), 1l:siz{(2));

fprintf{'Performing watershed\n’);

im_watershed = watershedmex(im_reduced, im_watershed_points); %Keith Forbes
wrote this function, I just used it as is

pause(0.001); %$this part just chooses the results from the watershed that
represent the lungs, and converts them to a binary image
im_watershed = ((im_watershed==im_watershed_points(11(1}), 11(2})) +
(im _watershed==im watershed _points(12(1), 12(2))) +
(im_watershed==im_watershed_points (13(1), 13{(2}))) +
{im_watershed==im _watershed_points{14{(1), 14{(2))) +

+

{im_watershed==im_watershed_points(15{(1), 15(2}))
{im_watershed==im watershed_points(1l6(1), 16{(2))}));
im_watershed = scale(im watershed, 1):

threshold_value = max{max{im _thresholded))/3;
n = max{max({bwlabel (im_thresholded<=threshold_value)));
nm = 3;

fprintf (' Performing adaptive threshold\n’);

%$this section isn’'t very smart, but it works. First the threshold is worked up,
then it is worked down
while ((sum{sum{im_thresholded<=threshold _value))/{(siz{l)*siz(2)) <= 0.7}&(n >
nm) & (threshold_value<smax (max{im_thresholded)))) | (sum{sum(im_thresholded<=thresh
old value))/(siz(l)*siz(2)) <= 0.1)

threshold_value = threshold_value+l;

n = max{max{bwlabel (im_thresholded<=threshold_value))});
end

if threshold_value »>=max{max(im_thresholded));
n = 0;
while (n < nm)&{threshold_value>0)
threshold_wvalue = threshold_value-1;
n = max (max(bwlabel (im_thresholded<=threshold_value)));
end
end

threshold_wvalue = threshold _value+l;

pause (0.001);



out = {im_watershed&(im_thresholded<={threshold_wvalue)));



function out = rolling ball(in, ball_ size)

$this function returns the surface created by the rolling ball algorithm
$this is a 'closing’ using the ‘ball_size’ as the smallest element

%$this function is very slow, you have been warned!

imname = sprintf({'bal’, "%0.0f’, ’.dat’}, ball_size): %$load
the ball from a file (faster than generating each time

ball_disc = scale({load(imname), 1);

sizz = size(ball_disc);

ball _disc = ball_disc.*ball_size;

ball_size = sizz(l); $the
matrix of the ball is slightly bigger than ‘ball_size’

in = double{in);

siz = size(in);

temp_ array = zeros{siz(l)+2*ball_size, siz(2)+2*ball_size);

$temp_array is a temporary array

temp_array(ball_size:siz(l)+ball_size-1l, ball_size:siz(2)+ball_size-1l) = in;
in = temp_array:

clear temp_ array:;

$don’t need temp_array any more

temp_array? = in.*0;
$temp_array?2 is a temporary array
in_size = size(in);

last_time_check = 424242424242;
$last_time_check i1s a timer variable, put an arb number in here

tic
for v = l:iin_size(2)-ball_size+l; $this is
where the ball is fitted under the matrix (in)

for x = l:in_size(l)-ball_size+l; $b, ¢, f are

all temporary arrays

= in{x:x+ball_size-1, y:yv+ball_size-1);

b.*{ball_disc>0);

= b+ {{(b==0).* (max(max{in}))) - ball_disc:

min{min(b)):

= temp_array?(x:x+ball_size-1l, y:y+ball_size-1);
temp_array? (x:x+ball_size-l, y:y+ball_size-1l) =

£.*¥({{c+ball_disc).*(ball_disc>0))<=£) +

{c+ball_disc).* {{{c+ball_disc).* (ball_disc>0))>£f);

SN IR < 2 o 2N o3
1

end

recent_time_check = round(100* (y/(in_size(2)-ball_size+l)}):
$timer variables used to produce a running time (just so people know the program
hasn’'t hung and can go have coffee, and biscuts, and cheese cake, and bannana
muffing, and chocolate, and cocktails, and toasted cheese and tomato on white
bread, and albatros (with a twist of leming))

if recent_time_check ~= last_time_check

tm = (100-{100*{y/(in_size(2))})))*{{toc)/(100*(y/(in_size(2)~

ball_size+l))));

hr = floor(tm/3600);
mn = floor((tm-hr*3600)/60);
sc = floor(tm-hr*3600-mn*60);



fprintf('Finnish in: %dh %4dm %ds\n’, hr, mn, sc);
end
last_time_check = recent_time_check:;

end
fprintf{('\n’);

pause {0.001);
out = temp_array?(ball_size:siz(l)+ball_size-1, ball_size:siz{2)+ball_size~1);

$trimming edges of array



function ocut = wavelet()
$This program Loads in an image, and enhances detail using the wavlet transform.

