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Abstract

Stroke is a chronic disease which often leads to death. Different medical imaging modalities enable
diagnosis for stroke after the onset of symptoms. Time is of the essence during stroke analysis since
the window of therapy is very small (< 3 hrs after the onset of symptoms). Recent clinical studies
have shown the usefulness and significance of diagnosing stroke on the Diffusion Weighted Magnetic
Resonance Imaging (DWI) scans of the brain in the early stages. Visual inspection of the DWI scans
is difficult since multiple scans are acquired for a patient with varied contrast and the scans depict
complementary information about the diffusion process in the brain. To make matters worse, the DWI
scans are acquired at a very low resolution with poor signal to noise ratio (SNR) since the time of
acquisition is significantly less (< 1 min) and are confounded by artifacts that mimic stroke lesions.
Thus, an automated framework which can accurately capture the stroke lesions in the DWI data would

assist the clinicians in a better diagnosis. This is focus of the thesis.

Varying the acquisition parameter (b-value) generates different DWI scans with varied contrast. DWI
with higher b-values provide improved sensitivity, conspicuity of stroke lesions and reduced artifacts at
the cost of lower SNR. Along with the DWI scans, the Apparent Diffusion Coefficients (ADC) maps are
also derived which give a measure of the true diffusion process in the brain irrespective of the acquisition
artifacts that resemble stroke. In this thesis, we argue that integrating information from multiple sources,
namely, low and high b-value data along with the ADC maps, can aid better characterization of stroke
lesions in the data. Accordingly, we propose a novel approach for detecting and segmenting stroke

regions from DWI data.

An automated framework comprising of 3 stages is proposed for accurately capturing the stroke
lesions: (i) Stroke Detection (ii) Contrast Enhancement and (iii) Stroke Segmentation, utilizing infor-
mation from low and high b-valued DWI data and the ADC maps. The detection stage utilizes the
information from lower b-value data and the ADC data to identify the stroke lesions on the higher b-
value data and reject the false positives due to low SNR in high b-value data. The detected stroke lesions
are segmented using the higher b-value data and ADC information. Integrating information from the
higher b-value data along with the ADC data helps better define the stroke lesion in the segmentation
stage. An auto-windowing technique is designed to enhance the contrast of the stroke lesions in the
DWI data prior to segmentation. The contrast enhancement scheme also assists the radiologists in the

manual/visual diagnosis of stroke in DWI scans.

vi



vii

The proposed method was evaluated on datasets acquired from different scanners with different
acquisition protocols. The performance evaluation of the proposed approach validates its robustness
and effectiveness. Receiver operator characteristic (ROC) analysis shows high values of sensitivity,
specificity and area under the curve. The proposed system achieves a sensitivity of 0.96 at a specificity
of 0.95 with the area under the receiver operating characteristic curve (AUC) of 0.987. Qualitative
and quantitative analysis of the results presented in the study establish the strength and robustness of the
method in capturing the small-sized lesions in the data which are often missed by segmentation methods

operating on a single b-value data.
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Chapter 1

Introduction

1.1 Foreward

“It was an usual day, a few weeks after my fifteenth birthday. That day, I remember that I had
soreness down the left side of my body, along with what I thought was a bad headache. I didn’t feel
quite right, but I thought that this was nothing to get concerned about. Neither did my parents. The
headache, along with other symptoms, which I now realize were warning signs of stroke, were things
I had experienced before. Then the pains had disappeared after a few hours. I put these down to
crankiness, eye-strain, or teenage growing pains. That night, I went off to bed, thinking that I would
feel fine in the morning. The next thing I remember was waking up in the intensive care ward at
the local hospital. I was eventually moved out of intensive care into a ward. I was paralysed down
the left side of my body, and had a bandage around my head. Then came the day when the doctors
explained what had happened to me. I was told that I had suffered a massive stroke.” - A stroke survivor
shares his experience of the tragic incidence and how the person fought against it with the support and
encouragement from his family and friends to make the recovery [2]. This is a typical story of every
stroke survivor of his/her experience of its dreadful incidence. Stroke is one of the deadliest medical
conditions that can occur to an individual. However, with the technological advances and years of
research it is now possible to address this condition of an individual and change the course of fate. Such
an idea for a potential technological development for treatment of stroke is presented in this dissertation.

Let’s first get ourselves acquainted with stroke and its effects.

1.2 Stroke

1.2.1 Whatis Stroke?

Stroke is a medical condition caused due to inadequate supply of blood (lack of oxygen and nutrients)
to the brain cells which damages them and may result in their death. Blood flow may be interrupted due

to one of the following:



Ischemic Stroke Hemorrhagic Stroke

Figure 1.1: Ischemic and Hemorrhagic strokes and corresponding affected regions in the brain (image
courtesy [1]). The zoomed sub-image shows a vessel clot in the case of ischemic stroke. In the case of
hemorrhagic stroke the zoomed sub-image shows a vessel rupture.

e A clot in the blood vessel occludes the supply.
o A blood vessel rupture disturbs the supply.

Stroke caused due to a clot in the blood vessel is referred to as ischemic stroke and that due to a blood
vessel rupture is referred to as hemorrhagic stroke. Figure 1.1 shows these two types of strokes in the
brain. In the ischemic stroke, the region deprived of the blood supply (due to a clot) is shown while
in case of hemorrhagic stroke the blood starts to spill inside the brain regions (due to vessel rupture).
Interruption in the blood supply disrupts the supply of oxygen and essential nutrients to the brain cells
and hence damages them. The inadequacy or the loss of oxygen and nutrients to the brain cells is
referred to as ischemia which ultimately leads to their death termed as infarction or ischemic stroke.
Ischemic stroke accounts for around 80% of all strokes. Stroke is the third most common cause of
death, after cancer and ischemic heart disease. Its incidence is accelerating in developing countries due
to unhealthy lifestyles. A stroke kills around 32,000 brain cells in a second. 1/ 5t of the victims die

within a month of its occurrence and half of the survivors become physically disabled.

1.2.2 Effects of Stroke

Stroke adversely affects a person’s life forcing a change in their life-style and possibly lead them to

reconstruct their identity. The occurrence of a stroke is sudden and incapacitating. Even for stroke cases



(a) (b) (a)

Figure 1.2: Ischemic Stroke as seen on (a) CT scan - seen as a slightly dark region (b) MRI scan - seen
as a slightly bright region (c) DWI scan - seen as a distinctively bright region.

of minor severity, the recovery is often a long-term process. The future of a stroke survivor involves a
series of physical, psychological, behavioural and social challenges. There is often the uncertainty of the
recurrence of the stroke. Weakness, numbness or complete paralysis observed in one side of the body,
is a common disability among stroke survivors. Weakness in the muscles used for breathing, producing
voice and speech is seen among the survivors which results in slurred speech and heavy breathing while
talking. The cognitive abilities of a survivor such as thinking, awareness, self-confidence might be
affected. These factors affect the independence of the individual and require to be worked upon in order
for the survivor to again be socially active. Loss of memory, loss of control over emotions and feelings
of frustration are also common features observed among the survivors. A stroke can be devastating,

which is why it’s important to minimize the risk with prompt treatment.

1.2.3 Treatment and Therapy

Hippocrates, the father of western medicine [14], identified stroke as a sudden onset of paralysis.
In ancient times, little was known among the physicians for its cause and no standard therapy was es-
tablished. However, modern medicine provides several techniques for stroke diagnosis. Evaluating the
patient on a neurological examination [26] (NIHSS), in-vivo imaging techniques such as Computed To-
mography (CT), Magnetic Resonance Imaging (MRI), Diffusion Weighted Imaging (DWI) for diagnosis
and thrombolytic therapy with tissue plasminogen activator (tPA) within 3 hours of ischemic stroke [13]
onset are the established practices followed for stroke diagnosis and treatment.

The core of the region to which the blood supply is interrupted shows significant cell death in the
brain tissue while some cells surrounding the core (penumbra) are damaged and can be saved with timely
treatment. Early and accurate evaluation of presence of infarct (core) and its extent (prenumbra) is most
important in the setting of acute stroke since it helps the clinicians to classify the stroke sub-type and

plan for treatment. The primary task is to diagnose the acute stroke and identify the core and classify the



tissue at risk which is salvageable. The DWI data help identify the core of the ischemic stroke lesion as
a bright region in the scan. On the other hand, perfusion weighted magnetic resonance imaging (PWI)
provides information on the impaired perfusion (blood flow through vessels of the brain) in the core
and surrounding brain regions. The PWI represents a quantitative data and hence the region of interest
(penumbra of the stroke region) can be obtained easily. Extracting the region of interest on the DWI
(core of the stroke region) requires manual delineation of the boundary of the stroke region by expert
radiologists. Such a task depends on the availability of experienced radiologists and is time consuming.
Hence, an automated framework which can accurately detect and segment the stroke lesions will aid the
radiologist in a faster and accurate diagnosis.

