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Abstract

Stroke is one of the leading causes of death and disabilithernworld. Early detection of Stroke
(both hemorrhagic and ischemic) is very important as it cesuee up to full recovery. Timely detection
of stroke, especially ischemic stroke is difficult as thenges in abnormal tissue only become visible
after the damage has already been done. The detection isrewendifficult on CT scan compared to
other imaging modalities but the dependence of a largeidracif population on CT, makes the need
to find a solution to the problem even more imperative. Thoilnghdetection accuracy of radiologists
for early stroke depends on various factors like experigacailable technology, etc., earlier estimates
put the accuracy around 10% [45]. Even with considerablascement in CT technology the perfor-
mance has still only increased to around 70% or thereab@lifjs Any kind of assistance to radiologists
which can improve their detection accuracy would therefmeanuch appreciated. This thesis presents
a framework for automatic detection and classification ffledént types of stroke. We characterize
stroke as a distortion in the otherwise contralaterallyilsindistribution of brain tissue. Classification
depends on the severity of the distortion with hemorrhagkecainonic infarcts exhibiting the maximum
distortion and hyperacute stroke showing the minimum. Téteation work on hemorrhagic stroke and
early ischemic stroke has clinical value whereas the worlatar stages of ischemic stroke has mainly
academic use. The automatic detection approach was testadlataset containing 19 normal (291
slices) and 23 abnormal (181 slices) datasets. The algori@ive a high recall rate for hemorrhage
(80%), chronic (95%), acute (91.80%) and hyperacute (82)22roke at slice level. The correspond-
ing precision figures were 93.3%, 90.47%, 87.5% and 69.8Xjerdively. The performance of the
system in a normal vs. stroke-affected scenario was 83.9%%igon and 86.74% recall. The lower
precision value in case of hyperacute scans is becausegefamber of normal slices with slight dis-
turbances in contra-lateral symmetry being identified mxketcases. We also present a novel approach
for enhancement of early ischemic stroke regions using @vataptive window parameters, to aid the
radiologists in the manual detection of early ischemick&roThe enhancement approach increased
the average accuracy of radiologists in clinical condiidrom around 71% to around 90% (p=0.02,
two tailed student’s t test) with the inexperienced radigdts benefitting more from the enhancement.
The average reviewing time of the scans was also reduceddbmmut 9 to 6 seconds per slice. Out of
the two approaches, automatic detection and enhancereseattsrshow the enhancement process to be
more promising.
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Chapter 1

Introduction

Stroke (formerly cerebrovascular accident, CVA) is a legdiause of death and disability in the
world. According to the World Health Organization, 15 naiti people suffer from stroke, of these 5
million die and another 5 million are permanently disabl€de emergence of various medical imaging
technologies like Computed Tomography (CT), Magnetic Rasce Imaging (MRI), Positron Emission
Tomography (PET), etc., have contributed positively talsavisualization and diagnosis of various
complications of brain. These modalities have also begyebaresponsible for opening new avenues
of research for improving the efficiency of radiologistsaiigh automated analysis.

Stroke is characterized by a disturbance in blood flow to taénkresulting either in ischemic or
hemorrhagic stroke. Hemorrhage occurs due to burstingoaidoVessel in the brain whereas ischemic
stroke is the result of a blockage in the blood vessel whibiibits the blood supply to brain. Though
both being fatal in nature, complete recovery can be actievéir number of patients suffering from
hemorrhage whereas the chances of complete recovery aiglembly less in case of ischemic stroke.
In fact, the recovery from ischemic stroke depends on thangrof treatment which can only be per-
formed within the first few hours [0-4 hrs.] from the onseteTdolden rule of ischemic stroke is "Time
is Brain” since with the passage of each second of time, mudevzore brain tissues suffer irreversible
damage. When compared to normal brain aging, each hour iifaiatl stroke ages a brain by about 3.6
years [36]. This makes the early detection of both hemoichaigd ischemic stroke of utmost clinical
importance.

The rest of the chapter will shed further light on the naturerain, stroke and the various modalities
used to image the brain. This will be followed by the summdrthesis contribution and the structure
of the rest of the thesis.



1.1 Medical Background

1.1.1 Human Brain

The human brain is the center of the central nervous systehsaresponsible for regulating the
body’s actions and reactions. The brain is enclosed in & @kall and suspended in a clear bodily
liquid called cerebrospinal fluid (CSF) which acts as a bufbe the brain in case of sudden jolts. CSF
is mostly made up of white blood cells, enzymes and glucodee [rain can be described as being
consisting of two major types of tissues, the gray matterahide matter. The gray matter tissues
consist of neuronal cells, glial cells and capillaries aatigrm most of the brain functions. The white
matter mainly consists of bundles of myelinated axons andects the various gray matter areas of the
brain. Figure. 1.1 shows the distribution of gray and whiggter tissues in an axial cerebrum slice.

White matter

-~ Gray matter

Figure 1.1 Axial view of gray and white matter [38]

1.1.2 Brain Stroke

Being the control center of the human body, brain requiresgel chunk of body resources in order
to carry out its vital functions. Around 20 % oxygen and blsagply is used by the brain alone and
any disturbance in supply of these resources can lead tolmatigns, which in many cases can prove
fatal. Stroke is one such complication which can occur irféine of ischemic and hemorrhagic stroke.
Around 80% stroke are ischemic in nature. Ischemic strokdwather divided intchyperacute, acute
and chronicinfarction based on the time passed since the onset of symsptath hyperacute being the
earliest stage and chronic being the latter stage at whiait pwost of time most of the tissues have
undergone irreparable damage. Figure. 1.2 shows the anueaof various types of stroke and normal
brain tissues as seen on a CT scan. The diagnostic stratégsehiemic and hemorrhagic stroke differ
in principle and often the treatment of one may prove fataltfie@ other. Hemorrhagic stroke often
requires addition of coagulating agents in the blood in otdestop blood flow through the damaged
artery where as ischemic infarct requires addition of bldodning agents to increase the blood flow
through the blocked artery. Hence correct identificatiostaske type is necessary in order to proceed



with the appropriate diagnosis and an automated strokéifidation system could prove really helpful
to the radiologists. Also, the main treatment for ischentioke requires the use of intravenous (1V)
recombinant tissue plasminogen activator (t-PA), whiohiven in the early hours results in improved
outcome. The t-PA is not a benign drug and increases the fiblernorrhage by 10 times; hence it
is only administered in cases where a substantial amourdgcaivery is possible. In Ischemic stroke
cases, the amount of salvageable tissue becomes negljgiltherespect to the risk offered by t-PA)
after 4-6 hrs. from the onset of symptoms which makes thectieteof early infarct of utmost clinical
importance.

(&) Hemorrhage (lefb) Chronic (right(c) Acute (left top (d) Hyperacute (e) Normal
center) center) half)

Figure 1.2 Representation of various types of stroke and normal brain

1.1.3 Imaging the Brain

Hosts of imaging technologies have been invented in orderoteinvasively produce images of
the internal organs of the body usually through alteringghgsical and chemical environment of the
concerned body part. Some of the most widely used imaginght#ogies are Computed Tomography
(CT), Magnetic Resonance Imaging (MRI), Positron Emisdiomography (PET) and Single-Photon
Emission Computed Tomography (SPECT) (Figure. 1.3). CTMRd provide physical imaging of
the brain whereas PET and SPECT offer a way for imaging theiplogical and functional aspects of
brain. Out of these, CT and MRI are mostly used in the ideatifinn of Stroke and are discussed in
more detail in the following sections.

(@) CT (b) MRI (c) PET (d) SPECT

Figure 1.3Representation of brain under various modalities



White matter

Gray matter

(a) Gray white matter on Atlas [38] (b) Gray white matter on CT

Figure 1.4 Tissue definition on CT

MRI makes use of Nuclear Magnetic Resonance (NMR) propertgrovide a detailed image of
the internal organs of the brain. The technique requires dligning the magnetization of the water
molecules in the body using a powerful magnet followed bydiséurbance of their alignment using a
radio-frequency (RF) wave. After this the RF wave is turnéidand the water molecules then slowly
begin to move towards their initial alignment. During thésalignment, the water molecules release
their excess energy in the form of a sighal which is then @by a scanner and transformed into an
image. As seen from figure (Figure. 1.3(b)), MRI provides iy \etailed image having good contrast
between various types of tissues. MRI in form of Diffusioniyged Imaging (DWI) is highly sensitive
to stroke lesions and can be used to detect ischemic infatasvery early stage whereas the same
cannot be said of CT images. Also unlike most other modajitdRI does not require any ionizing
radiation.

In CT, a series of x-rays are shot through the target regitves@& x-rays on passing through tissues
get attenuated based on the characteristics on the tid3aase materials like bone exhibit larger atten-
uation compared to soft tissue like gray matter. These wdtex rays represent the projection profile
of the tissues in their path and are caught by the x-ray detepbsitioned around the circumference of
the scanner. The above projection profile is taken from varingles and then mathematically com-
bined to get attenuation profile of the target tissue. Thenatition profile of the tissues is measured in
Hounsfield (H.U.) units. Table. 1.1 shows the attenuatidnesof common substances found in human
body. In CT scans, higher H.U. corresponds to higher intgasid thus bony structures (1000 H.U.)
appear brighter than tissues (20-35 H.U.).

Figure. 1.5 shows a complete CT scan of a normal brain. Thg bwoctures appear brightest as
they offer maximum attenuation. White matter offers reklfi lesser attenuation compared to gray
matter and thus appears brighter. Any abnormal changesichfmical or physical nature of brain
cause a change in the attenuation profile and thus can be se¢ke 6T scan. These abnormal changes
are sometimes difficult to evaluate as CT offers very posugsdefinition. The problem is accentuated
by the presence of noise and other imaging artifacts likégbaolume effect, beam hardening, motion



Air | <-1000
Fat| -70to -30
Water | O
White Matter| 20-25
Gray Matter| 30-35
Blood | 60-100
Bone, Metal| >1000

Table 1.1Hounsfield scale

artifact, etc. Poor tissue differentiation can be easigns@ Figure. 1.4 which shows the appearance
of tissues on CT compared to their actual model. We can sédhthanajor areas of gray/ white mat-
ter tissues can be identified though detecting the exactdaoias is very difficult. The CT produces
scans with very high dynamic range (16-bit images) and mestubjected to linear intensity scaling
techniques in order to see them on standard display moifitbfs[1]. This intensity scaling process is
known aswindowingand explained in greater detail in chapter 4.