$Written by Anthony Keoeslag while doing his Msc in image processing.
%26-06-2000

clear all;
close all;

tic

$Set your wavlet here.
wv = ‘symd’;

%$Set your contrast
adjustments here.

vl = [0.5, 0.8, 0.7, 0.6]; %1 wv = ‘symé’
%vl = [0.4, 0.5, 0.6, 0.75]; %2 wv = ‘syméd’
%vl = [0.95, 0.95, 0.95, 0.4]; %3 wv = ’'symd’
gvl = [0.75, 0.6, 0.5, 0.4]; %4 wv = ’‘symlé’
$vi = [1, 1, 0.5, 0.5]; %5 wv = ‘syml6’

$Load the image here,
also selecting small section and rotating image.
[im, com] = loadviff2{’'pic3.dbr’);
im = rot90(scale(im(500:1100, 700:1300), 65535)});

figure(l);
imshow(scale({im, 1), ’'notruesize’);
pause{0.001);

%this is how the image
is brocken down into its wavlet components.
[cal,chl,cvl,cdl] = dwt2({im, wv};
[caZ,ch2,cv2,cd2] = dwt2 (cal, wv);
[ca3,ch3,cv3,cd3] dwt2 (ca2, wv);
[cad,chd,cvd,cdd] dwt2 (cal, wv);

%$aply the contrast
adjustment and the invers wavlet transform
cadb=cad.*v1{4);
caldb = idwt2 {cadb, ché, cv4, cdd, wv);

gsizz = size(cal);
SWET PAINT! The 'Ca3b’
is no long the same size as ‘Ca’. This might not be the best solution.
cal3b = caldb(l:sizz(l), l:sizz({2});
caldb=caldb.*v1{3});
cazZb = idwt2 (calb, ch3, cov3, cd3, wv):

sizz gsize{ca2):;

cab ca2b(l:sizz{l), l:sizz(2)}});
ca2b=ca2b. *v1{(2);

calb = idwt2 (calb, ch2, cov2, cd2, wv);

sizz sizel{cal);
calb calb({l:sizz{(l), l:sizz(2));
calb=calb.*vl1(1);

i



im2 = idwt2(calb, chl, cvl, cdl.*0, wv);

figure(2);
imshow{scale(im2, 1), ‘notruesize’);

toc



function out = TB_search()

% Use: "mcc -m -B sgl TB_search" to compile this
tic;

log_name = (setstr{lcd, ’\log.txt’]}};

log_fid = fopen(log name, ‘w’);
fprintf(log_fid,

l**********1\'**'k*'k'k**'k'k*************************************************%Sl R {13’
101);

fprintf(log_fid, 'LOG CREATED: $d~-%d-%d $4:%d:%£%s’, clock, [13, 10, 13,
1013

feclose(log_£fid);

fprintf( '\n*********************************************************************
*\n'});

fprintf{’'* TB_search.exe was written for AMI by Anthony Koesalg 2002

*\n');

fprintf(’* This program will load all files with extensions .dbr and .raw,
*\n');

fprintf{’'* process them and save tham as .tif files

*\n'};

fprintf( ’***********1\'**********************************************************\

n\n’}j;

template_size = 9; %can be any number from 3 to 18. would not recogmend 3, 8
seems to work the best.