MRI and CT are increasingly used by clinicians for diagnosis of neurological disorders. Identifica-
tion of major ischemic change in CT is popular because of the low cost and high speed of acquisition.
However, MR based diffusion and perfusion analysis of the ischemic stroke is more sensitive for early
stroke region identification as compared to CT, especially in the early stages [5]. Figure 1.2 shows sam-
ple images of ischemic stroke as seen on different modalities. The stroke is clearly visible in the DWI
scan as opposed to a CT scan. DWI enables early identification of the stroke in the brain. In addition to
early detection, measurement of the stroke volume is needed in therapy planning and assessment which
is also possible with DWI. Different semi-automated and automated techniques have been proposed in
literature to identify and segment the ischemic stroke lesions utilizing different medical modalities. A
few approaches have tried to utilize the information from multiple sources to better quantify the stroke

region.

1.3 Thesis Focus

Stroke lesions appear hyper-intense on DWI and are inhomogeneous, with complex shapes and am-
biguous boundaries with observed intensity variation [23] which makes manual segmentation difficult
and time consuming. Multi-modal approaches presented in literature have aimed at tissue classification
and identifying the salvageable regions during the evolution of stroke which assists the clinicians in
predicting the eventual outcome in the chronic stage of the stroke. However, early detection and seg-
mentation of regions of ischemic stroke, regardless of size and location, is critical for treatment. The
conventional methods for stroke segmentation fail to capture the smallest regions of infarction in the
scan.

The focus of this thesis is to accurately and automatically detect and segment the ischemic stroke
lesions by utilizing the DWI data. The main challenge is detecting and segmenting the small-sized
stroke lesions in the data. The problem of detection is twofold - (i) automatically localising the stroke
lesions in the data (ii) enhancing the data for manual/visual analysis by experts. The challenge in task
(i) is to accurately detect all the lesions regardless of their size. In order to accurately segment the stroke
lesions in the data a pre-processing stage is required to enhance the conspicuity and the definition of

the stroke lesions in the data. At the same time, standardizing display conditions for DWI scans on a



standard 8-bit display has not been achieved. Thus, the challenge in task (ii) is to propose a contrast
enhancement scheme that better defines the stroke lesions in the data and aids the segmentation process
as well as provides standard displaying conditions for the radiologists to better diagnose the DWI scans
for stroke lesions. As described earlier, the appearance of the stroke lesions in the DWI data is not well
defined. Thus, the next challenge is to propose a method robust to the shape complexity and intensity
inhomogeneity of the stroke lesions in the data in order to accurately segment them.

We investigate the idea of utilizing information from multiple b-value data and the ADC maps and
propose a novel framework for combining information from b1000, b2000 DWI scans for stroke detec-
tion and segmentation. Details of how the scans are acquired and what they represent are mentioned in

further chapters.

1.4 Thesis Contributions

The thesis presents a novel framework for processing (detection and segmentation) of ischemic stroke

in a DWI scan. The major contributions of the thesis are:

e Auto-windowing Technique: We present a novel auto-windowing technique for enhancing the
DWI scan relative to the ischemic stroke lesions. The work is motivated by both technical and
clinical applications. Technically, it is used as a pre-processing stage for improving the contrast
and the boundary definition of the ischemic stroke lesions in the data and hence improving the
detectability and the segmentation results for image processing algorithms. Clinically, radiolo-
gists routinely use the windowing approach by manually varying the window parameters to better
diagnose the region of interest. However, this task is cumbersome and there is no standardization.
To date there is no literature available on automating the windowing task and providing a stan-
dard for this windowing approach. We provide an efficient algorithm to automate the windowing
process and in order to validate the clinical significance of the approach a perception study with
expert radiologists is carried out and extensive analysis of the obtained results is done.

e Detection of Ischemic Stroke Integrating Information from Multiple b-Value DWI and the
ADC Maps: We propose a novel method for accurately detecting ischemic stroke lesions from
DWI data. The detection of the candidate lesions and the task of addressing the false positives is
achieved by unifying supplementary information from multiple b-valued data and the ADC maps.
Analysis of the detection results shows our method is able to accurately detect the smallest regions

of infarction in the data.

e Accurate Segmentation of Ischemic Stroke Lesions: An extension of the Chan-Vese [9] formu-
lation for active contours is proposed for segmentation of stroke lesions. The extension operates
on a vector image, as opposed to a scalar image in the standard formulation, exploiting informa-

tion from multiple image sources to better define the contour evolution.



e Implementation of Automated Pipeline: An automated algorithm employing the proposed
framework is implemented in MATLAB [28].

1.5 Thesis Organization

The organization of the thesis is as follows. Chapter 2 discusses about the medical imaging modali-
ties for processing stroke. The concept of DWI is introduced and the acquisition process of DWI with
multiple b-values is explained. This chapter lays the foundation for the significance of DWI and the
measures to be taken in processing ischemic stroke. The proposed multi-stage pipeline is introduced
in the chapter. The corresponding sub-stages of the pipeline are discussed in brief and the need for
introduction of the respective sub-stages is justified. The novelty of the proposed system utilizing infor-
mation from multiple b-values is discussed in brief.

The DWI data is inherently noisy with low resolution and hence a novel auto-windowing technique
is proposed in Chapter 3 as a preprocessing stage before the actual segmentation task is performed. The
goal is to find the window setting that maximizes the local contrast for the lesions in a given dataset.
For every given candidate, the local contrast is measured for a set of window parameters. The desired
best window is the one which yields maximum local contrast for the lesions. A detailed analysis of
the windowing results is presented. Results of a perception study of the windowed results against 8
radiologists are also presented to validate the results of the approach from a clinical point of view.

Chapter 4 discusses the proposed system for detection and segmentation of ischemic stroke lesions in
the DWI scans in detail. The method utilizes information from multiple b-values to accurately detect the
lesions in the data. An extended version of the Chan-Vese [9] formulation of active contours is proposed
for final segmentation using the candidate lesions as the input. A detailed analysis of the segmentation
results to validate the proposed system is presented. Performance evaluation of the approach against a
leading method [8] as well as against the proposed system utilizing single b-value data is also presented.

Chapter 5 concludes the work and discusses the potential application of the proposed system in

clinical usage and the challenges to be faced to envision this goal.



Chapter 2

Background Work and Proposed System

2.1 Medical Imaging Modalities for Stroke Diagnosis

CT is extensively used for identification of suspected stroke in the initial stages. Subtle changes
in scan may reflect regions of cytotoxic edema which results in ischemia. The changes are generally
reflected in the contrast at the junction that separates the tissue of gray matter and white matter in the
scan. Early identification of ischemic changes in non-contrast CT is a challenge and depends on the
reviewer experience. In the first 6 hours from the onset of the stroke, the CT scan fails to capture the
early ischemic changes in most cases. Thus, in an emergency setting, CT is primarily used to rule out
any intracerebral haemorrhage [5]. Use of CT angiography and CT perfusion aids the analysis of stroke
on a CT scan, however, at the cost of additional contrast material and radiation exposure [17].

Conventional MRI is more sensitive to ischemic changes as compared to CT. Hydrogen nuclei (pro-
tons) in the human body become excited when positioned in a strong magnetic field; they absorb the
radio frequency energy of the magnetic field and then release it until they relax completely. The energy
is released from the excited tissue over a short period according to two relaxation constants known as
T1 and T2, and the emitted energy signals are converted into images. The contrasts in the images result
from different intensities of these emitted signals, which in turn result from different concentrations of
the nuclei in different tissues in the body [19]. A subtle change in the contrast is easier to identify on
the MRI. However, such changes are not usually visible upto 3-4 hours from the onset of stroke [4]. A
few of the limitations of MRI are its high cost and long scanning durations making it difficult to exploit
its use in emergency setting.

Diffusion-weighted imaging (DWI) is sensitive to the microscopic random motion of the water
molecule protons. To obtain diffusion-weighted images, a pair of strong gradient pulses are added to
the pulse sequence used in traditional MRI. The signal strength depends on the magnitude of molecular
translation and diffusion weighting. The amount of diffusion weighting is determined by the strength
of the diffusion gradients, the duration of the gradients, and the time between the gradient pulses. In
areas of acute stroke the diffusion process is hindered and it is revealed as a hyper-intense signal in

the acquired scan which forms the underlying phenomenon of stroke detection methods [12]. Clinical



studies have proved that diffusion-weighted magnetic resonance imaging (DW-MRI) is more sensitive
to early ischemic stroke than conventional MRI or CT and thus helps in the diagnosis of acute ischemic

stroke at a stage when the lesions might not be detectable in other modalities [11].

2.2 Characteristics of Diffusion Weighted MRI

DWI encodes the mobility of the water molecules in the brain in to a sequence of images with
varied contrast [15]. The signal intensity of the DWI scan at every voxel depends on the degree of
diffusion of the water molecules in the underlying tissue. The diffusion process is hindered in locations
of acute stroke and this manifests as a hyper-intense signal in the acquired scan [16][34]. The diffusion
sensitivity during acquisition is quantified by the b-value which determines the strength and duration of
the diffusion gradients. The b-value is a control parameter which is fixed for every scan. The b-value is

calculated as

b=~>G?5*(A —6/3)

where,  is the gyromagnetic ratio, GG is the amplitude of diffusion gradients, J is the duration of the
diffusion gradients and A is the time interval between the two gradients. Increase in diffusion sensitivity
(b-value) is usually accounted for by the increase in values of G and sometimes due to increase in values
of § and A.