1.1.4 Stroke in Brain CT

Hemorrhagic stroke is characterized by hyperdense tissud$hus appear brighter than the normal
tissues in CT scans (Figure. 1.2). The hyperdensity is duieet@resence of hemoglobin in the blood
which has higher attenuation than normal brain tissues. atteauation of the affected tissues change
with passage of time as the chemical composition of the bldwhges due to the formation of clot
and tissue death. This change in attenuation is linear wipect to time, beginning with hyperdense
tissues (due to blood hemorrhage) and ending as hypodaessegiwith attenuation resembling that of
cerebrospinal fluid. Ischemic infarct is characterized fyddense tissues and appears darker than the
normal tissues. The hypodensity however is too subtle iednly stages and the affected tissues exhibit
properties similar to other hypodense normal tissues namglite matter. During the early stage of
ischemic stroke, the reduction in blood supply to the affd¢issue region leads to increased absorption
of water and electrolytes by the affected region. The irsgea water density decreases the attenuation
of the affected tissue and this makes them appear darkentitamal tissue. In the first 0-4 hrs., around
2-4% increase in water content occurs, causing the hypiageasfsaffected tissues to decrease in the
range~[2 - 8] H.U. Under standard window settings, this usuallydeto a change of1-2 gray shade
value in the affected regions on standard display moniftinese changes are so subtle and when paired
with the noise and other artifacts that appear on CT scanbea&asily missed by the human eye. The
visual change (dark appearance) increases apprecialfig later stages of stroke with passage of time
(Figure. 1.2).



Figure 1.5A volume CT scan of a normal brain



(@) CT (b) MR DWI

Figure 1.6 Appearance of early infarct on CT and MR

1.2 Why Unenhanced CT

Both CT and MRI are used extensively in the diagnosis of 8rdkRI presents a better definition
of stroke region especially in acute cases and as a resulhuoh effort has been directed towards
CT images (Figure. 1.6). However, the ground reality is &timaging is relatively quick, provides
better spatial resolution and is more widely available thM#R scanners in developing countries. In
such countries, even when both scanners are available, &gingnis the frontline modality used due
to the cost differential in MR vs. CT imaging. Besides thesganfactors, other minor factor favoring
the use of CT include the ability to also screen patients wkackustrophobic or have been inserted
with surgical clips, metallic devices, cardiac monitorpacemakers etc. Moreover, doctors around the
world still perform CT as the first examination. This can beilawted to the fact that CT provides a
better way of excluding conditions other than ischemick&nahich present similar symptoms but may
require different treatment e.g. hemorrhages, infectisascular malformations, etc. If the CT provides
inconclusive evidence of ischemic stroke, further MR inmgge carried out in case it is available. Thus,
until the availability and cost factors of the newer imagingdalities are improved, it is necessary to
utilize the state of art research in imaging analysis in otdenaximize the efficiency of radiologists
for ischemic stroke detection from CT scans.

1.3 Earliest Visible Signs of Acute Infarct

In order to increase the detection accuracy of ischemiedhthuring the first 0-4 hours, a lot of work
was done to document the earliest visible changes on CT .sdrese changes include loss of gray
matter-white matter differentiation owing to decreaseabtlflow, ex. hypoattenuation of insula, basal
ganglia, etc. (Figure. 1.7). The presence of hyperatt@myattery possibly due to arterial thrombus is
another sign of ischemic presence which can be seen as e&W/rainutes from the onset of symptoms
[42], [41]. Unfortunately, even in normal cases, some ofdheries can appear hyperattenuating and
thus the interpretation of this sign must be done carefulllight of other signs of ischemic infarct.
In some cases, edema related abnormalities like narrowittgecsylvian fissure, loss of cortical sulci
can appear with the onset of ischemic stroke. Although tkiges are among the first to appear, their
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(@) Obscuration of (b) Insular ribbon sign (c) Hyperdense vessel
lentiform nucleus sign

Figure 1.7 Various signs of early infarct [5], [40]

presence at the time of scan cannot be guaranteed. Neesghébese signs provide the only way of
detecting hyperacute infarct during the "therapeutic wimtiwhile also correlating with stroke severity.
Moreover, experience plays an important role in identifyihese signs due to their subtle nature [32].
Fiebach et al. [12] pointed out the importance of experidncdemonstrating a significant difference
in the performance of radiologists (more experienced) autalogists (less experienced) in the case of
CT interpretation as compared to MRI interpretation (whstlows clear signs of early infarct). Their
results supported the hypothesis that the ability to deiglotie signs of hyperacute infarct is dependent
on the experience of the interpreter.

As mentioned earlier, the intensity change shown by the @hgpodense changes are of the order
~ [2 - 8] H.U., which under the standard soft copy viewing cdiodis [width 80 H.U., level 20 H.U.]
represent a change of 1-2 gray scale levels. In order to aaterthese subtle signs, radiologists view
the CT scan under non-standard window settings. The praoesiyes viewing the concerned scan
under a number of different window level settings at a reduwgindow width [~ 15 H.U]. The reduced
window width increases the contrast between gray/ whitdenéissues and enhances the subtleties
of the ischemic signs. The increased contrast is accomgbdnyientroduction of noise, artifacts, loss
of tissue details, etc. and any decision-making requiresfulathought. In spite of the enhancement
achieved by reduced window width, some signs can be seeruadlr certain window level and while
manually cycling through the different levels, the signg/rha missed. The manual windowing process
resembles a hit and trial procedure where initial training experience of radiologists go a long way
in determining the efficiency of its outcome.

Although the introduction of non-standard window settihgse increased the detection accuracy of
acute stroke from CT scans, it still fall short of the accyrachieved by MR. This makes it necessary
to devise automated CT analysis methods to accentuate ftirenation available to the radiologists
through automatic detection, enhancement, etc. Autordatiction of ischemic infarct is usually mod-
eled on identification of one or more of the above mentiongdssildentification of region specific signs
like hypoattenuation of insula, basal ganglia, etc., nesguautomatic identification of those particular
regions through some sort of brain template / atlas mappimgstruction of which brings its own set of
challenges.
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Figure 1.8 Automatic stroke detection framework

1.4 Problem Statement and Contribution

The aim of the thesis is the detection of stroke from brain €ans during all stages of pathology,
i.e. from the earliest possible stage (hyperacute) to tiee (ehronic) stages of infarction.

The thesis explores the stroke detection problem from tiferdnt point of views. The first track
proposes a novel automatic stroke detection frameworkdbas¢he characteristics of the abnormal tis-
sue which presents the segmented stroke region to theogdibl The second track aims at determining
the best possible window-settings for a CT scan such thgi¢heeptual difference between the normal
and stroke-affected tissue is maximum. This makes it e&sighe radiologists to manually locate the
hyperacute infarct regions which can be missed by the adiouhetection proposed in track 1. We will
now explain the tracks in detalil.

1.4.1 Track1l

The automatic detection algorithm uses the contral-lasgrametry of the tissue distribution in brain
to distinguish the stroke-affected tissues from the nownak. The abnormality is modeled as a generic
aberration in the otherwise contra-laterally similar idlisttion of gray/ white matter in the brain which
enables us to identify early stroke signs without the usetlaba Perfectly symmetrical strokes are a
rarity and thus symmetry can be used as a powerful tool fateitsction. The proposed algorithm uses a
hierarchical scheme for stage-wise detection of strokesgym the basis of the loss in symmetry which
characterizes each stroke type. Hemorrhage and Chromicinesult in maximum symmetry loss and
thus are extracted at first stage while the hyperacute infastlts in minimum symmetry loss and is
extracted last. Figure. 1.8 shows the outline of the prop@semework.

Symmetry based detection of stroke requires a robust estimaf the mid-sagittal plane to divide
the brain into left and right hemispheres. Our frameworkides a novel symmetry plane identification
method based on the physical features of skull. The methotigh more robust than other prevalent
methods which use the symmetrical distribution of braiauésto locate the mid-sagittal plane. These



methods perform well in case of normal brain but fail in caghere abnormality affects the symmetrical
distribution of brain tissues.

1.4.2 Track 2

This track aims at increasing the efficiency of radiologistsletecting hyperacute infarct from CT
scans by automatically finding the best possible windownggstfor viewing the particular CT scan.
The auto-windowing of the CT scans is achieved through twfergint set of tissue properties namely,
global (region-based) and local (pixel-based). The globathod requires identification of candidate
regions for presence of infarct and then the window paramete determined based on the intensity
characteristics of these regions. The second windowingoagh, based on local tissue properties, is
proposed as the region based method only enhanced thosevatiah it deemed abnormal. The result
was that in scans where the approach missed the infarctcéims svere presented to the radiologists in
unenhanced state, making them difficult to assess. Thedpgabach removed this decision making on
behalf of the algorithm and instead determined window patams which maximized the disturbance
in the tissue distribution of entire brain rather than fronfydhe candidate infarct regions. It made sure
that even in cases where the global method missed the infactocal approach would present the
enhanced CT scan to the radiologist.

The detection of latter stages of infarct namely, acute dmdric, have more of a academic value
for teaching radiologists where as hemorrhage and hyperacfarct detection has more of a clinical
value and can be used by radiologists during day to day elisicenarios as shown by the experiments
carried out in the later chapters. The next section wouldriless the layout of this thesis.