block_size = 100; %always prossessing 300x300 blocks, This is the step size.
threshold = get_thresholds3;

threshold = threshold(template_size);

list = dir; %Start of getting the path to lock in

files = size{list);
files = files(1l});
£ = 0;

new_dir = ‘\images’:

dir_file = 'TB_search.ini’;
dir_file_length = size(dir_file);
dir_file_length = dir_file_ length(2);

for 1 = 3:files,
name = list(l).name;
letters = size(name);
letters = letters(2};
if letters == dir_file_length;

if {(sum({name == dir_file)==dir file_length)&(list(l).isdir==0),
£ =f + 1;
end
end
end
if £ == 0,



s1z2 = size(new_dir);

siz = size{dir_path);
dir_path(siz(2}+1l:81z(2)+812z2(2)) = new_dir;
dir_path = char(dir_path);

gsave{dir_file, ’'dir_path’};

$Funny thing to make the file a REAL ascii text file (actualy is another way
round this, but its already done, so...}

fid = fopen(dir_file, 'w'});
fwrite(fid, dir path, ’‘char’};
fcloge(£id);

dos_com = sgprintf(['md /', new dir(2:81z2(2)})1);
dos (dos_com) ;

fprintf(’'- <%s> was not found.\n’, dir_file)};

fprintf(’'- This file contains the directry in which to search for images to
\n- process.\n\n’'};

fprintf ('~ <%s> was created\n’, dir_£file};

fprintf (‘- <%s> set as the default directory.\n’, dir_path);

fprintf{(’'- You can edit the directory in the <%s> file\n\n', dir_file};

log_£fid = fopen(log_name, ‘a+’};

fprintf (log_fid, '~ <%s> was not found.%s’, dir_file, [13, 101}:

forintf{log_fid, ‘- This file contains the directry in which to search for
images to %s- process.%s‘, [13, 10}, [13, 10, 13, 101);

fprintf(log_f£fid, '~ <%s> was created$s’, dir_file, [13, 101});

fprintf(log_fid, '~ <%s> set as the default directory%s’, dir_path, [13,

101}

fprintf (log_fid, ‘- You can edit the directory in the <%s> file%s’,
dir_file, [13, 10, 13, 10}};

feclose(log fid};
end

$finding what path to read the images from

fid = fopen(dir_£file, ‘xr’'}:

name = dir{dir_£ile};

dir_path = fread(fid, [name.bytes, 1], ‘char’'};
dir path = setstr{dir_path’};

original_path = cd;

fclose{fid);

cd{dir_path);

list = dir; %Start of getting all image files
list2.name = (;
list2.date = 0;
list2.bytes = 0;

list2.isdir = 0;
files = size(list);
files = files(1l);

£f = 0;

for 1 = 3:files,
name = list(l).name;



letters = size(name);
letters = letters(2);
1f letters »= 4;

if {{sum{name(letters-3:letters)=='.raw’')==4)| (sum(name (letters-
3:letters)==' . Raw’)==4)| (sum(name (letters-
3:letters)=='.RAW')==4))&(list (1) .isdir==0),
£ff = 0;

nametiff = name(l:letters-3);
nametiff = gprintf([nametiff, 'tif’']);
ff = ffind(nametiff, list);
if ££f ==
£E= £ + 1;
list2(f) .name = list(l) .name;
list2(f).date = list(l).date;
ligt2(f) .bytes = list(l).bvtes;
list2(f).isdir = list(l).isdir;
else
fprintf(’'- <%s> already existe, skipping <%s>\n’, nametiff,
name) ;
log_fid = fopen{log_name, ‘a+’'});
fprintf({log fid, ’'- <%s> already exists, skipping <%s>%s’,
nametiff, name, [13, 10]);
feclose(log _£id);

end
end
if ((sum{name(letters-3:letters)=='.dbr’)==4)]| (sum(name{letters-
3:letters)==’/.Dbr’)==4)| (sum(name (letters-
3:letters)==’.DBR’)==4))&{list (1} .isdir==0},
£ = 0;

nametiff = name(l:letters-3);
nametiff = sprintf([nametiff, ‘tif’]};
£f = £find(nametiff, list);

if £f ==
£f=£f + 1;
list2(f).name = list(l).name;
list2(f).date = list(l).date;
list2(f) .bytes = list(l).bytes;
list2(f).isdir = list(l).isdir;
else
fprintf (‘- <%2> already exists, skipping <%s>\n‘, nametiff,