Varying the b-value generates sequences with varied contrast for the same tissue [35]. The scan
obtained with b = 0 is a standard T2 image, generally used as an anatomical reference. Increase in b-
value serves to attenuate the signal intensity for the normal tissue more as compared to that of the lesion
thus helping improve the contrast of the lesion. Accordingly, imaging with higher b-value in a 1.5 Tesla
scanner has been found to improve the conspicuity, particularly for small-sized lesions and reduce the
number of shine-through artifacts, however, at the cost of SNR degradation and accentuated anisotropic
effects in regions where white matter tracts are prominent [10][23]. The signal strength depends on the
echo time (TE) during acquisition. An increase in b-value results in an increase in TE and thus the SNR
of the resulting scan is compromised. Figure 2.1 shows a slice obtained with multiple b-values: b = 0,
b = 1000 and b = 2000. As seen from Figure 2.1, the stroke lesion has improved conspicuity and
contrast in the 52000 scan relative to the b1000 scan. However, the 52000 scan appears noisier than the
51000 scan.



(©)

Figure 2.1: DWI scans with different b-values (a) b=0 (b) b=1000 (c) b=2000 and the corresponding
ADC map. The arrow shows the region of stroke as seen on these different scans.
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Figure 2.2: Processing pipeline of the proposed approach. The data used at every sub-stage is described
in the legend.

Imaging with high b-value reduces the relative contribution of the T1 and T2 weighting in the ac-
quired scan [10]. The signal intensity in DWI decays exponentially with the rate of diffusion in a
voxel. The signal intensity in a DWI scan is confounded by the overlaying T2 signal intensity. Regions
sensitized due to long T2 may simulate contrast similar to reduced diffusion [31]. Such artifacts are
referred to as the T2-shine through artifacts. In order to quantify the diffusion process regardless of
the T1 and T2 relaxation effects, the Apparent Diffusion Coefficient (ADC) maps are derived using the

Stejskal-Tanner equations:

-1 S

where S is the signal intensity obtained with bg=0 s/mm? and S is the signal intensity with b # 0
[38]. Thus scans with different b-values are needed to derive the above map. Diffusion in physics, is
defined as 1/3 times the product of the medial velocity times the mean free path. The unit for diffusion is
area per time. The b-value is inversely proportional to the diffusion coefficients (ADC). Hence, the unit
of b-value comes out to be time per area. [?]. As seen from Figure 2.1, the ADC map shows reduced
diffusion in the area of stroke and appears dark relative to the normal tissue. Significantly bright region
on a DWI scan accompanied with low intensity value on the ADC map is an indicator of the stroke

region in the data.
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2.3 Proposed Multi-Stage Pipeline

2.3.1 Argument for Design of Multi-Staged Pipeline

The stroke lesions in the DWI scan appear as bright hyper-intense regions, however with variable
sizes and observed intensity inhomogeneity across the scans as evident from Figure 2.1. An intensity
based segmentation method alone will not be able to reject the falsely segmented regions due to the
presence of shine-through artifacts that mimic the stroke appearance. An example of shine-through
artifact is shown in Figure 2.3. Also, the intensity based segmentation method will fail to accurately
capture the small-sized lesions in the data due to low resolution and poor SNR of the DWI scans. Hence,
a multi-stage pipeline where the true lesion locations are detected in detection stage and the detected
true lesions are accurately segmented in the segmentation stage is proposed. Such a pipeline enables us
to perform the task of detecting the bright hyper-intense regions in the data separately.

Clinical studies have proven the usefulness of
imaging the DWI scans with higher b-value. High
sensitivity is achieved for the task of stroke detec-
tion on DWI scans with higher b-value, however

at the cost of specificity. In order to increase the

N
specificity by reducing the number of false de-

. ] . . Shine-Through
tections, information across the DWI scans with Artifact

higher and lower b-values can be utilized along
with the complementary information provided by
the ADC maps. After detecting the set of true le-

®

Ischemic
Stroke Region

sions in the data, the segmentation stage can im-
prove upon the boundary of the detected lesions
and thus obtain accurately segmented stroke le-
sions in the data. Another advantage of a multi- pjg;re 2.3: A shine-through artifact and a ischemic

stage pipeline is that the windowing operation can . .
. ) stroke region as seen on a DWI scan. The shine-
be performed in a separate pre-processing stage.

This serves the purpose of enhancing the contrast through artifact appears similar to the stroke region.
of the lesions in the DWI data which aids their

segmentation as well as helps the experts in manual diagnosis.

2.3.2 Pre-processing

2.3.2.1 Windowing Operation

Windowing is the process of the contrast stretching where a given range of intensity values (large
or small) is extended via a gray-level transformation. A given window setting is characterized by the

window level and the width that determines the overall brightness and contrast of the transformed image.
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Figure 2.4: Histogram of the T1 brain MRI data. The different peaks in the histogram correspond
to the different tissues and regions in the data as shown by the labels. The corresponding scans after
windowing are as shown. The different regions can be distinctly seen in the windowed scans.

Window level is the intensity value at the centre of the window and the window width is the range of
intensity values around the window level. The window parameters can be varied to generate multiple

views of the same raw data based on the contrast differences between the different regions in the data.

2.3.2.2 Need of Windowing on Medical Data

Medical images are typically encoded in 12 or 16 bits and thus the dynamic range of the image
intensities is high. The entire range cannot be displayed at once on a standard 8-bit display, albeit with
the high information content. When viewing the medical data on a standard 8-bit display, a simple
technique would be to compress the entire dynamic range to fit the display range which would result
in a low contrast image thus affecting the diagnosis. The high dynamic range also poses a problem to
the image processing techniques those are dependent on the subtle intensity variations in the data which

might be lost in the high dynamic range. Thus, a contrast enhancement image processing technique is
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essential to address these issues. Instead of displaying the entire intensity range, a part of the range is
displayed utilizing the windowing operation. An example that demonstrates the strength of windowing
operation in intelligently viewing T1 MRI data of the brain is shown in Figure 2.4. In doing so, a linear
transform is desired which preserves the relative contrast variations in the data while enhancing the data
since a non-linear transform may alter the relative contrast variations between different tissues which
can lead to false diagnosis. Hence the windowing operation is used as preprocessing step before the

medical data is analysed.

2.3.2.3 Need of Windowing on DWI Data

The DWI scan is a measure of the microscopic random motion of the water molecules inside the
brain. DWI acquisition is done using the standard echo-planar imaging (EPI) technique which is sus-
ceptible to T2 shine-through artifacts. The acquisition process induces a trade-off between signal-to-
noise ratio (SNR), time and resolution of the acquired image. Since the acquisition time of DWI scan
is very low (<1 min), the resolution as well as the signal-to-noise ratio are heavily compromised. Low
resolution and noisy data poses a problem in the identification of the ischemic changes and subtle signs
of stroke. With the increase in b-value, the data becomes increasingly noisy and while the detectability
of the lesions might be improved, extent of the lesions is difficult to judge. Also, varying the b-value
generates different sequences with varied contrast for the same tissue.

Identifying the different regions (normal tissue vs abnormal tissue) and boundaries is a necessary and
a challenging task for the accurate diagnosis of the DWI scans. Low resolution, multiple artifacts, partial
volume averaging, intensity inhomogeneity and varied tissue contrast of the DWI scan make it difficult
to visually interpret the results. The results of detection and segmentation are also dependant on these
factors and they significantly affects the accuracy of both the tasks. Thus, a preprocessing step which
addresses some of these issues and enhances the contrast is essential before diagnosis. Global contrast
enhancement may result in loss of local contrast thereby hindering the detectability of small sized lesions
and their boundaries in DWI. Thus, windowing operation which enhances the local contrast through a

linear transformation and suppresses the noise in the DWI scan is used to enhance the DWI data.

2.3.3 Automatic Windowing Method

An automatic windowing approach is proposed for pre-processing the b2000 and b1000 data for
improving the local contrast and definition of the lesions while suppressing noise. Another motivation
for proposing the windowing approach is to assist the radiologists in visual analysis of the DWI data
for stroke regions. The proposed windowing approach enhances the contrast of the DWI data relative
to the stroke lesions present in the data. The method searches for the window setting that maximizes
the contrast of the stroke lesions present in the data. It better defines the stroke lesions and thus aids the

visual analysis by the experts as well as the automated segmentation.
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2.3.4 Detection of Stroke Lesions

Our objective is to accurately detect and segment the stroke lesions. The b2000 data with high
sensitivity for stroke is suitable for finding candidate locations. However, due to reduced SNR, relying
only on b2000 data can lead to a high number of false positives (FP). The b1000 (with low anisotropy
effects) and the ADC (impervious to shine-through artifacts) are appropriate to help reject these FPs.
Accordingly, our strategy is to leverage the b2000 data to find candidate lesions and use the ADC and
b1000 data to reject FPs.