1.5 Thesis Structure

The structure of the thesis aims to present a stroke ideattdit, detection and enhancement frame-
work. The thesis is organized as follow:

e Chapter 1: The Chapter deals with the introduction, objectives andrdmrtion of the thesis.

e Chapter 2 : It gives a general background on the approaches alreadpsedfy researchers on
detection as well enhancement of different types of stroke.

e Chapter 3 : The chapter describes the automatic detection and ideniific framework. The
dataset, validation methodology as well as the results r@septed and discussed.

e Chapter 4 : The chapter presents two different approaches to find thepessible window
parameters for manual detection of hyperacute infarct. rAgarative analysis of the two methods
is also discussed in the chapter.

10



e Chapter 5 : The final chapter deals with the discussion of the framewaitk vespect to the
results and presents a conclusion.

11



Chapter 2

Related Work

Stroke analysis is one of the most researched topics in Meltitaging. A host of methods, both
automatic and semi-automatic have been developed fortagteenhancement, segmentation etc. This
chapter provides a summary of the research work done until hoview of the methods presented in
this thesis, which attack a number of problems, the liteeasuirvey has also been organized in a similar
way. We will start our discussion from hemorrhage before imgpwn to ischemic stroke detection and
finally ending the chapter with a summary of the methods d@eal for the contrast enhancement of
the hyperacute infarct.

2.1 Hemorrhage Detection

Hemorrhage detection on CT has been a hotly researchednidpie field of medical image analysis
in recent times. This can be attributed to fact that CT presithe best possible distinction between the
normal and the affected tissue. The research was also egamlidue to the societal ramifications of
hemorrhage whose patients tended to be typically 10 yeansggy than those of ischemic stroke. The
approach in [8] exploits the fact that the hemorrhagic Bssare brighter than the normal tissues and
initially uses a histogram-based k-means clustering \igdhb by final segmentation using 3D morpho-
logical binary dilation of the initial clusters. The methal$o provides information about the growth of
abnormal tissue by utilizing three sets of CT scan: withinr® hafter first symptoms, 1 hr. later, and
within 20 hrs. after first symptoms. Majcenic et al. in [25bposed an MRF-MAP based approach
for segmentation of abnormal regions. In this method, tiggnemtation problem is treated as a pixel
labeling problem and the optimal configuration is found @ratively minimizing the energy of the
configuration using an energy function. The method assuheeadrmal and abnormal tissues to be
belonging to two different modes of histogram. Knowledgedshapproaches have been proposed in
[6] and [4]. An unsupervised fuzzy clustering and expertaysbased labeling of pixels is performed
in the former while thresholding and morphological openasi are done to segment candidate regions
in the latter. The hemorrhagic candidates are then subjécta knowledge based classification system
that makes use of various image and anatomical featurepanate the artifacts from the detected hem-

12



orrhagic candidates. A more comprehensive review of otlethaas for hemorrhage analysis can be
found in [31].

Most of the research though, has been encouraged from thiegb@iew of diagnosis of hemorrhage;
as a result the work focuses more on accurate segmentatioroame quantification of affected tissue.
Even though the current approaches may be modified to ingtmgsions for automatic detection of
hemorrhage affected scans, the area has not got much segtigtention. The detection process forms
a key part of an automated ischemic stroke framework as dtdy the exclusion of hemorrhagic cases
can the stroke treatment be made available to the patierise Mcently, wavelet-based texture analysis
has been used to first eradicate all the nasal cavity slidiesvied by intensity based thresholding [24]
to detect the stroke-affected slices. Li et al. [23] proplos&nowledge based classification approach for
obtaining the hemorrhagic regions from the non-brain #ssubtained from fuzzy C-means clustering
followed by entropy based thresholding. All these appreagberform appreciably mainly because of
the contrast between the appearance of hemorrhagic andihiissues. The main reason for proposing
a fresh approach for detection of hemorrhage was to devael@pproach which would fit seamlessly
with overall ischemic stroke detection framework and fatlisnore on the presence of hemorrhagic
tissues than on identifying or segmenting them.

2.2 Ischemic Stroke

Research on detection of ischemic stroke from CT scan waasiencouraging as that of hemor-
rhage. This can be attributed to a number of factors like pissue contrast provided by CT, noise
and other imaging artifacts. Moreover the research avewees further blocked due to the arrival of
newer imaging technologies likes MRI which presented d&nepotential in detection of early infarct.
Maldjian et al. [26] proposed an atlas based acute infargtction method. The brain atlas was used
to first segment out the anatomical regions namely, rightlafidentiform nucleus (globus pallidus
plus putamen), internal capsule, and insula. These regvens then compared statistically with their
contra-lateral counterparts based on their intensitygisims to detect any loss in symmetry. Matesin
et al. [27] proposed a rule based approach to classify tifiereift kinds of regions obtained by region
growing. The method uses mid-sagittal plane which was tedegutomatically using center of mass
of skull. USinskas et al. [44] proposed a texture featuiesed approach to segment the ischemic in-
farct affected regions. The method utilized features s@chean, variance, histogram and gray level
co-occurrence matrix to distinguish the normal tissue fitbm affected ones. Methods proposed by
[44], [27] and many others assume that the normal and strii&eted tissues exhibited a sufficiently
discriminating characteristics like tissue intensity,amgvarious etc. The assumption is valid only in
case of older infarcts which explains the poor performarfdbese algorithms when dealing with the
early infarct whose detection is really important from diagtic point of view. Moreover, as we have
already discussed in earlier chapters, during the eargestaf infarct the affected tissues mimic the
characteristics of the normal tissues and therefore wiNdxy difficult to detect without using some
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form of contra-lateral symmetry. Most of the methods avaihg the symmetry constraint and thus are
difficult to modify so as to incorporate the early infarcteldion. More recently, early infarct detection
was attempted using shape information in [17]. Here, a fodihbameasure based on average cohesive
rate (a measure of spatial distribution of suspicious piaebund the concerned pixel) for selected pix-
els on both sides of the brain is used to assign likelihoodhefaresence of stroke. The method works
for early infarct detection although the presence of a laigaber of parameters makes it a rather trivial
approach. Moreover the accuracy figures for determiningdileeof symmetry have not been provided
on which the entire algorithm stands. In addition to the wamkinfarct detection, research has also been
going on for assisting the radiologists by enhancing thermftion available to them. We will discuss
these approaches in detail in the next section.

2.3 Ischemic Stroke Enhancement

Efforts have been ongoing to increase the detection acgofaarly infarct ever since the advent of
soft-copy CT. The invention of soft copy CT scans presentedadiologists power to manipulate the
scans to view selected information in isolation which waspuassible in case of hard copy scans. It
also opened up new research avenue for using state of aréipragessing algorithms to assist the ra-
diologists in their decision making. Bendszus et al. [2]evene of the firstm to present a contra-lateral
symmetry based algorithm in which a density-differencegdien was obtained by simple subtraction
of intensity histograms of contra-lateral hemispheres dénsity-difference diagram was used to high-
light the pixels exhibiting the highest density-differenc The CT scans along with the highlighted
pixels were then rated by the radiologists for presencefaféts. This method, although providing im-
provement in acute infarct detection rates, doesn't tateeascount the natural asymmetry and spatial
information in tissue distribution, misalignment of midggttal plane due to patient orientation. The
spatial information is necessary in order to counter therahisymmetry in the distribution of tissues
in normal brain. Lev et al. [21], as mentioned earlier, destiated the benefits of using non-standard
window settings under clinical conditions. The study pobtieat the sensitivity and specificity of de-
tection can be increased by accentuating the perceptiiatatite between white and gray matter which
was achieved through manually adjusting the window level @anter. Subsequent studies confirmed
the benefits of using non-standard window settings and tielogists were then trained for differen-
tiating between the affected tissues and artifacts una@enadm-standard window settinds which tend to
increase the noise and graininess of the scan.

Seeing the performance enhancement brought about by kméencement (non-standard window
settings), attempts were also made at non-linear enhamteyh€T scans. Fayad et al. [11] presented
a wavelet based multi-resolution histogram equalizatlgnréhm to automatically enhance the percep-
tual difference among various types of tissues. Althoughedi at chest CT, it showed that a significant
reduction in interpretation times can be achieved. Therdiatic sensitivity and specificity were lower
than in conventional window settings as non-linear enhawecs tend to introduce artifacts. A bi-
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orthogonal filter bank based on splines has been propos&#ijrfdr enhancing the suspected stroke
region. This results in enhanced appearance for acutecigfaAn extension to hyperacute cases is
based on data denoising and local contrast enhancemegtwauelets [39] [33]. Another approach for
enhancement of hypo-attenuation uses adaptive mediaimfiit®o enhance the gray-white matter inter-
face [19]. Although non-linear enhancements increase ¢hérast between the normal and abnormal
tissue appreciably, they also tend to introduce unwantiieis [20]. The detection accuracy is also
hampered by inevitable changes in relative intensitiesseties which interfere with the decision mak-
ing of the radiologists. Although the intensity change® ascur in linear enhancement, their effects
have been minimized through extensive training by radistsg One way of countering the errors can
be through increasing familiarity with the concerned mdtbat making it a standard like the current
prevalent windowing process is too much of an ask. Therefe@dest way to increase the detection rate
of early infarct is through using the state of art technigieeautomatically determine the best possible
window settings.
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Chapter 3

Automatic Stroke Detection

This chapter details the complete proposed hierarchicatoagh for detection and identification
of stroke. Our method is based on approach used by doctorsdeteat abnormality by examining
the dissimilarity between the left and right hemispherethefbrain. The method of comparison used
depends on the amount of asymmetry exhibited by the paati@troke type, for example, chronic
and hemorrhagic infarcts can be detected by comparing tyeesof their histograms whereas acute
and hyperacute require much more complex symmetry congmatechniques. Figure. 1.8 gives an
overview of the framework discussed in this chapter. In tret fevel, L, , a given slice is classified as
belonging to one of 3 classek;; chronic infarct,L;5, Hemorrhage and.3 normal, acute or hyperacute
infarct. In the second level,;5 is split into two subclassed:,; acute infarct and.,, containing normal
and hyperacute infarct. The third level further separatgsinto two subclassLs; hyperacute infarct
and L3, normal. We will now describe the details of the proposed ritigm.