name) ;

log_£fid = fopen({log_name, ‘a+’);

fprintf{log_f£fid, - <%s> already exists, skipping <%s>%s’,
nametiff, name, [13, 101);

felose(log f£id);

end
end
end
end
files = £;
£f = 0;

if (files>0)&(sum(list2(l) .name==0)~=1)&(sum{list2 (1) .name~=0)}~=0),
for 1 = 1:£files,



out = 0;

name = list2(l).name;
letters = gize(name);
letters = letters(2):
if letters >= 4;

if ({(sum(name(letters-3:letters)=='.raw’)==4)| (sum(name{letters-
3:letters)=='.Raw’)==4) | (sum{name {lettexrs-
3:letters)=='.RAW’" )==4))&(1ist2(1).isdixr==0),
£f=£+1;
fprintf (‘' loading $s $a %$6.3f MB\n’, name, list2(l).date,

{(list2(1l) .bytes)/1000000);

log_f£fid = fopen{log_name, ‘a+’):;

fprintf({log_£fid, ‘loading %5 %s %$6.3f MB%s’, name,
1ist2(1l) .date, (list2(l).bvtes)/1000000, [13, 101);

fclosel(log _£id);

im = loadraw? (name) ;

out = 1;
end
if ((sum(name(letters-3:letters)=='.dbr’)==4)| (sum(name(letters-
3:letters)=='.Dbr')==4) | (sun(name (letters-
3:letters)==' . DBR’)==4))&{1list2(l) .isdir==0),
£f=f + 1;
fprintf (‘loading %3 %= %$6.3f MB\n', name, list2(l).date,

{1ist2(1l) .bytes) /1000000);

log_fid = fopen(log_name, ‘a+’');

fprintf(log_fid, ‘'loading %s %s %6.3f MB%s’, name,
list2(l).date, (list2(1l).bytes)/1000000, [13, 10]);

fclose{log £id);

im = loadviff2 (name);

out = 1;

end

$Processing files here

if out == 1,
im = template_match(log_name, im, template_size, threshold,
block_size, name, £, files);
end

$Finnish procesgsing files here
if out == 1,

name = name(l:letters-3);
name = sprintf{[name, ‘'tif’']);

fprintf {'saving $s', name);
log_fid = fopen{log_name, ‘a+');
fprintf (log _f£fid, 'saving %$s’, name);

fclose({log_£id);
imwrite (uint8(scale(im, 256)), name, 'tif’);
list3 = dir;

files3 = sgize(list3);
files3 = files3(1);
for £3 = 3:files3,
sz = gize(name);
sz = 8z(2);

gz2 = gize{list3(£3).name);



sz22 = 822(2);

if 822 == sz,
if sum{name == list3(£3).name)==s52
fprintf {’ %s $6.3f MB\n\n’, list3(£3).date,

{list3(£3) .bytes)/1000000);
log fid = fopen({log_name, ‘a+’);
fprintf{log_£id, - %s %6.3f MB%s’,
list3(£3).date, {list3(£f3).bytes) /1000000, [13, 10, 13, 101);
folose(log_f£id);

end
end
end
end
end
end
end
t = toc;
tl = flooxr({t/3600);
t2 = floor((t-t1*3600)/60);
£3 = (t-t2*%60-t1*3600);
if f==1,

fprintf {'Finished processing %d file. Time elapsed %1.0fh %1.0fm %1.1fs \n’,
£, tl, t2, t3);

log_f£id = fopen{log_name, ‘a+'};

fprintf({log _£fid, ‘'Finished processing %4 file. Time elapsed %1.0fh %1.0fm
%1.1fs %s°, £, til, t2, t3, [13, 10});

fclose{log_£fid);
end
if £=1,

fprintf (' Finished processing %4 files. Time elapsed %1.0fh %1.0fm %1.1fs
\n', £, tl, t2, t£3);

log £fid = fopen(log_name, ‘a+’);

fprintf(log_£fid, ‘Finished processing %d files. Time elapsed %1.0fh %1.0fm
%1.1fs %8, £, tl, t2, €3, [13, 10}1):

fclose(log_£id);