2.3.4.1 Candidate Selection

The candidate selection stage is based on simple observations and domain knowledge to find an
optimal intensity threshold to find the set of candidate stroke lesions in the data. We bank on the
property of the stroke lesions to appear as hyper-intense regions in the DWI scan which are typically
brighter than the normal brain tissue. The other observation that we make in finding the threshold is that
the volume of the brain is much larger as compared to the volume of the stroke region. Combining these
two observations we find the optimal intensity threshold from the volume histogram of the given DWI

scan. The details of method are explained in Section 3.3.2.

2.3.4.2 Candidate Refinement

In order to refine the set of candidate lesions to obtain the frue candidates, we perform a candidate
refinement stage again utilizing the domain knowledge of the acquisition process for DWI scans. False
candidates that mimic the appearance of stroke lesions in the data arise due to artifacts (inherent to the
acquisition process) or due to anisotropy effects (caused by increasing the b-value). Thus, utilizing the
ADC maps which quantify the diffusion process regardless of the artifacts and integrating the informa-
tion from multiple b-value scans, we address the false candidates and obtain the set of true candidate

lesions. The details of the method are mentioned in Section 4.3.3

2.3.5 Stroke Segmentation

Detection of candidate pixels is a relatively easy task compared to their accurate segmentation. DWI
acquisition is done using the standard echo-planar imaging (EPI) technique which compromises the
resolution as well as the SNR of acquired scans and affects the precision with which subtle lesions can
be detected. Hence, contrast enhancement of the lesions prior to segmentation is required. An automatic
windowing-based technique was designed for this purpose. Stroke lesions appear bright in DWI but are
inhomogeneous, with complex shapes and observed intensity variation. Hence, an active contour based
approach is deemed appropriate for segmentation of the stroke lesions. We propose a modification to
the standard Chan-Vese model for active contours [9] to better segment the stroke lesions in the data.

The details of the proposed modification are explained in Section 4.4.3.
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2.4 Discussion

DWI is an inherently noisy data with multiple contrast for the same tissue. The nature of the ap-
pearance of the stroke lesions in the DWI data is ambiguous. Imaging with higher b-values provides a
better definition of the stroke lesion which combined with the complementary information from ADC
maps gives a significant indicator of the regions of stroke in the data. The different resources provide
different information about the stroke and other artifacts in the data and hence demand a clever approach
for its integration to characterize stroke lesions. A multi-staged framework with lesion detection and
segmentation enables us to address the false positives in the data that mimic the stroke lesions at the
detection stage and allows for segmentation of only the true stroke lesions.

With this motivation, we propose a multi-stage pipeline for stroke detection and segmentation as
shown in Figure 2.2. The true candidate lesions are obtained in the detection stage by utilizing infor-
mation from multiple resources (b1000 and b2000 DWI scans and the corresponding ADC maps). A
contrast enhancement scheme is proposed to improve the contrast of the DWI scans relative to the stroke
lesions present in the data. The segmentation stage utilizes the b2000 DWI scan and fuses the compli-
mentary information obtained from the ADC maps to perform an accurate segmentation of the stroke
lesions. The segmentation method thus employs a simultaneous multi-modal approach to define the
detected stroke lesions in the data. Following chapters give insight into the concept and implementation
of the proposed approaches. Extensive results are provided for validation and a detailed analysis of the

results is reported to support the claims proposed above.
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Chapter 3

Automatic and Adaptive Windowing Technique

3.1 Introduction

During stroke analysis, the clinical practice is to conduct a fast DWI scan (<1 min) to gain a quick
assessment to enable further detailed and accurate diagnosis [12]. Thus, the resultant scan of the DWI
acquired using the EPI technique has poor SNR and low resolution due to a short time of acquisition.
This affects the detectability of small stroke lesions in the data. On the other hand, in order to achieve
accurate segmentation results, a pre-processing stage to enhance the contrast of the data is necessary.
The stroke lesions in the data are inhomogeneous with complex shapes. The different lesions in the data
show intensity variations across the volume and hence a contrast enhancement scheme is necessary to
improve the lesion definition which aids the segmentation process. In this chapter, we introduce a novel
contrast enhancement scheme which automatically and adaptively determines the window settings that
enhances the contrast of the DWI data relative to the ischemic lesions. The details of the method are

described further in this chapter.

3.2 Brief Review of Existing Methods for Processing MRI/DWI

Visibility of abnormalities in images is key to diagnosis and can be improved via a contrast enhance-
ment technique or windowing. At the clinical level, radiologists routinely adjust the window parameters
(width and level) to obtain the best overall contrast and brightness before arriving at a diagnosis. This
is partly to adapt to their display device and partly tailored to an abnormality of interest. An optimal
window setting for DWI, was manually determined for Hypoxic-ischemic encephalopathy and shown to
improve diagnosis across patients and scanners [29]. Semi-automated methods have also been utilized
towards standardising the display across patients and scanners [37]. Automated methods for determining
the window parameters have aimed at global contrast enhancement. Techniques using spatial, anatomi-
cal and histogram information [6] as well as pseudo colorisation (of segmented results) [30] have been
proposed. In the latter case, different tissue classes for T2 weighted MR images are identified from the

histogram and the pseudo-colorisation is done using fuzzy membership functions. The problem of over-

16



50 —

as

Iso-intense Region
(Brain
Parenchyma)

40

35}

20

25

Frequency

Hyper-intense Region
(Infarcts, Shine-Through
Artifacts)

20

15

10

g L L b
o 50 100 150 200 250

Gray Level Intensity

Figure 3.1: Regions shown on histogram of a DWI brain volume with background suppressed. Knee-
point beyond which infarcts and shine-through artifacts lie, shown in red.

enhancement and high complexity of adaptive-histogram equalization is overcome by proposing a local
bi-histogram equalization technique in [42] for medical images. A wavelet transform-based approach
[41] utilizes a linear function for combining the transform coefficients across scales after thresholding.
Alternately, a histogram based method [22], incorporating the gradient and intensity information serves
to enhance the white matter lesions while suppressing the background in FLAIR MRI.

Global contrast enhancement may result in loss of local contrast thereby hindering the detectability
of small sized lesions and their boundaries in DWI. Such techniques can also result in a non-linear
transformation which will change the relative contrast between different tissues which is undesirable. A
linear transform which preserves the relative contrast variations while enhancing the data is preferable.

The discrimination of subtle ischemic lesions can be confounded by presence of artifacts (for ex-
ample, susceptibility-related shine through, coil sensitivity, T2 shine through) and acquisition related
changes (b1000/b2000) [24]. The practice of acquiring DWI scans of different b-values produce varied
contrast for the same brain tissue. The intent is to help improve the discriminability of ischemic lesions
in the data while preserving the relative contrast among the tissues. Proposing a contrast enhancement
technique helps to serve two purposes: (i) improving the lesion definition to aid the segmentation task
and (ii) assisting the clinicians by providing a standard across data from different scanners and acquisi-
tion protocols. With this motivation we propose the contrast enhancement scheme for processing DWI

data with respect to the ischemic stroke lesions in the data.

3.3 Method for Auto-Windowing

3.3.1 Concept

The auto-windowing problem requires finding two parameters, the optimum window level [, and

width w,. Since the goal is to improve the discriminability of the ischemic lesions, an approach which
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achieves local rather than global contrast enhancement is appropriate. Accordingly, we formulate the
problem as finding the window setting that maximizes the local contrast for the lesions in a given dataset.
Thus, the first step in our approach is to do a coarse segmentation of the lesions from the given DWI
dataset. Next, the local contrast is measured for a set of window parameters. The desired best window
is the one that yields maximum contrast for the lesion(s) relative to the local background. In our work
we choose the Contrast-to-Noise Ratio (CNR) as the metric to characterise the local contrast. We now

present the proposed auto-windowing method in detail.

3.3.2 Coarse Segmentation

We start with the following observations. In the case of an acute stroke,

e Stroke volume < Brain volume.

o The infarct appears brighter than the brain tissue.

The first observation is intuitive and the second one is a property of the DWI scan. Let H, be the
volume histogram of the given DWI volume obtained after masking out the background in the image.
From our observations the following conclusion can be made: pixels belonging to lesions will give rise
to short peaks at the higher end of H,. This is illustrated in Figure 3.1. Hence, a simple threshold set
at the knee-point after the global maximum in H, can help select the desired candidates. It is possible
to employ a non-linear transformation to find this knee-point accurately, however, a rough method will

suffice.

The knee-point is determined by a function which minimizes the error between two line fits which
operates as follows: Let G4, be the global maximum in H,. The function iteratively finds a bisection
point along the curve after G,,,q,. At every iteration, the bisection point divides the curve into two
sets of points - curve points lying to the left and to the right of the bisection point. Two lines are fit
originating from the bisection point to these set of curve points. The bisection point which minimizes
the sum of errors for the two line fits is determined as the knee-point. Figure 3.2 illustrates the two line

fits with minimum error at the knee-point.

The given DWI volume data is thresholded at the knee-point and all the pixels having intensities
greater than the knee-point are retained. A connected component analysis on these pixels yields a set
of coarsely segmented candidate lesions. Connected components with a size less than 5% of the image
matrix size were ignored. Sample results of the proposed method are shown in Figure 3.3. As seen from
Figure 3.1 the gross anatomy and the intensity distribution of the brain in the DWI scans is relatively
similar and hence this method correctly identifies the threshold on all the DWI datasets. The CNR plots
for the obtained set of candidate lesions are generated as described in the next section.
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Figure 3.2: Knee-point (shown as a red star), global maximum G4, and the corresponding line fits
shown on the volume histogram of the brain with the background suppressed.
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Figure 3.3: Results of Coarse Segmentation on two slices. (a),(c) are the original images while (b),(d)
are the corresponding pseudo colored images where the segmented lesions are shown in blue.