The proposed algorithm has three main steps. In the firsi tepgiven slice is enhanced and
denoised. Next, the line of brain symmetry is determined farally, the abnormal slices are detected
hierarchically.

3.1 Preprocessing

Since the dynamic range of the Hounsfield unit (H.U.) valu@sdT images is very large (-1000
to +1000 H.U.), the first task is to select the appropriatgeanf gray level for extracting soft tissue
regions. The relationship between gray level (I (x, y)) and Hyiven as:

HU = I (z,y) + intercept (3.2)

Where, theinterceptvalue can be obtained from the meta information availabléhenDICOM
header of CT volume data. The histogram of a given slice €ig8.1(b)) consists of two major peaks
corresponding to the background and soft tissue pixelsceSihe H.U. values of the soft tissue are
higher than that of the background (air), the higher intgngeak will correspond to the soft tissue
region. A windowing operation to stretch the contrast isgraned with the above peak value (P) as the
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(a) Original image (b) Histogram of original image (c) Enhanced image

Figure 3.1 Preprocessing results

center and W (set to be 120 H.U.) as the width of the window:

[original (.Z',y) B (P B (%))

Lnew () = 255 =

(3.2)

After windowing, noise removal is performed using Wieneefihg to remove the graininess from
the image. A sample image and the result of the enhancemdrthardenoising are shown in Figure.
3.1.

3.2 Mid-Sagittal Plane Detection and Rotation Correction

Since our approach is to compare the symmetry of the two hdwiss, it is necessary to correctly
identify the mid-sagittal plane (MSP) or the line of symmgetihe physical structure of the skull is
used to detect the rotation angle as well as the line of synmymaAtlot of other approaches have been
designed to find the MSP which use the tissue symmetry torotitaiMSP. We use the physical structure
instead of the tissue symmetry as our approach will be mostjyired to find the MSP on the stroke
affected cases where the tissue symmetry is already déstuithere may be some cases, especially of
hemorrhage where the physical structure of the skull igeté deformed due to accident etc. Even in
those cases, our approach might be able to find the MSP giaéthiln nose portion of the skull is still
intact.

The line of symmetry, is one that passes through the tip of the nose and bisectatlzehtal line
I, passing roughly through the middle of the slice. We correcahy rotation present before extracting
these lines. To find, we first search a set of slices (with high number of conneabetpbonents) around
the nasal cavity region. A sub-region is identified in thesteo§ slices by locating the tip of the nose via
a simple raster scan. The sub region is of size 30 x 512 andiiigdmtal projection profile is computed
for every slice. The troughs in the profiles are found in eitttieection starting from the nose tip for
each of the candidate slice. The slice which shows the steepeve is chosen to be appropriate to
detect and correct for rotation.
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Figure 3.2 Nose extraction

(a) Original image (b) Corrected image

Figure 3.3 Rotation correction results

In the axial view, the nose appears as a hill with the tip béiregpeak of the hill and the base being
bounded by knee points of the hill (Figure. 3.2). In the abseof rotation, the line passing through
the tip of the nose should be orthogonal to the line conngdtie base of the nose. The knee points
are easily detected by determining the rate of change ofltipe ©f the nose boundary starting from
the nose tip. The deviation of the base line from the hor&iogitzes the rotation angle which is used to
perform a correction. This preceding step can only coreatdtation in the x-y plane. Itis possible that
the CT volume is also rotated in the axial direction ( alorg@oronal plane) which will mean the plane
of symmetry will not be perpendicular to the x-y plane. Cangntly, the lines of the symmetry for each
slice will not align. In order to address this problem, weedetinel, for each rotation-corrected slice
as follows:[;, is of same width as the horizontal projection profile of eddesand thus the requireld
is the bisector of,,. A sample slice image and the result of rotation correctienshown in Figure. 3.3.
The approach works good for cases showing a small amountaifao (~ 10° - 15 °). Higher values
of rotation makes the detection of tip of nose through rastanning difficult as the first pixel that gets
encountered is of the skull instead of the tip.
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Figure 3.4 Histograms obtained at level 1

3.3 Stroke Detection and ldentification

The detection algorithm performs a 3-level classificationdentify abnormal and normal slices.
Histogram features are used in the first level while wavieteted features are used for the second level.
In the third level, due to subtle nature of hyperacute infaxmugh gray/ white matter segmentation is
performed using Markov Random Field (MRF) and then theitrithistions in the two hemispheres are
compared spatially. The following sections describe eachllof the framework in detail.

3.3.1 Level 1 Classification

The first step differentiates the encephalic slices intedtslassed. 1, L2 and L3 as described
earlier, based on their histogram features. Thmformation is used to divide a slice into two hemi-
spheres and the histogram for the right and left hemisplaesomputed and compared for similarity.
The similarity metric used is the correlation coefficientigbhis computed on a subsampled (by 5) ver-
sion of the 2 histograms. The histograms of left and right ispheres exhibit significant difference
in the lower intensity bins (50-100) in case of chronic iofavhereas for hemorrhage the difference is
observed in higher intensity bins (200-250) (Figure. 3.8nce only the low and high indexed bins
are of interest, the measure is computed only for those bfrthis measure is below a threshold the
corresponding bin number is noted. If the bin number is Ibw,dlice is classified as belonging kg,
and if the bin number is high the slice is classified as a merobér,. If the measure is below the
threshold in both low and high indexed bins, the implicai®that both type of abnormalities present in
the slice. Therefore such slices are accorded membershipthr’;; andL,. All the remaining slices
are classified as belonging fq .

3.3.2 Level 2 Classification

In the second level of classification, the goal is to diff¢iste between normal and acute infarct
cases. Histogram features are insufficient for this purpsgeir gray value distributions overlap. This
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Figure 3.5Histograms acute infarct

can be seen from the histograms shown in Figure. 3.5. Simcdifference between the distributions
is subtle, a finer analysis is required. A wavelet decomjowsitf the histograms is employed for this
analysis. Daubechies-4 wavelet decomposition up to 5daselsed to compute the energy distribution
in the scale space. The corresponding energy values of theistograms are compared using a simple
difference of energy measure. If the difference is aboveestiold, the slice is classified as belonging
to Lo;. All other cases are classified as normij,().

3.3.3 Level 3 Classification

The third level classification deals with the detection gbéwacute infarct. During the time frame of
hyperacute infarct (0-4 hrs.), very subtle changes occtheraffected tissues. These include blurring
of gray/ white matter junction, hyperattenuation of blo@$sels, edema related abnormalities etc. All
these indicators affect the distribution of gray/ white t@ain the left and right hemispheres, but accu-
rate separation of brain tissues into gray/ white matteery difficult owing to the poor tissue contrast
and noise offered by the CT images. As a result most of thedistassification methods require some
sort of additional knowledge in the form of different modglimages, etc. An example is [48] which
uses multimodal information from PET/CT pairs to boost tlassification. In order to overcome these
limitations, we propose to a novel approach that uses roagmentation of brain tissues. The aim of
the approach is to achieve a best possible segmentatiomyfighite matter and then use a symmetry
measure which negates the inaccuracies in the tissue stajinen

Although work on tissue classification in CT is limited, itaswidely researched problem in brain
Magnetic Resonance (MR) images. Most of these methods gnppddabilistic models ([30], [10],
[49] etc.) for tissue classification as these models progidesffective way of incorporating spatial
information and are generally resistant to noise. In outhigtwe propose an automatic segmentation
of brain CT images by using MAP-MRF model [14] which combinies Markov random field (MRF)
and the maximum a posteriori (MAP) approach for classifizatiSuch an approach has been adopted
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Figure 3.6 Rough segmentation of gray white matter on CT

for PET/ CT pairs [48] but not for CT exclusively. The next sec explains the representation of a CT
image using MRF model.

MRF Model

We assume that images are defined over a finite latticg S;=1<i<N} where $ denotes the pixels.
The notation $and subscript i are interchangebly used to demontrate the gacation & For each
pixel S, the class to which the pixel belongs is specified bjaasclabel, L, which is modeled as a
discrete random variable L f_;, 1<L; <M}. We are also given an MRF on these units, defined by
a graph G (where the vertices represent the units, and thesadgresent the label constraints of the

neighboring units), and the clique potentials. Let ¢ derotique of G and? the set of all cliques of
G.

In MRF theory, a configuration refers to a state where eaehSsibelongs to a particular label; L
Our goal is to find the best possible configuration LWLV, whereW;, represents the configuration
space), which maximizes the posterior probability of L. Plasterior probability is given by

P(L|S) « P (S|L) P (L) (3.3)
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Imposing an identical, independent Gaussian distributiothe voxel values at each targeted region in
the given image, we have

Py = [[ psin)y= [ P(SilLy) (3.4)
1<i<N 1<i<N
and,
0T\ — 1 (SZ - NLi)Z
P(Si|Li) = \/Q—T% exXp (T) (3.5)

wherey, is the mean and,, is the standard deviation of clags. The prior model, P(L) can be
assumed to follow Gibbs distribution [16] given by,

[co cop (- o) .

P(1) = 22

WhereE. refers to the energy of the configuration afiis a normalization factor. Combining equations
3.3, 3.4 and 3.6, we have for the posterior probability,

P(L|S)oc I P(SilLi) [T exp (—Eo) (3.7)
1<i<N ceN
It is further assumed that the configuration field L is a secomtér MRF [22] which gives the prior
model as (using equation. 3.6),

P(L)z%exp (Tl > BV (Lsz,Ls])) (3.8)

{Si,Sj}EQ

Where T is the temperaturg, is the set of second order cliquéesis a model parameter controlling the
homogeneity of regions and Y, , Ls;) represents the second order clique potential, defined as

1, if Ls, # Ls,

V(LS'MLS]') = { (3.9)

—1, otherwise

The estimate of L denoted h¥, global energy, (Ros(L)) and the local energy (fL) at site ), are
determined following the method in [3]:

A

L = argmz'nLe\p< Z (F (7))

1<i<N
1

+7 >V (le,Lg].)) (3.10)

{Si7Sj}EQ
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1
7 2 BV(Ls.Ls) (3.11)
{Si,Sj}EQ

The local energy at site; $ the energy of the site in isolation, given By(i) and the energy of the
neighbourhood({;) cliques.