end
if £ == 0
fprintf{'- No files with the extensions .dbr or .raw were found.\n'});
log_fid = fopen({log_name, ‘a+’');
fprintf{log_£fid, '- No files with the extensions .dbr or .raw were found.$%$s’,
{13, 101);
folose(log_£id);
end

log_fid = fopen{log_name, ‘a+’}:
fprintf{log_fid, ‘- SESSION FINNISHED%s‘, [13, 10, 13, 10, 13, 10, 13, 10}}):
feclose{log £id);

cd{original_path);
out = £;

fclose(’all’);
pause;






function out = template match(log pame, im, template_size, threshold,
block_size, name, £, £2);

out = 0;
dsc parab_disc2(250, template_size};

dsc = dsc - mean(mean(dsc));
siz = size(im);
blk = 300; fmust always be 300 for the current thresholds!

blk pad = 50+template_size;

dx
dy

floor((siz (1)~ (2*blk_pad)}/block_size); %creating blocks to process
floor({siz (2)~-(2*blk_pad))/block_size);

while (blk_pad+dy*block_gize+blk+blk_pad)>siz(2),
dy = dy - 1;
end

while (blk_pad+dx*block_size+blk+blk_pad)>siz(l),

dx = dx - 1;
end
pd = 1;
message = sprintf({{’'processing ', name, ' in progress. %0.0f of %0.0f files.
£, £2);

if ((£-1) »= 1)&(£f~=£2)
t = Loc;
tt = (v/{(£-1))*(£2~-£-1);

ttl = floor(te/3600);

tt2 = floor((tt - tt1*3600)/60);

tt3 = tt - ttl*3600 - tt2 *60;

message = sprintf({|'processing ‘', name, ’ in progress. %0.0f of %0.0f files.
ETA: %0.0fh %0.0fm %0.0fs], £, £2, ttl, tt2, ttd);

end

sizm = size(message);
sizm sizm(2);

out = scalel(im, 1);

for v = 1l:dy,
for x = l:dx,
pol = im{(x~1)*block_size+l: (x~1)*block_size+blk _pad*2+blk, (y-
1)*block_size+l: (yv-1)*block_size+blk_pad*2+blk);: %Part Of Image

$correlate here;

siz_p = size(poi}:

siz_d = sizel(dsc);

dsc2 = corr2d(dsc, dsc);
scl = max(max(dsc2));

poi2 = abs(corrZd(scale{poi, 1)}, dsc})});
poi2(l:siz_d(1)*2, l:siz_d(2)*2};
poi2 = poi2(siz d(l)*2+1l:siz p(l), siz_d(2)*2+1l:siz_p(2))./scl;



poi_mean = mean{mean{poi2)):;
poi = scale(poi, 1);

$finnish correlate here;

dxy = sizel(poi);

dxy(l) = floor((dxy(l)-block_size)/2):;
dev(2) = floor{{dxy(2)-block_size)/2);

1f poi_mean >= threshold,

x1l = floor{(siz_p(l)-block_size)/2)+(block_size}* (x-1)+1;
x2 = floor{(siz_p(l)-block_size)/2)+(block_size)*(x);
vl = floor{(siz_p(2)-block_size)/2)+(block_size)*(y-1)+1;
v2 = floor{{siz_p(2)-block_size)/2)+(block_size)*(y);

out {x1l:x2, vl:y2) = out(xl:x2, yl:v2) + 1;
end

while ((100*({y-1)*dx+x)/ (dx*dy))>={100*pd/sizm))&(pd<=sizm},
if (message({pd)=='\')&(message(pd+l)==‘n'},
fprintf{’'\n’};
log_£fid = fopen(log_name, ‘a+’});
fprintf{log_£fid, *%s’, [13, 10]1);
fclose(log _£id);
pd = pd+2;
else
fporintf{’'%s’, nessage(pd));
log_fid = fopen{log_name, ‘a+’});
fprintf(log _£fid, '%s’', message(pd)):
fclose(log £id);
pd = pd+l;
end
end
end
end

log fid = fopen{log_name, ‘a+’'};
fprintf(log_£id, ‘%s’, [13, 101):
fclose(log_£id);

fprintf(‘\n’};

out = toc;
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