3.3.3 Generation of CNR plots

For each of the candidate lesions, the CNR is computed as:

CNR = My
(02 +07) /2

where, 1, and o, are the mean and standard deviation of the intensity of region x, respectively; ¢
denotes core region; b denotes background. The candidate lesion is considered as the core region
and the surrounding normal brain tissue in a bounding box (with a 3 pixel margin) is considered as
the background region. The ‘normal’ tissue is characterised by ADC values in the following range:
[0.6 — 1.15] x 10~3mm?/s [38]. The ADC maps are referred in order to estimate the background
cerebral white matter since it might be the case that the lesion is present at the boundary of CSF region
or the brain. We don’t want to bias the CNR values by suppressing the mean of the background region.
Hence only the cerebral white matter in the bounding box is considered as background which is found

using the ADC maps.
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Two plots are generated for each volume as shown in Figure 3.4. Figure 3.4(a) is the plot of
CNR(l,w) while Figure 3.4(b) is the plot of max (CNR(w)). The interval [1, N|, with N being

the maximum intensity in the data, was sampled to generate these plots.

1 =nAl ; n=12,...N

w=mAw ; m=12,...N

In our implementation, the sampling intervals (Al and Aw) were fixed at 10. Experiments were
done to test the effect of varying the sampling interval on [, and w,. A trade-off has been observed
between consistency in the obtained window parameters and the computational time with the increase
in sampling interval.

The desired optimum level [, is found from CNR(l,w) and is taken to be the value of [ corre-

sponding to the highest CNR value. The desired optimum width w, is chosen such that the variation
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in max (CNR(w)) is below a fixed threshold. As seen from Figure 3.4(a), [, = 120 and from Figure
3.4(b), w, = 140.

Since contrast is a subjective notion the choice of optimal window parameters were made with the
following reasoning: Let g. and g, denote the gray values of the core and background respectively, for an
infarct. Consider the case where | = g.. In this case, the CNR will have a unique peak for this window
level, say C'N R, which will correspond to the smallest w. This can also be observed from Figure
3.4(a). Whereas, if [ < g, the visibility of the infarct reduces and the background starts dominating.
Beyond some w, the CNR variation is minimal as the lesion is no longer visible. Consequently, CNR
will still attain a maximum (< C'NR,), for some w. Since our aim is to enhance the contrast of the
lesions, the width value, above which the contrast of the lesions is not affected significantly, is chosen
as the desired w,.

The proposed method is validated through two different means (i) quantitative and qualitative assess-
ment of lesion contrast improvement (ii) perception study analysis with experts. The validation of the

results is presented in the further sections.

3.4 Experimental Analysis and Results

The algorithm was tested on the collected datasets and extensive evaluation of the obtained results
was done. The evaluation aimed at determining the effectiveness of the proposed auto-windowing
method across the following independent parameters: multiple scanners and multiple diffusion weight-
ing (b1000 and b2000). The results were reported on two different methods of assessments - a mirror

region of interest analysis and the contrast improvement ratio.

3.4.1 Materials Used

24 DWI volumes of confirmed stroke patients were collected from two local hospitals which had
different types of scanners and used different methods of data acquisition. The different b-value data are
acquired sequentially on Scanner-1 and simultaneously in Scanner-2. The ADC maps from Scanner-1
were independently generated for both the b1000 and b2000 data using the Stejskal-Tanner equations:
ADC=—(1/b)In(S/Sp), where Sy is the signal intensity with gradient factor b=0 s/mm? and S is the
signal intensity with gradient factor b=1000 or 2000 s /mm? [38]. The full data description is provided
in Table 3.1.

3.4.2 Mirror Region of Interest Analysis

The mirror region of interest analysis (MRA) was done to validate the improvement in the contrast
of the lesions relative to the anatomically similar background brain tissue as represented by the mirrored

region. This was achieved by flipping the lesion around the mid-line of the brain and the obtaining the
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Table 3.1: Data Description of the DWI Volumes Collected from the Two Local Hospitals With Different
Types of Scanners and Different Acquisition Protocols.

Matrix
Scanner Data-sets Acquired Data Voxel Size Size/Pixel
Depth (PD)
b=0, b=1000,
b=2000, ADC = 0.98x0.98 | 256x256%22
Scanner-1 8 Post Acquisition | x6.32mm | /PD=16 bits
(Sequential)
b=0, b=1000,
b=2000, ADC = 1.95x1.95 | 128x128x%20
Scanner-2 16 During Acquisition | x7.28mm | /PD=12 bits
(Simultaneous)

corresponding mirror region in the contra-lateral hemisphere. The contrast of the lesion relative to this

mirror region and the percentage improvement in the contrast were measured as,

Z? i ’ CMyw ’

where, p and [ are the mean intensity values of a lesion and its mirrored region respectively and n
is the number of lesions. The Cj; values were computed only for candidate lesions that showed true
lesion characteristics determined from ADC maps. Candidates in the specified range of ADC values
([0.15 — 0.6] x 10~3mm?/s) for acute infarct regions were used. The improvement in the C; values
is quantified as a percentage by C)s; defined above. Here, Cys,,, and Cyyy,, are the C'yy values for
windowed and non-windowed data respectively. This metric, in essence, captures the improvement in
the lesion contrast, relative to the global background brain tissue as represented by the mirrored region.

For a given dataset, the mid-line was detected manually.
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Figure 3.5: Results of Miror ROI Analysis
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3.4.3 Contrast Improvement Ratio Analysis

The contrast improvement ratio (Crr)[22] was computed to validate the improvement in the local

contrast of the lesion relative to the local background. The Cp, is defined as,

Silea—e? e — ]
2. 16— G|” o — IHe = Hbl|

Crr =100 x ) 1 =
> Ci | e + )

where, c and ¢ represent the local contrast without and with windowing respectively and n is the number
of lesions. The local contrast ¢; is defined based on the mean values of the lesion (i) and its local
background (y). The normal brain tissue present in the bounding box with a 3 pixel margin around
the lesion is used to define the lesion’s local background. The C;r values are computed only for true

candidates which were determined as described earlier.
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Figure 3.6: Result of Contrast Improvement Ratio(%) Analysis

3.4.4 Analysis of Results

The C)s values for data with and without auto-windowing are plotted in Figure 3.5 for both b1000
and b2000 datasets. The average C'y; values were found to be (34.35%, 59.71%) for (b1000, b2000) re-
spectively. We note from Figure 3.5, that the C; values are high for both windowed and non-windowed
b2000 data in most of the cases. Such a trend is to be expected since b2000 offers higher contrast of
the lesions relative to the b1000 data [35]. In our dataset, it was found that there was only one volume
where the lesions occurred in contra-lateral locations in the same slice (shown in Figure 3.8(u)).

The results of quantitative evaluation of C'r are presented in Figure 3.6. The average values of Crr
were found to be (25.82%, 25.59%) for (b1000, b2000) respectively. As seen from Figure 3.6, there is a
minimum improvement of 10% in the Cr values across volumes with the exception of the 4th yolume.
This volume had only one small lesion (shown in Figure 3.8(e)) causing the negligible improvement
in Crr. There was a significant improvement in Cr for b1000 data as compared to the b2000 data
for the 2"¢, 37% and 24" volumes. These had medium sized lesions of with poor contrast in the b1000
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data which improved with an increase in b-value (b2000). Consequently, the C';r values are higher for
b1000 cases. There is significant improvement in the Cp value for the 22" volume for the b2000 data
because the b1000 acquisition is highly noisy and the contrast variation in the tissues is highly distorted
due to presence of artifacts. In sum, the size of the lesions has a bearing on the quantitative results. With
an increase in lesion size the variation in the intensity within the core region also increases which affects
the Crg.

Table 3.2: Quantitative Comparison of Results Across Scanners. Mean values of Cys; and Cr com-
puted across the scanners.

Cur Crr
Scanner 51000 52000 b1000 52000
Scanner-1 23.59% 53.51% 21.39% 25.13%
Scanner-2 39.73% 62.82% 34.67% 25.82%

The mean values of Cjs; and Crr were computed across the scanner and the values were found
to be as reported in Table 3.2. From the results we can infer that windowing is more effective to data
obtained from scanner-2 relative to scanner-1. The voxel size, matrix size and the pixel depth of the
data obtained from scanner-1 is higher relative to that of the scanner-2. Thus, the data from scanner-2
has poorer contrast and noisier relative to data from scanner-1. Hence the improvement in local and
the global contrast after windowing as measured by Crr and C)js respectively is more in data from

scanner-2 relative to scanner-1.

Overall, the quantitative assessment of the proposed method indicates that the method results in
a significant improvement in the contrast of the lesion relative to global brain tissue background and
relative to the local background. It is also noteworthy that the reported results are obtained over datasets

with different acquisition protocols. This demonstrates the robustness of the method.