Ei(L) = F(i)+
1
— Z BV (Ls,,Ls,) (3.12)
{Sjvsk}EQi
Where Ki) represents,
L 2
F (i) = 1 <log V2ror, + M) (3.13)
T 20’Li

The segmentation process which minimizes the above meuatienergy requires the initialization of
the distribution parameters (mean, variance) of all thellatasses. These parameters can be estimated
using various methods such as histogram analysis, maxirkatihbod estimation, thresholding etc.
Since the estimation of distribution parameters influehegerformance of the segmentation algorithm,
we want to partition the pixels into classes such that therdatdss variability is maximum which is
achievable using Otsu’s method of segmentation [28]. WéoparOtsu segmentation to classify the
brain pixels into M (=2) classes namely, white and gray nnaifée need only two classes as after the
preprocessing only the soft tissues are left. Once theedam® determined, the distribution parameters
namely, mean and variance are calculated and provided &mtrgy minimization algorithms for further
estimation.

The poor tissue contrast in CT will weigh down the perforneatthe segmentation algorithm. We
seek to address this by increasing the contrast betweeratlouy tissue classesior to their segmen-
tation. The pipeline of processing for our proposed metlsahbwn in Figure. 3.7. As indicated, the
processing is carried out at the slice level in the first tvagss as well as in the probability map gen-
eration step. Midline detection and the final decision onpitessence of infarct are done at the volume
level. The complete pipeline is described in detail next.

3.3.3.1 Contrast Enhancement

Since only soft tissues are of interest, the first step isti@ekthe brain tissues which lie in the range
of white/gray matter (16-50 H.U) which results in strippinfyskull, etc which lie outside the tissue
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Figure 3.7 Algorithm outline

range. These tissues are then enhanced using a methodmwdey $b [7]. A CT slice is decomposed
into four frequency sub-bands using Daubecllesavelet to extract the illumination information of
the image. The illumination sub-band is then equalizededam the intensity profile of the same
slice with modified window settings using singular value ataposition (SVD). The singular value
matrix obtained after SVD contains only the illuminatiofomnmation and hence modifying it results in
preserving other important details (Figure. 3.8(a)).

3.3.3.2 Tissue Segmentation

The tissue segmentation involves maximization of the pimstprobability of the MRF model which
we calculated in the previous section. This is done usingifiégmbMetropolis Dynamics (MMD) as itis
generally faster and provides a lower energy output wherpeoad with other optimization techniques
[3]. MMD involves the following steps:

1. Pick up randomly an initial configuration LO, with iterati k=0 and temperature T3 (whereT,
is a constant).

2. Pick a global state L such that<1’; <M and L; # L* ;, 1<i<N, Where k refers to the iteration
number.

3. For each site Si, the local energy([E), where L' = (L*,...,L*;,...,L*y) is computed using
equation 3.12.
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4. Compute AE; = E(L) - E;L*), the new label at site ;Sis accepted if
if AE; <0ora <exp (‘%EZ) wherea € (0,1) is a constant.

5. Decrease the temperature T (k+1) xd (k) (where a = 0.9 is a predefined constant, used to
control T andZ’(0)=4) and go to step 2 until the number of modified sites is leas ththreshold.

To aid convergence of the algorithm, the entire image is fisstitioned into disjoint regions ,R
(1<n<?2). This initial segmentation is carried out by assigningltzl to each pixel which generates the
least amount of Gaussian energy (using log of equation BHg tissue segmentation results in a binary
map with white matter indicated in black (Fig. 3.8(b)).

I

(&) Enhanced image (aftefb) Extracted binary image
skull stripping)

Figure 3.8 Extraction of hypodense pixels.

3.3.3.3 Candidate Selection

Candidate affected pixels are identified based on conteaalasymmetry of a slice. The left and right
hemispheres of a brain appear symmetric but are similarsit bdéany small discrepancies exist even
in the normal brain [47] which can unfavorably affect anyeatpt to detect abnormality (like stroke)
based on global contra-lateral symmetry. These discrégmnmlike stroke, seldom continue across the
slices (in axial direction) due to considerable thicknefsthe slices. Hence, the symmetry is assessed
in a 3-dimensional neighborhood (which isiax nx 3 (slices) window, W) of every hypodense pixel
in both the hemispheres and an abnormality measure R X 1) is defined as follows.

> Sirigt— > SiLet
WSiRight WSiLeft
P, = 3% 2 (3.14)

Where, Srign: and Sy refer to corresponding pixel locations. Deviation of P frOrtsymmetry
state) gives the measure of asymmetry in the distributidrypbdense tissues in the vicinity of the con-
cerned tissue and its counterpart in the other hemispharg.déviation from the symmetry state ('0")

implies excess of hypodense pixels thereby indicatingdrigiossibility of infarct. The valugPs, |, is
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Dicom Tag Information Value
0008-0070 Manufacturer Siemens
0008-1090 Model Name Emotion 6
0018-0050|  Slice Thickness 6 mm
0018-1150 Exposure Time 1000
0018-1151| X Ray Tube Current 240 A
0018-5100 Patient Position HFS

Table 3.1CT acquisition protocol

the probability thatS; belongs to an infarct region. A higher value Bf, indicates greater discrepan-
cies between the hemispheressaand thus exhibiting higher probability of presence of infeom. The
required candidates are found by applying a confidencehblggdetermined empirically) to this map
in order to account for the natural asymmetry present in thinb

3.3.3.4 Hyperacute Infarct Region Detection

Given the set of infarct candidates, we impose spatial guoityi across slices to reject the false can-
didates. This is achieved by declaring only those regionisiwghow significant overlap in neighboring
slices as belonging to infarcts. The constraint helps iarfily out false positives which are detected by
the algorithm as they exhibit a natural asymmetry in tissggidution.

3.4 Results and Discussion

3.4.1 Dataset Details

The performance of the method has been tested on a datakesttemlfrom a local hospital. A
detailed acquisition protocol is given in Table. 3.1. Theadat consists of volume CT data of 42
patients. Out of these 19 were normal, 5 hemorrhagic, 6 ayréracute and 6 hyperacute. Since the
time of scan was not available, the abnormal cases weréfiddgato chronic, acute and hyperacute by
the doctors based on the difficulty encountered while idi@ngj the infarct regions. Follow up scans of
these cases were collected and one expert's markings anghass were used as the ground truth. The
scans were from patients belonging to various age group$5(720 datasets in the age-groups 0-30,
30-50, 50 and above respectively) to help in robust testingesnatural symmetry is disturbed as the
age advances. In abnormal cases, it was assumed that themohaffected slices remained the same
in follow-up scans (i.e. no growth of abnormal tissue betwg@sequent scans).
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Normal Cases Abnormal Stroke Cases
Patients 19 23
Infarct Hemorrhage
Chronic | Acute | Hyperacute
Slices (Groundtruth 291 40 61 45 35
True positive 261 38 56 37 28
False negatives 30 2 5 8 7
False positive 22 4 8 16 2
Recall(%) 89.69 95.00 | 91.80 82.22 80
Precision(%) 92.22 90.47 | 87.5 69.81 93.3

Table 3.2Results of the complete system at slice level

3.4.2 Detection Results and Discussion

The qualitative results of the algorithm are showcasedgure. 3.9 and 3.10. Figure. 3.9 show the
results of the MRF-based detection on a normal, acute aneragpte dataset. The algorithm succeeds
in picking out the affected regions but in the process it aliels up false positives (Figure. 3.9(d)).
The reason being that the slice exhibits difference in éistigtribution in the lower side of brain which
can be easily seen from the extracted tissue map (Figure)B.Such differences in distribution occur
frequently in brain but fortunately the spatial contiguttynstraint takes care of most of them. Figure.
3.10 shows the outcome of detection algorithm on two moresraqute slices side-by-side with their
corresponding follow-up CT scans. We can clearly see tleatgorithm performs good as far as the
detection of core area of infarct is concerned, howeveiilg fa detect the periphery regions of infarct
core as the symmetry disturbance in those region is notfi&ignt enough at the time of CT scan.

As discussed earlier, the detection of early infarct cargénical value whereas the latter stages
of stroke carry mostly an academic importance. This makasdessary to present the results of our
algorithm under both clinical and academic requirement® tkérefore, showcase the results of the
entire system as a whole, on the previously mentioned daféaslele. 3.2) and also on a subset dataset
(Table. 3.3) comprising only hemorrhage, hyperacute amshalbcases. We also include the acute cases
in this dataset as there is a fuzzy boundary between the dgyter and the acute cases and it's very
difficult to differentiate one from another. The performarmmn second dataset gives us a clearer picture
about the performance of the algorithm under clinical cbods. Moreover, to gauge the performance
of the entire approach with regards to separating normalktotte (hemorrhage and ischemic) cases,
we present the corresponding performance figures for the gaifable. 3.5 . Apart from the slice level
results, we also present the patient level results (Tab#¢ vdhich gives true picture of the performance
of the algorithm. Patient-level results give us additiomfdrmation like number of affected patients
that were declared normal, also the number of normal patehich were declared as affected. The
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former information is more important in case of medical itnggas the algorithm must ensure low false
negative rate even at the cost of a relatively high falsetpesiate.

Figure 3.9Results of proposed algorithm on normal, hyperacute anig @latasets (rows 1-3 resp.).The
columns 1-4 depict input image, enhanced tissue regioraerd hypodense tissue and detected abnor-
mality (overlapped on input image) resp.

Table. 3.2 shows the performance of the algorithm at sligelleThe algorithm performs well in
cases of chronic and acute infarct as is evident from the fprigbision and recall figures. The presence
of a number of false negatives in these cases (2, 5 respggtivere mostly the boundary slices of the
infarct where only a fraction of infarct is present and th&tutibance in contra-lateral symmetry is not
sufficient for detection. Figure. 3.11 shows the boundapesif a stroke affected patient alongside a
similar slice from a normal patient. As is clear from the figiuthe tissue distribution in both the slices
appear similar which causes the algorithm to miss the &fteslice. Hyper acute detection figures are
slightly lower than chronic and acute cases, with precisiod recall rate being 69.81% and 82.22%.
In spite of the lower precision rate, a higher recall ratenstases the efficiency of the algorithm under
clinical conditions. The lower precision rate is mainly daghe slices in which the inherent symmetry
of the normal brain is lost due to various reasons, for examldening of sulci which can be seen in
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Figure 3.10Results of proposed algorithm on hyperacute slices shoimjmgt image, enhanced tissue
region, detected abnormal tissues, corresponding fallpwean (in columns 1-4 respectively).

Normal | Infarct | Hemorrhage

Patients 19 12 5
Slices 291 106 35

True Positive 261 93 28
False Negative 30 13 7
False Positive 20 28 2
Recall TP/(TP+FN) | 89.69 | 87.73 80

Precision TP/(TP+FP) 92.88 | 76.85 93.33

Table 3.3Results depicting clinical scenario

Figure. 3.11(b). Also, thicker slice reconstruction casulein partial volume effect which sometimes
mimics the hypodensity observed in ischemic stroke and edalbely picked up by the algorithm. Also
a number of hyper acute infarct slices were missed by theitign most of which were the boundary
slices exhibiting the same problems as explained beforesofne of the cases, the infarct might not
have reached the particular boundary slices when thelisiten was conducted. Since we assume in
the beginning that the number of affected slices remain dimeesbetween the initial and the follow-
up scan. Since in our case, most of the follow ups were takewndr1-2 days after the initial scan,
there is a possibility of growth of ischemic tissues due tmplete infarction of the penumbra regions
[13]. Therefore due to lack of sufficient condition we stiinsider missed slices when compared to
follow up scans as false negatives which probably bring dithveractual performance of the algorithm
slightly. The algorithm also performs reasonably well ise@af hemorrhage giving about 80% recall
and 93.33% precision. The higher precision value is mainly t the contrast in the gray values of
hemorrhage (hyperdense) and normal brain tissues. Althoenen in case of hemorrhage, various
mural vascular calcifications can mimic hyperdense regouesto partial volume effect and in some
cases are picked up by the algorithm as belonging to hengerha
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(a) Missed hyperacute slice (b) Normal slice

Figure 3.11Comparison of missed hyperacute boundary slice with nostrcd

Table. 3.3 showcases the performance of the algorithm ohsesof the original dataset comprising
only of cases which have clinical importance i.e. hemorghagute and hyperacute cases. In order to
be useful in clinical scenario, the algorithm must first bé&edb separate the hemorrhage cases from
the normal and hyperacute ones and then must be able to thetdogperacute cases with high degree
of accuracy. Our algorithm gives a recall rate of 80% and 3%.7n case of hemorrhage and early
infarct (both acute and hyperacute) cases respectivelg. rétall rate of hemorrhage detection seems
low indicating the shortcoming of the algorithm. The sam#&ug of infarct detection but to a lesser
degree. In spite of the lower performance, the numbers #dadiyrmatter in clinical scenarios are the
patient level results which show the actual number of adi@giatients that go through undetected by

the system.
Normal Cases Abnormal Stroke Cases
Patients 19 23
Infarct Hemorrhage
Patients (Groundtruth Chronic | Acute | HyperAcute

19 6 6 6 5

True positive 18 6 6 5 5

False negatives 1 0 0 1 0

False positive 1 0 0 1 0
Recall (%) 94.73 100 100 83.33 100
Precision (%) 94.73 100 100 83.33 100

Table 3.4Patient level results of the complete system

The patient level figures are shown in Table. 3.4. The figurdigate that even though the algorithm
is not able to pick out all the affected slices, it does pickafew in each affected case to mark them
as affected. The algorithm gives 100% precision and regatbse of chronic, acute and hemorrhage.
The slightly lower performance in case of hyperacute wasdimability of the algorithm to detect any
stroke slice in a hyperacute case having a small infardbleisn just two slices. The presence of infarct
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(a) Slice1 (b) Slice 2

Figure 3.12Hyperacute failure case (infarct indicated by arrow)

Normal | Stroke-affected
Patients 19 23
Slices 291 181
True Positives| 261 157
False Negatives 30 24
False Positives| 22 30
Recall (%) 89.69 86.74
Precision (%) | 92.22 83.95

Table 3.5Table showing system level performance

in just two slices mimics the behavior of the typical asymmpshown by the abnormal CSF distribution
by the normal brain and is therefore classed as same. Figur2shows the above referred case.

Finally, in Table. 3.5, we present the slice level resultgdage the performance of the system in
a normal vs. stroke-affected (both ischemic and hemorchsigoke) scenario. In this scenario, our
approach registered a high recall and precision rate (86.@4d 83.95% respectively) for detection
of stroke on brain CT. The above tabulated results indicatsagonable level of performance in case
of hyperacute stroke which carries the maximum clinicalem@nce. This encouraged us to look for
alternate approaches for increasing the accuracy of aglfdb in detecting early infarcts. The next
chapter describes one such approach which aims at empgwkemadiologists with more information
to make their decision making as accurate as possible.
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Chapter 4

Enhancement of Early Infarct through Auto-Windowing

As explained in previous chapter, automatic detection giehgcute infarct from non-contrast CT
is a very difficult task mainly because of the subtle develepts which take place in the affected
region which are often masked by the low tissue contrast la@eoisy nature of CT scans. Clinically,
detection of hyperacute infarct is of utmost importance sinde the automatic detection rates were low,
a different strategy was adopted to increase the accuraadmflogist for hyperacute infarct detection.

The new strategy was inspired by the current detection ndetldopted by the radiologists in case
of hyperacute infarcts and focuses on enhancement of inffesaes rather than its automatic detection.
The enhancement strategy can help the radiologists ircalisicenarios by making the infarct tissue
easier to detect. The doctors currently use a manual windppiocedure to look for the various signs
exhibited by the infarct tissues during the early hours dfetn In the coming sections we will first
describe the windowing process before moving onto our aaticrapproach.

4.1 Manual Windowing

CT scans produce 16-bit images consisting of 65, 536 diffegeayscale values. Only a small por-
tion of these grayscale values contain information usefuttie radiologists, with the rest representing
the attenuation coefficients of air, surrounding objects, &Vindowing in medical images refers to
selecting the required range of grayscale values out of 586 and mapping them to the display
range of the monitor. Different chunks of grayscale valueside different information about the scan
and windowing can help in looking at various different agpex the CT like bones, soft tissue, etc. in
isolation. Figure 4.1 gives a good idea of the windowing pesc

Mathematically, Windowing is defined as a one to one mappingtfon between two sets of inten-
sities, source intensitied.{ € Ls1, Lsa, ..., Lsy) and the destination display intensities;(€ Ly,
Lo, ..., Lgy,). In case of medical imaging, the destination is the dispfeyitor having intensity range
L4 €(0,1,2,...,255). The range of source intensities is described in terms ofpavameters, window
width W,; 4, and window centeWW ...+, Such that,
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Figure 4.1 Demonstration of windowing process
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le = chnter - Wc;nter (41)
chn er
Lsm = chnter + Tt (42)
The mathematical equation representing windowing can liteewras,
chnter 255 -0
Lg=(Ls— Weenter — 4.3
¢ < ! 2 >X<Wwidth> (43)

Where, L, and L, represent the source and destination grayscale valuesctesy. Windowing
also performs contrast stretching/ compression basedenaties of m and n. Contrast stretching
occurs when the range of grayscale values (m) selected tsjlaykd is smaller than that of the display
monitor (n) and vice versa (Figure. 4.2). The shorter thenggagrayscale values to be mapped, the
higher the contrast enhancement achieved. The enhancéetergen the various tissue types helps the
radiologists to identify subtle discrepancies in the tsswhich were earlier very difficult to detect.

The radiologists use the windowed CT scans to detect ang sigearly infarct. The most important
sign of infarction is the loss of gray/ white matter intedaghich can be really difficult to spot when
windowed at the entire soft tissue range (std. settings)Mingtn viewed under appropriate (reduced)
window settings, become relatively easier to detect. Tloetshing of the window width decreases the
amount of tissues lying in the window range. Therefore, meorto look for the tissue discrepancies
across the entire tissue range, the doctors must manuialé/tee window to cover the entire intensity
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(a) Stroke standard wintb) (Window Center - (c) (1055, 25) (d) (1060, 25)
dow 1050, Width - 25)

(e) (1050, 40) (f) (1055, 40) (9) (1060, 40)

Figure 4.3 Stroke appearance under reduced window settings (centkh)w

range. The selection of appropriate window width and cemteembles a trial and error process whose
accuracy depends on the experience of the radiologists [B® main reason for experience playing
such a large role in window selection is that windowing, wtalchieving contrast enhancement also
tends to increase the noise and artifacts in the scan. Adetfectors compounded by the poor tissue
contrast offered by the CT may adversely affect the judgroédoctors. With increased experience and
training, the doctors learn to distinguish between the isukemic signs and the artifacts. Figure. 4.3
shows the appearance of an early infarct scan under ditferedow settings. Moreover, Krupinski et
al. [18] mentions the effect of workload and fatigue on theedgon accuracy of the radiologists which
may result in missed infarct cases. Although the study ptegbe case of fracture detection, a similar
observation may also be derived for hyperacute infarct wilee affected tissue mimic the property
of normal tissues and require higher concentration leweldetect amid all the noise and artifacts.
Automatic enhancement of affected tissue will thereforadmng way in minimizing all these risks.