3.4.5 Gain in Segmentation Accuracy through Windowing

In order to further validate the gain in local contrast and assess the gain which can be expected in
segmentation with the proposed windowing approach, the coarse segmentation method as described
Section 3.3.2 was used and the results were compared with the ground truth obtained from experts
(neuro-radiologists). Sample colour coded segmented results are shown in Figure 3.7. The colour code
is as follows: blue, red and green pixels indicate true-positive (TP), false-positive (FP) and false-negative

(FN) pixels respectively.

The results show that windowing helps in a) reducing the FPs significantly and b) capturing the true
extent of the lesions.
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Figure 3.7: Pseudo-colored segmentation results obtained using the coarse segmentation method as
described in Section 3.3.2. Corresponding zoomed results on original data (e)-(j) and enhanced data
(k)-(p). The color code is as follows - Blue: TP, Red:FP and Green:FN.

3.4.6 Qualitative Results of Windowing

Sample windowed and non-windowed results are shown in Figure 3.8. It can be observed that the
detectability and the extent of the lesion boundaries is improved as well as the background noise is
suppressed in the auto-windowed results which offers much more discrimination between the lesions

and the normal brain tissue.
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Figure 3.8: Results of windowing on sample images from scanner 1 ((a)-(1)) and scanner 2 ((m)-(x)).
First column - original b1000 images; Second column - windowed b1000 images; Third column - b2000
images; Fourth column - windowed b2000 images.
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3.5 Perception Study and Results

3.5.1 Introduction

The proposed windowing scheme generates results where the lesions appear bright and can easily
be distinguished thus increasing the discriminability of the lesions. However, in order to perform a
complete study, a validation of the obtained results from the expert radiologists was required. Hence a
perception study was conducted with the hypothesis that the response time in identifying the number of
lesions in a presented slice of a DWI dataset is less in case of windowed result as opposed to the case
of an original image. The experiment was conducted with different radiologists with varied years of
experience. In this section, the proposed experiment that was done as part of the perception study and

analysis of the obtained results of the experiment is presented.

3.5.2 Experiment Setting

The objective of the experiment was to note the response time of the radiologists in identifying if the
presented slice of DWI is normal or abnormal and if abnormal then noting the number of lesions in the

slice to ensure that the all the lesions in the presented slice are captured.

3.5.2.1 Stimuli

The stimuli used for the experiment was a set of windowed and original DWI slices. This set com-
prised of normal and abnormal slices with different sized lesions, of different b-values and obtained
from two different scanners. The categorical distribution of the slices is shown in Figure 3.9.

Scanners B-value Windowing Scheme Lesion Size

____________________________________________________________________

Scannerl: 32} B1000: 16 J¢ Auto Window Normal Slices: 2 |i
(Our Algorithm): 8 i

Small Lesions: 2 |

Default Window Mixed Lesions: ZIE

B2000: 16 [ | (Dicom Header): 8

Large Lesions: 2 |i

Figure 3.9: Categorical distribution of the stimuli for the perception study. For each sub-category the
number of slices is shown.

3.5.2.2 Participants

The participants were radiologists from CARE hospital, Hyderabad [?]. There were 8 radiologists
with varied years of experience. The radiologists were broadly classified into two groups of Experts and

Learners as shown in table 3.3.
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3.5.2.3 Method

For each of the radiologists, the slices were randomly presented and the response time was noted in
classifying the presented slice as normal or abnormal (binary output). The number of lesions identified

by the radiologist in the presented slice if it was classified as abnormal was also noted.

3.5.2.4 Experiment Environment

The response times of the radiologists were accurately noted using the DirectRT [20] software which
is designed for cognitive and perception tasks that require millisecond precision. The experiment was
set up in the hospital environment on the monitor regularly used by the radiologists for analysing patient
data in order to avoid introducing bias in the measured response times due to different monitor settings
(resolution, contrast, brightness settings). The participants were presented with few samples slices to

get them acquainted with the functioning of the software before performing the actual experiment.

3.5.2.5 What is the Significance of Windowing?

Stating the significance of performing the windowing operation from a radiologists’ point of view

required answers to the following set of questions:

o [s there a significant reduction observed in the mean response times for classification of windowed

data against that of the normal data?
e Does the sensitivity and accuracy for detection of lesions in the data improve after windowing?

e Does the windowing introduce any artifacts in the data?

The analysis of the perception study was performed with the motivation to provide answers for the
above set of questions. Following section explains the analysis performed in detail to find answers and

justify them to the questions raised above.

3.5.3 Analysis of Perception Study

3.5.3.1 Brief Introduction to Statistical Analysis

Statistical analysis is done in order to extrapolate any meaningful information from available data to
derive general conclusion. The assumption is that the sample data is randomly picked from a larger pop-
ulation where the aim is to find the distribution of the population. The hypothesis confirms a significant
reduction in the response times of the windowed DWI slices as compared to those of the non-windowed
DWTI slices. To validate the hypothesis, it is sufficient to prove that the response times obtained for the

windowed and the non-windowed data are selected from two different populations.
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Table 3.3: Effect of Windowing on Observers with Different Expertise Levels. Results of the Statistical
Analysis on the Obtained Response Times for the Different Radiologists.

Category | Radiologist Year§ of Reduction in P-value
Experience Mean RT (%) (t-test Outcome)
El 29 17.22 0.000657
Experts E2 20 14.11 0.019214
E3 17 11.17 0.000846
L1 4 15.32 0.010151
L2 4 14.12 0.014375
Learners L3 3 11.18 0.025503
L4 2 8.10 0.015574
L5 0.6 11.47 0.042163

P-value is defined as the probability of the population means being different when the given sample
data have significantly different means. For e.g. given that the sample means are significantly different,
a p-value of 0.02 implies that there is 2% chance of observing such a difference in the sample means
under the assumption that the population means are identical. Thus, a p-value of 0.02 indicates that it is
highly unlikely that the two populations have identical means. We perform the statistical analysis on the
obtained response times of the radiologists before and after windowing. The p-values for the windowed

and non-windowed data are computed using the standard t-test.

3.5.3.2 Statistical Analysis Using t-Test

The statistical hypothesis testing is done using a t-test. The t-test quantifies the amount of trust to
be placed in the sample mean. When comparing two sample means the discrepancy is quantified by
the measure known as t-score. It is dependent on the difference in the sample means, the number of
observations in the sample sets and the spread of the observations in the sample data sets. For a given
study, first the null hypothesis and an alternate hypothesis are stated which are mutually exclusive.
The null hypothesis corresponds to the assumption that the population means are identical and the
significant difference observed in the sample means is due to random sampling. The null hypothesis in
our case is stated as u = mg where p is the mean of the windowed samples and my is the reference
mean of the non-windowed data. The alternate hypothesis in our case is it < mg. The next step is
to define a significance level to be considered while rejecting the null hypothesis which is nothing but
the threshold to be considered for the p-value. The significance level is traditionally set to 0.05. We
perform the statistical analysis using the t-test and obtain the p-value. If the obtained p-value is less
than the threshold, then we reject the null hypothesis stating that the difference between the means is
statistically significant and not a mere coincidence which indicates that the obtained sample datasets are
indeed from two different populations.

Table 3.3 gives the results of the t-test performed on the data and the results of the mean reduction

in the RT obtained for different radiologists. First, we examine the RT for decision making by an
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Table 3.4: Effect of Windowing on Detecting Lesions of Different Sizes. Results of the Size-Based
Analysis of the Obtained Response Times for the Different Radiologists.

. . Percentage Change in RT
Category | Radiologist Small Mixed Large Normal
El -17.85 -30.48 -13.60 +1.22
Experts E2 -18.47 -2.34 -29.06 +0.45
E3 -16.24 -23.75 -9.11 +0.26
Mean -17.52 -18.86 -17.26 +0.64
L1 -36.43 -22.75 +3.02 -9.10
L2 -33.14 -16.88 -14.25 +6.04
Learners L3 -23.33 -25.20 -6.69 -0.43
L4 -7.50 +6.42 -11.09 -16.56
L5 +5.63 -16.45 -4.95 -22.72
Mean -18.95 -14.97 -6.79 -8.55

observer. The t-test was used to ascertain the statistical significance of the obtained results. The p-value
listed in Table 3.3 characterizes the significance, with a p < 0.05 indicating a high degree of statistical
significance. The mean RTs can be seen to be reduced by 14.17% & 12.04% for Experts and Learners
respectively. Thus the analysis strongly contributes to the initial expectation. It is noteworthy that there
is no observable trend in the RTs across expertise levels.

Next, we studied the effect of windowing and size of lesions on the RT. The results of such an analysis
are presented in Table 3.4. The (-) sign indicates a reduction while a (+) sign indicates increase in RT
with windowing. Overall, it is apparent that windowing serves to reduce the RT for the learner group
for slices with smaller lesions, more, than mixed or larger ones. Detection of small-sized lesions in the
data is crucial and the most difficult task in abnormality detection and hence these results are attractive.
In contrast, the reduction in RT does not seem to depend much on the lesion size for the expert group.

An interesting outcome is the trend observed for normal slices across expertise levels. Experts took
marginally more time to analyse normal slices after windowing whereas the average RT is reduced
for the Learners. The normal data in the stimuli contained slices with shine-through artifacts. Thus
reduction in RT validates the utility of windowing for the Learners. The cautious decision making
of the Experts in ruling out artifacts, enhanced after windowing could possibly lead to the marginal
increase in the RT.

The quantitative evaluation of the obtained perception study results is presented in table 3.5. The
sensitivity and specificity values for the lesion detection in the presented slices, were calculated utilizing

the following parameters.

e True Positive Slice (TPS): Slice for which number of stroke lesions identified is same compared

to that in the ground truth.

e False Positive Slice (FPS): Slice for which number of stroke lesions identified is more compared

to that in the ground truth.
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Table 3.5: Receiver Operator Characteristics Analysis for Preforming the Task of Stroke Detection in
the Data.

Category | Radiologist Sensitivity Specificity Precision Accuracy

Before | After | Before | After | Before | After | Before | After

El 0.95 0.97 0.67 0.88 0.88 0.96 0.87 0.94

Experts E2 0.76 091 1.00 0.60 1.00 0.83 0.81 0.81
E3 0.71 0.81 0.55 0.63 0.75 0.81 0.66 0.75

mean 0.81 0.90 0.74 0.71 0.87 0.87 0.78 0.83

L1 0.72 0.76 0.85 0.87 0.94 0.95 0.75 0.78

L2 0.82 0.95 0.47 0.55 0.63 0.80 0.65 0.81

Learners L3 0.58 0.67 0.87 0.77 0.93 0.89 0.65 0.69
L4 0.29 0.52 0.33 0.23 0.33 0.50 0.31 0.41

L5 0.74 0.81 0.55 0.64 0.81 0.81 0.68 0.75

mean 0.63 0.74 0.61 0.61 0.73 0.79 0.61 0.69

e False Negative Slice (FNS): Slice for which number of stroke lesions identified is less compared

to that in the ground truth.

e True Negative Slice (TNS): Slice for which no stroke lesion is identified and the ground truth does

not contain any stroke lesion.

The mean improvement in the sensitivity, specificity, precision and recall values is 20.21%, 0.2%,
9.42%, 12.34% respectively. These values correlate with our initial expectation. Improvement in the
mean sensitivity suggests that the windowing improves the detection of the true-positives (stroke slices)
and helps in accurately identifying the stroke lesions in the data. Negligible change in the specificity
suggests that windowing does not affect the detection of the normals in the data. A further detailed
analysis of the perception study results is presented in the next section.

3.5.3.3 Further Analysis of Detection Results

In order to further validate the usefulness of windowing in detecting normal and abnormal slices,
a set of experiments was conducted. The aim of the experiments was to study the trend observed in
the results against the experience of the radiologist - if the windowing affected the detection results
differently with the experience of the radiologist. The radiologists were categorized into four groups
according to their experience as described in table 3.6.

Experiment 1: The experiment aimed at studying the effect of windowing on the response times
in detection of abnormal slices. The mean response times for the detection of abnormal slices were
plotted for each group. As seen from Figure 3.10, the mean response times before windowing show a
decreasing trend with dereasing experience. A similar trend is observed in the mean response times after
windowing with the exception of Group D where the response time increases compared to that of Group

C. A notable observation is that the windowing significantly reduces the mean response times for Groups
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Table 3.6: Categorization of Radiologists into Groups Based on Experience.

Group Radiologist Experience
Group A Expert 1 29 years
Expert 2 20 years
Group B Expert 3 17 years
Learner 1 4 years
Group C Learner 2 4 years
Learner 3 3 years
Learner 4 2 years
Group D Learner 5 0.6 years
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Figure 3.10: Mean response times of radiologist groups for detection of abnormal slices before and after
windowing.

A and B which consists of Expert radiologists. A significant reduction in the mean response times is also
observed in Group C which consists of Learners with considerable experience. Negligible reduction in
the mean response time is observed for Group D consisting of Learners with least experience. From the
observations we can deduce that the expert radiologists are assisted most due to windowing in classifying
the slices into normal and abnormal. Expert radiologists have a high accuracy of detection. Reduction
in the response times for the Expert radiologists, ensures faster diagnosis which is crucial for treatment
of patients with stroke. Hence the significance of the result.

Experiment 2: One of the crucial requirements of any contrast enhancement scheme for medical
images is to not introduce any artifacts in the data after processing. The enhancement scheme should
benefit the detection of abnormal slices and not affect the detection of the normal slices in the data. Thus,
in order to study the effect of windowing on the normal data in the stimuli the following experiment was
conducted. As described in Experiment 1, the mean response times for detection of normals were noted

for all the radiologist groups. The results of this experiment can be seen in Figure 3.11. Negligible
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Figure 3.11: Mean response times of radiologist groups for detection of normal slices before and after
windowing.

change is observed in the mean response times for the Groups A,B & C while a significant reduction
is observed for Group D. No specific trend is observed in the mean response times across the groups
before and after windowing. A noteworthy observation made from the plot is that the mean response

times of detecting normal slices are not affected after windowing.
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Figure 3.12: Total number of unique normals detected falsely before and after windowing in each radi-
ologist group.

Another experiment was conducted to validate if the windowing aids to improve the detection of nor-
mal slices in the data. Among each group, the number of unique normal slices that were falsely detected
by the radiologists was plotted as shown in Figure 3.12. The stimuli consisted of 8 normal slices. For

Groups A and B consisting of Expert radiologists, there are no false detections in the normal data after
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windowing. For Groups C and D consisting of Learners, the falsely detected normals are reduced after
windowing. In Groups C and D, no new falsely detected normals were found after windowing. Thus,
the windowing significantly helps the Expert radiologists in identifying the normal data correctly.

Experiments were also conducted to study if the size of lesions in the data and the number of lesions
in the data had a bearing on the mean response times among the groups before and after windowing.
However, no significant trend was observed in the plots.

In summary, the significant observations made from the above experiments are

(i) Windowing operation significantly reduces the mean response time for detection of abnormal

stroke slices in the data.
(i) Windowing operation does not affect the mean response time of detecting normals.
(iii) Windowing operation assists the radiologists in identifying normals.
(iv) Windowing operation does not introduce any artifacts in the data.

From these observations we conclude that the windowing operation helps the radiologists signifi-

cantly in stroke diagnosis and the method is validated from the radiologist’s point of view.

3.6 Discussion & Conclusions

A novel automated windowing technique was presented for diffusion weighted MRI. The technique
was shown to significantly improve the contrast of ischemic stroke lesions present in the DWI scan. The
proposed method is effective for different b-valued DWI scans (b1000 and b2000) and robust to data
acquired from different scanners with different acquisition processes. The qualitative and quantitative
results reported in this study show promise in the proposed method. Improvement in the lesion defi-
nition suggests the effectiveness of the approach as pre-processing step for contrast enhancement in a
segmentation framework. The perception study performed with expert radiologists and detailed analysis
of the results indicates the effectiveness of the algorithm for clinical usage from the radiologist’s point
of view. The presented results and the extensive evaluation validates the method and it may play an

important role in diagnosis of ischemic stroke in clinical trials.
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Chapter 4

Segmentation of Stroke Lesions

4.1 Introduction

One of the most important tasks in image processing is of segmentation. The segmentation task
involves labelling the semantically meaningful regions in the given image data. In our case, we try
to accurately obtain the boundaries of the stroke lesions in the given DWI data. The segmentation
method employed to achieve this task is the active contour framework with a modification that enables
the proposed framework to fuse information from multiple sources. The active contour framework is
deemed appropriate for the task of segmentation since it is robust to shape and size constraint and the
assumption of homogeneity of regions is relaxed in the extended framework. This chapter explains the
implementation of the extended Chan-Vese framework [9] for active contours and a detailed analysis
of the obtained results is reported. Performance analysis of the proposed framework with other system
variants and a leading method in literature shows the superiority of our approach.

4.2 Brief Review of Existing Methods for Stroke Segmentation

Different clinical studies in literature have shown the usefulness of diffusion-weighted imaging with
higher b-values. As described earlier, imaging with higher b-value provides better sensitivity to the
smallest areas of infarction in the data at the cost of SNR.

Figure 4.1 shows the same slice from two different DWI scans acquired with b = 1000 and b = 2000.
As seen from Figure 4.1, the stroke lesion has improved conspicuity and contrast in the 52000 scan
relative to the 1000 scan. On the other hand, the 52000 scan appears noisy as compared to the b1000
scan. Thus, the b2000 scan provides better detectability and lesion definition relative to the 61000 scan
at the cost of SNR of the complete scan.

Although imaging with higher b-values is useful, automated methods for stroke detection utilizing
the DWI, have been assessed, to date, only on b1000 data. We argue that using multiple b-values may
be beneficial for stroke detection and propose a method which exploits the improved lesion conspicuity
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Figure 4.1: Stroke lesion (marked in red) as seen on (a) b1000 Image and (b) b2000 Image. Zoomed
sub-image of the lesion on both the scans reveals improved lesion definition and contrast of the stroke
lesion on the b2000 image as compared to the b1000 scan.

to be had with higher b-values with a judicious combination of information from lower b-value scan and
the ADC map.