As discussed in chapter. 2, a lot of research has gone intmdjrach appropriate contrast enhance-
ment. Although non-linear enhancements increase theagirietween the normal and abnormal tissue
appreciably, they also tend to introduce unwanted arsifantl noise [20]. These can adversely influence
the decision making of the radiologists. One way of countethe errors can be through increasing fa-
miliarity with the concerned method but making it a standkid the current prevalent windowing
process is too much of an ask. Therefore the best way to serdw detection rate of early infarct is
through automating the tried and tested windowing proces®utly used by radiologists.

The purpose of this study was to develop an algorithm to ivgthe diagnostic accuracy of early
infarct by maximizing perceptual contrast between normal abnormal tissues using linear enhance-
ment of tissue intensities. We aim at minimizing the 'expracde’ factor in the current detection process.
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Figure 4.4 Histograms ofl; andV;,.

In the coming sections, we present two different stratefgiedetermining the optimal window settings
based on 1. Region-level and 2. Pixel-level properties eftitain CT. Both the tracks leverage the
asymmetrical subtle changes that occur during the earlgstiny emphasizing them and thus help dis-
tinguish between normal and abnormal (stroke affectedlidéis These strategies although being stroke
specific, can also be applied to accentuate the differencgmilar other abnormalities of the tissues.

4.2 Region Based Windowing

The region based method takes off from where the hyperaet¢etibn method stopped in chapter. 3.
Atthe end of the detection process, we are left with strofectdd tissues. The required window settings
are then determined as follows. Given a detected infaratrwelV;, its counterpart volumé#’,. is first
extracted from the other hemisphere. Assuming this reptesenormal volume, maximum perceptual
contrast between the normal and affected tissue regiornshisveed by setting the window center at a
point such that the distribution is balanced about thisarenthis is achieved by computing intensity
histograms of/; andV;. and finding the bin corresponding to the point of maximum layebetween
the histograms (Figure. 4.4). The window width can be cha@smording to the tissue information
desired by the radiologist as the above window center wil/jgle maximum contrast irrespective of
width. Figure. 4.5 shows the test images under modified wirgkettings (window width is taken as 25
H.U.). In the next section, we present a different approachindowing using the pixel level properties.

4.3 Pixel Based Windowing

Pixel-based windowing is a novel approach inspired by idéamary image thresholding. In thresh-
olding, the aim is to divide the image pixels into two exchestlasses of intensities based on optimiza-
tion of a criterion function. In our method, we achieve bessgible windowing for aiding stroke
detection by selecting an intensity range which maximibedifference in distribution of pixels in left
and right hemispheres. Although the underlying princi@es the same, the proposed method differs
from thresholding as it chooses a single class of intessitgsed on two images whereas thresholding

36



Figure 4.5 Results of proposed algorithm on normal (row: 1) and hypgsa¢row: 2).The columns
1-3 depict input image, detected abnormality (overlappedhput image) and the original image under
modified viewing window settings respectively.

chooses two classes of intensities based on a single imdgewihdow settings (center and level) are
then computed from the obtained intensity range.

Since the early days, a variety of approaches have beenggdpor thresholding a gray scale image.
Some of the most widely used among them are Otsu, Minimunt ¢nresholding, Entropy based
methods etc. All these methods have different strengthsnagakness. A more detailed explanation
can be found in [37]. We base our windowing technique on améceroposed thresholding approach
based on parzen-window estimate [46]. The main reason fects®y the above was the ease with
which the framework could be exploited to perform threshdon a pair of images rather than on a
single image. Other factors which weighed favorably towadts selection were the incorporation of
spatial information of pixels apart from the better thrddimg results compared to other commonly
used approaches. Incorporation of spatial information mexessary for detecting the disturbances in
the contra-lateral symmetry. In the coming sections, wediescribe the theory behind parzen window
estimation and how it's used in context of images.

4.3.0.1 Parzen Window

The parzen window based non-parametric density estimatipnoach was first proposed by [35],
[29]. We first describe the parzen window concept when agpteémages. Let | be an image of size m
x n having gray values from 1 to L. We define a pixel locatioq @sy) : x € (1,2,...,m), ye (1,2,...,n}
and its value as f(x,y9 (1,2,3,...,L). Letv; = {(x,y) : f(x,y)=i} andC; = |w;| giving N, total number of
pixels as N =ZZL:1 C;. The probability density functio®(z, y) at (x,y) can be estimated using parzen
window as
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L
P(X1y): Zp(x>y>wi) = ZP(WZ)P($7y|wZ) (44)

i=1 i=1

Where,
“iq
P(x,y|lw;) = ZV— <:U,y;mj,yj;hdci> (4.5)
C;
P(w;) = — 4.6
(w) = 5 (4.6)

Where K (.) is called a kernel functioft, denotes the volume of d-dimension hypercube having
edgehc;. Since we are dealing with 2 dimensions here, d is taken asl ¥an= h%i [9]. The kernel
function must be designed in a way that is inversely proporto distance between (x, y) and;(y;)
so that farther pixels contribute less towards the densitynate and vice versa. In our approach we
take the kernel function to be a Gaussian. Most of the pareesity based approaches suggést =
1/4/C; as a good estimate. Next, we will describe how the parzenamirmtinciple in incorporated in
our windowing approach.

2 2
K(m,y;xj,yj;ha) = \/12_7rexp (_(w—xj) + (y — ;) ) (4.7)

4.3.0.2 Parzen Based Windowing

As mentioned earlier, one of the earliest visible signs aft@dnfarct on CT includes the distur-
bance in the contralaterally similar distribution of whiad gray matter. The idea is to exploit this
phenomenon to find the intensity range where this distudb@most perceptible. Lét. andWW,, be
the target window center and width respectively. The presérowing procedure used by radiologists
takes the tissues which lie in the intensity rangge. = [W, - W,,/2, W.+W,,/2] and ¢, we[l, L] and
then stretches the intensity range to the visible intensibge (0-255). Our approach aims at finding
the optimal intensity range; based on a criterion function which maximizes the distuckean left and
right hemisphere images. L&t and P, denote the probability density function of pixels in leftanght
hemispheres respectively, in the intensity range. and can be estimated using parzen window as

Pi= > P(xxur) Z Z Z V K (xh, yk; 25,955 b, ) (4.8)

kewieft kewleft lewy,c J=1 Ci

Po= Y P (xpur) Z Z Z—K Ty Yki T, Y3 M, ) (4.9)

kewright kew”ght lewy,c J=1

Where,w;.s; andw,;4,¢ are the set of pixels in left and right hemispherical imag@wNve need
to determine a criterion function whose optimization waatl us to the optimal window settings. The
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simplest mathematical function that ensures maximumrdiffee in the probability distributions of left
and right hemispheres |§P, — P,)|.

(width, center) optimum = argmazy |(P — P)| (4.10)

The above criterion function is bi-variable in w, ¢ and fentincreases the computational complex-
ity of the already computationally intensive parzen estanalhe criterion function, however, can be
reduced to a single variable form in the special case of Hnaimilizing some domain knowledge. Ever
since the advent of soft copy of CT, much work has gone intdrfinthe best possible predetermined
window parameters. These parameters, especially windathygnsure that noise and other artifacts
that get accentuated with the windowing process do not adlyeaffect the radiologist’s judgment. In
order to make sure our algorithm is immune to such damageimiethe width parameter to the one
designated by the stroke protocol (10) and then use theioritéunction to find best possible window
center. The complete algorithm is given below.

1. Threshold the given CT scan to obtain only the brain tissared correct for rotation by finding
the mid-sagittal plane (Section. 3.2).

2. Divide the given image into left and right hemispheresgshe mid-sagittal plane.

3. Next for each gray level in the image as window center, mpate t(i) =|(P, — P,)| with the
intensity range as [i-10,i+10].

4. Choose the gray level, i*, such thdix) < ¢(¢) for all i # ix.

5. Output the image with (i*,10) as window parameters (Fégur.6).

4.4 Results

4.4.1 Experiment Details

The windowing results obtained from Region-basBd Xand Pixel-based{},) methods were com-
pared by means of perception study conducted in an cliniogl@ament. The results from the two
automated methods were compared with each other as welltlashgistandard window settingd/,
width 80 H.U. and center 40 H.U.). A set of 15 slices was setibftom each of the hyperacute and
normal dataset and each slice was presented randomly uradeifferent window setting®/,., W, and
W to the radiologists. Since the region-based method peg@mhancement only in cases in which it
detects an infarct, all such slices from the above set (nlacases and missed infarct slices) were shown
to the users with the window settings a&. The inclusion of infarct cases which were missed by the
region-based method gives us an opportunity to test the athiantage of pixel-based method over the
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Figure 4.6 Results of proposed parzen-based windowing algorithm omalo(row: 1) and hyperacute
(row: 2).The columns 1-3 depict input image, original imageler modified viewing window settings
obtained using parzen-based method and using region+testtlod respectively.

Reader 1 2 3 4
Setting | W, | W, W, W, W, | Wy | W W, | We | Wp | W, | Wi

P P
Sensitivity | 100 | 93.3| 73.3 | 93.3| 80 | 66.6| 73.3| 73.3| 53.3| 73.3| 73.3| 46.6
Specificity | 100 | 100 | 93.3 | 100 | 100 | 86.6| 100 | 100 | 80 | 93.3| 93.3| 73.3
Accuracy | 100| 96.6 | 83.33| 96.6| 90 | 76.6| 86.6 | 86.6| 66.6 | 83.3| 83.3| 60

Table 4.1 Clinical study results

region based method. In the current set of 15 abnormal slite$ these slices were the ones having
infarct region missed by the region-based method. Each sl&s rated by 4 radiologists, having varied
experience, in a blinded review for the presence of hypéeaicdarct. Their response as well the time
taken for decision was recorded. In compliance with sintlanical studies, the statistical significance
of the results of the above experiment was also evaluateg) s tailed student’s t-test.

4.4.2 Discussion

Table. 4.1 shows the results of the clinical study. The tesllowcases the superior performance of
both automated windowing methodd’f, 17,) against the standard window setting. Average sensitiv-
ity showed statistically significant increase in the perfance from 59.95% in case o, to 79.97%
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and 84.97% in case d¥, and W, respectively. (P = 0.034 fdi/,, P = 0.040 forlV,., two-tailed stu-
dents’ t test.) The average specificity numbers also showeskedrom 83.3% (V) to 98.34% [V,.)

and 98.34%1(,,). As seen with sensitivity, the specificity numbers alsonstmb statistical significance

in accordance with the students’ test (p = 0.032Wigr andW},). The overall accuracy of the radiol-
ogists (measured in terms of the percentage of slices dhyridentified) which was only around 71%
underW, increased to 91.6%k,, p = 0.024) and 89.16%X,, p = 0.034) in case of the automated
methods. The above results showcase the increase in tloemarfce of radiologists when viewing the
test scans under automatically determined window settiMreover, the higher sensitivity numbers
prove our earlier thoughts that the enhancement of testémarg not achieved at the cost of specificity
which certainly seem to the happen in case of non-linearreg@ment. Also, there was no case where
a correct identification of infarct undév’; was reversed when observed untléy/|V,.. The slight ad-
vantage in performance of pixel-based method is becau$e giresence of 2 stroke slices on which the
region-based enhancement fails to perform the appromigtancement. These slices were having very
small infarct which gets enhanced by the pixel-level methnd thus gets detected by the experienced
radiologists. Another thing to note is that the region basethod provides same window parameters
for the entire scan where as the pixel-level algorithm piegsiwindow parameters adapted to the distur-
bance in that particular slice. This way the pixel-level mggh provides better enhancement of infarct
tissues present in the border slices where the tissues aeealjg less hypodense than in the core infarct
region.

The similarity in performance observed by both pixel andaedased methods is because both the
methods aim for exploiting essentially the same sign thaitpat the presence of infarct (blurring of
gray/ white matter junction). IiV,., the algorithm first divides the brain tissues into gray/te/matter
regions before comparing the overlap whereasyjithe gray/ white matter are compared directly. The
difference beinglV,. requires a threshold to separate normally observed asyminain the asymmetry
due to presence of stroke and hence in order to keep the fad#tesps down, the algorithm misses cases
in which the gray/ white matter asymmetry caused due to stiskery weak. Hence the algorithm
does not enhance these cases as they are classified as ndrenadsvthe pixel-based method requires
no such threshold and always produce enhancement no maiterdéak the stroke is. Although since
the pixel-level is local in nature, it does tend to get easffgcted by the other small disturbances which
are also present in the normal brain e.g. slight aberratiddSF distribution. As a result, though both
the methods exploit the same early infarct signs, the ermant achieved is slightly different mainly
because of the difference in the position of the window agentde window centers obtained by the
region-level method are generally more specific i.e. areembaracteristic to the infarct region and also
are generally on the left side of those obtained by the pewadt approach on the Hounsfield number
line. One probable disadvantage, from the algorithmic fpafimiew is that both the windowing methods
are computationally very expensive.
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Chapter 5

Conclusions

In this thesis we presented a unified framework for autongsiection and classification of stroke
from brain CT scans for both diagnostic and academic pugddfe also proposed two different image
adaptive approaches for automatic enhancement of stridated tissues. In this chapter we will review
the approaches and also present future directions in wheehpproaches can be improved.

5.1 Automatic Detection

We presented a unified hierarchical approach for automatiection and classification of all types
of stroke. Previously proposed approaches mostly relicgth@icharacteristics of stroke affected tissues
and thus cannot be applied across all types of stroke owilagde variation observed in the behavior of
affected tissues relative to the normal ones. We therefquiwié a common property exhibited by both
ischemic and hemorrhagic stroke. Our approach models tbkests a disturbance in the otherwise
similar distribution of brain tissue with respect to the msahittal plane (MSP). We designed an easy to
difficult perceptible method which identifies the most gapitrceptible stroke at each hierarchical level
resulting in the identification of first hemorrhage, chromicute and finally the least perceptible hyper-
acute infarct. In order to correctly estimate the conttarkl symmetry of brain tissues, we proposed a
new robust MSP detection algorithm based on the physicattstre of the skull. The method benefits
from the fact that the physical structure unlike soft tissyemetry rarely change in the event of stroke
and thus can be used for more robust detection of MSP everokesdffected patients. The first phase of
the algorithm aims at detection of hemorrhage and chrofféedh The affected tissues in these appear
hyper- and hypodense respectively as compared to normialtlssues. Since the affected tissues at this
level are easily perceptible, a subsampled histogram bageach was proposed for their detection.
The histogram comparison gives a broad idea of symmetryhnipits disturbed only by the presence
of affected tissue and remains unaffected by the usuallyepteasymmetry in the normal brain. Thus
the method works well in cases where an appreciable amouwifeated tissue is present. Although the
amount of false negatives (missed stroke cases) can beadedrby setting a low threshold value for
histogram comparison, this might give rise to an increasedber of false positives mainly due to the
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irregularities in the CSF distribution across the MSP. huffe, to detect the smaller stroke tissues, we
can go for a grid-based histogram comparison rather tharpaony the entire histogram at the same
time. The approach can be designed in a broad to narrow scembaere the symmetry comparison
is done at several spatial levels (celiblock ->grid) and then a final consolidated symmetry measure
is prepared. The symmetry comparison at lower spatial Mileknsure that even smaller infarcts get
picked up. The false positive in this case can be eliminasgtguanatomical information about the CSF.

The next phase of the algorithm involves the detection oteamufarct. The acute infarct is less
perceptible than the hemorrhage and chronic stroke andcnust be detected by histogram detection.
We therefore propose a novel approach which exploits theliat acute affected tissues contain more
water and thus perceptually appear more ‘settled’ owindnéont being slightly less granular than the
normal tissues. We quantify this degree of ‘settlednessédan the wavelet energy of the contra-lateral
hemispheres. The approach gives high detection successffars from the same problem of being too
broader like the first phase of the algorithm.

The third and the most important phase (from diagnostictpafiriew) of the algorithm deals with
the detection of hyperacute infarct. The affected tissudisigstage mimic the properties of the white
matter and thus cannot be differentiated from the normalenhitter tissues in the intensity plane. We
therefore perform the symmetry comparison on the spatelatheristics of the tissues which gives us
the regions exhibiting loss of gray/ white matter diffefatibn. In order to compare the spatial charac-
teristics, we proposed a novel idea of rough tissue segti@miahich gives the broader arrangement of
gray/ white matter tissues. The spatial distribution ofghe&y/ white matter tissues are then compared
and a loss of symmetry is attributed to hyperacute strokee Siimmetry comparison is designed in
such a way that it negates the effect of the roughness in segtios of gray/ white matter tissues. The
algorithm provides an appreciable recall rate but alsorte@olarge number of false positives. As seen
with other two phases, the smaller or less perceptible difanay sometimes pass undetected through
the algorithm. A similar grid based approach in this casé pridbably not work in this case since the
degree of asymmetry exhibited by hyperacute stroke in tlesedi slices was almost similar to the one
exhibited by normal brain and will further increase the égt®sitives.

5.2 Enhancement of Affected Tissue

Next, we proposed a novel auto-windowing approach to ovaecthe limitations observed by the
automatic detection approach. The non-standard windoanpaters were determined automatically to
ensure the maximum possible contrast between the normahffeated tissues. The window param-
eters were derived using two different approaches. Thedpptoach used region level properties to
determine the window parameters based on the intensitactegistics of the detected stroke regions in
the hyperacute detection step. The other approach extheifgixel properties of the brain CT and finds
the window parameters which maximize the disturbance suégpixel) distribution in the left and right
hemisphere. Both the methods showcased encouraging ierpet in the detection accuracy of the
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radiologists. Moreover the jump in performance was moresedf inexperienced radiologists as com-
pared to the experienced ones. The method presents a waynteract the effects of experience and
loss in concentration due to fatigue etc. by automaticatiglifig the best possible window settings. One
of the drawbacks of region level approach is its inabilityfital the optimal window parameters when
the detection algorithm fails to detect the infarct. Theepievel approach leaves the decision making
to the radiologists and finds the parameters in every castoégh this ensures the enhancement of
even smaller infarcts, the method might get influenced bynthise/artifacts in the image unlike the
region based method which tries to remove them based onia®oisking. In the future, the clinical
study conducted in chapter 4 can be done on a much largertectdst the relative strengths of each
algorithm. Also to gauge the real performance of the autamveindowing, the experiments must be
conducted with scans under radiologist-modified windowirsgs rather than with standard window set-
tings as is the case in chapter 4. Even though the windowgayithm was developed keeping in mind
its application for detection of early infarct on CT, it ca@ &asily used in other pathology cases which
present similar challenges. A very recent study conducieft8] came to a conclusion that in spite
of all the technological advances, stroke windows stilltoare to be a powerful tool in detection of a
number of brain pathologies and must be a critical part diedld CT examination and not only limited
to brain stroke. This encouraged us to look for similar peaid in brain. One such problem that was
looked at, was the early detection of brain tumor which losiksilar to gray matter (hyperdense) in the
early stages of its development (Figure. 5.1). Initial edesnent results obtained using our windowing
approach are very encouraging and indicate a similar gualliknhancement being achieved in the case
of tumors as with the hyperacute infarct. Although a moredhgh evaluation will be required in order
to gauge the performance in case of tumor analysis. Morethvere is also a provision for extending
the windowing process to other parts of human body whichxkome or other kind of contra-lateral
symmetry.

(a) Standard window sefb) Non standard win-
tings dow settings

Figure 5.1 Appearance of early tumor lesions on CT scan [43]
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