Prior methods for segmenting ischemic lesions in MRI maybe broadly classified into three types
- manual, semi-automated and automated. Manual methods for segmentation may provide accurate

results for further analysis but are labour intensive and operator-dependant [11].

Semi-automated methods rely on operator intervention in tuning the algorithm parameters or to ini-
tialize the algorithm. A semi-automatic adaptive thresholding algorithm utilizing the Markov Random
Field framework to model a spatial constraint and the Iterative Conditional Modes method to find a
locally optimum solution was proposed in [27] where operator intervention is required in initializing the
threshold for segmentation and in post-processing the false-positives. A semi-automatic hybrid method
utilizing classical statistics in a deformable models framework utilizing both the intensity-based and the
shape-based information to segment and measure the infarct volume in 3-D is proposed [40]. Here, the

operator intervention is required in initializing the contours for evolution.

Automated methods have received more attention recently. The automated methods comprise of
complex techniques operating on multiple modalities, with multiple stages of data processing as well
as simple data-driven histogram-based approaches. A modified unsupervised approach of the Iterative
Self-Organizing Data Analysis Technique (ISODATA) using multi-parameter MRI (T1 weighted, T2
weighted, Diffusion weighted, ADC maps) data was implemented in [18]. Here, a multi-dimensional
feature space is constructed utilizing the multi-parameter MRI and segmentation is performed by the
unsupervised ISODATA clustering method. The tissue clusters are classified by determining the angle
between clusters in the feature space. [21] proposed a multi-modal Markov Random Field model operat-
ing on T2-MRI, FLAIR-MRI and Diffusion Weighted-MRI sequences simultaneously for segmentation
of stroke lesions. A detailed lesion assessment was performed by super-imposing segmented results to
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the atlas of blood supply territories. In [3], an artificial neural network is trained utilizing multiple MRI
sequences (Diffusion-Weighted-MRI, T1-MRI, T2-MRI, and proton density weighted-MRI) to predict
the outcome of the ischemic stroke.

Automated, multi-staged methods on single MRI modality have also been proposed. These include
a multi-stage unsupervised method which involves pre-processing, calculation of tensor field and mea-
surement of diffusion anisotropy, segmentation of infarction volume using adaptive multi-scale sta-
tistical classification [25]. The classification strategy takes into account spatial, gradient, diffusion
anisotropy, and contextual information of the original DT-MR images. A partial volume voxel reclassi-
fication is employed to make segmentation more accurate by using local parameter information. Iden-
tification of the infarct slices through a probabilistic neural network and segmentation of the infarcts
using an adaptive Gaussian mixture model has also been reported [7].

In the category of data-driven and histogram based approaches a non-parametric density estimation
technique is used in [32] for cerebral infarct segmentation followed by a refinement of the class bound-
aries using an edge confidence map. Identification of stroke slices, hemisphere and segmentation of
stroke regions is achieved in [8] with a divergence measure based on the ratio of intensity probability
density functions. A split-merge approach has also been reported for segmenting hyper-intense and
hypo-intense brain lesions [36]. The pixels at each split are classified as hyper- or hypo-intense based
on a histogram based thresholding technique. In [39], inconsistency between the intensity-based seg-
mentation and the spatial-location-based tissue distribution is measured to identify the infarct lesions.
The intensity-based segmentation was performed using the standard fuzzy c-mean algorithm and the
spatial location of tissues was provided by prior tissue probability maps.

In summary, stroke lesions appear hyper-intense on DWI and are inhomogeneous, with complex
shapes and ambiguous boundaries with observed intensity variation [23] which makes manual segmen-
tation difficult and time consuming. Early detection of regions of ischemic stroke (regardless of size
and location) is critical for treatment. We argue that a better strategy for accurate stroke detection and
segmentation would be to use information from scans acquired with low and high b-values and the ADC
maps. We have investigated this idea and propose a novel framework for combining information from
b1000, b2000 DWI scans for stroke detection and segmentation.

4.3 Method for Segmentation

4.3.1 Concept

The objective is to accurately detect and segment the stroke lesions. The b2000 data with high
sensitivity for stroke is suitable for finding candidate locations, however, will have high number of
false positive locations (FP) due to reduced SNR. The b1000 (with low anisotropy effects) and the
ADC (impervious to shine-through artifacts) are appropriate to help reject these FPs. An automatic

windowing approach is proposed for pre-processing the b2000 data to suppress the noise and improve
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the local contrast and definition of the lesions. An extended version of the Chan-Vese [9] formulation

of active contours is proposed for final segmentation.

4.3.2 Candidate Selection

Given a DWI volume the candidate lesions locations are detected by the method as described in
3.3.2. As illustrated in Figures 3.1 & 3.2, the pixels corresponding to the lesions in the data have gray
values that give rise to short peaks at the higher end of the volume histogram. To capture these pixels a
threshold is set at the knee-point and the pixels having intensities greater than this threshold are retained.
A connected component analysis gives a set of candidate lesions which are refined, as described next,

to obtain true lesion locations.

4.3.3 Candidate Refinement

Diffusion takes place in the three dimensional space. Diffusion occurs more along the path of a fibre
than perpendicular to it which leads to anisotropy. In order to capture the complete diffusion process,
the diffusion gradients are applied in all three orthogonal directions during acquisition. To sensitize the
diffusion process regardless of the anisotropy, averaging of the scans obtained in the three orthogonal
directions is done. In order to reject false candidates we first rely on the fact that the anisotropy effects
increase with the b-value. This point is illustrated in Figure 4.2. Thus, while a true lesion appears bright
and has a high local contrast (LC) on both b1000 and b2000 data, the false ones will have different LC
in these data. Hence, the ratio of the LC in these two data can serve as a good metric to detect false
positives. We investigated this hypothesis and found it to hold true. In order to compute the LC, a
bounding box with a 3 pixel margin around every lesion is defined and the LC of the lesion is computed
as LO = lte—ml where, u. is mean of the lesion and pp is the mean of its local background. The

et
normal background pixels are found by imposing a constraint on the ADC values. ADC of normal

tissue pixels are expected to be within [0.6 — 1.15] x 10~3mm?/s) according to [38]. The ratio of the
LCs (b1000:b2000) was thresholded to reject the FPs. This threshold was empirically determined to be
0.6. Lowering the threshold would result in greater number of FPs while increasing it reduced the FPs

at cost of small infarcts with poor LC. A value of 0.6 was found to be optimal in all the datasets.

The above LC ratio-based rejection will not be able to reject FPs that arise due to shine-through
artifacts since they appear significantly bright on both the b1000 and the b2000 data. Hence, a second
stage of rejection is needed. As mentioned earlier, referring to the ADC data is a good choice to address
the artifacts. The expected range for ADC values for stroke pixels is [0.14 — 0.6] x 10™3mm? /s
[38]. Hence, the ADC value of every candidate is checked and all outliers are rejected. After this
refinement stage we have a set of potential lesion locations which is passed on to the next stage for

lesion segmentation.
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Figure 4.2: Anisotropy effects increasing (appear brighter) with increasing b-value in areas of white
matter tracts as seen on (a) b1000 scan (b) b2000 scan

4.4 Lesion Segmentation

Stroke lesions appear bright in DWI but are inhomogenous (within and across lesions) with complex
shapes. Hence, detection of candidate pixels is a relatively easy task compared to accurate segmentation.
An enhancement of the local contrast of the lesions is therefore a solution to improving the lesion
definition. We utilized an automatic windowing-based enhancement as described earlier in Chapter 3.

4.4.1 Automatic Windowing

The low resolution as well as the poor SNR of the acquired DWI scans affects the performance of
the image analysis tasks of segmentation which operates on lesion contrast and definition, since subtle
intensity changes may get lost. Hence contrast enhancement of the lesions as a preprocessing step is

required to improve the results of segmentation.

We utilize the method of auto-windowing as described in Chapter 3. The problem of contrast en-
hancement is formulated as finding the window setting that maximizes the local contrast for the lesions
in a given dataset. The first step in the approach was to perform a coarse segmentation of the lesions
from the given DWI dataset to find the lesion cores. This was achieved by utilizing the knee-point
calculation method as mentioned earlier in Section 3.3.2. Next, the local contrast, LC, was measured
for a set of window parameters. The desired best window was the one which yielded maximum LC
for the lesion(s) as described in Section 3.3.3. The results of automatic windowing operation showed

improvement in both the local and global contrast of the ischemic lesions in the data.
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4.4.2 Level Set Based Segmentation

Since the shape and size of the lesions vary widely an active contour based approach is appropriate
for segmentation. We chose the Chan-Vese model for active contours [9] which is an energy minimiza-
tion framework based on the Mumford-Shah functional [33], solved using the level-set method. The

objective of the Chan-Vese algorithm is to minimize the energy functional F'(cl1, ¢2, ('), defined by,

F(c1,¢2,C) = - Length(C) + v - Area(w)

[ o) = s Pdady -+ [ uola,y) ~ cafdady

Q\w

4.1)

where, © > 0, > 0, A1, Ao > 0 are tuning parameters, {2 is a bounded set in R2, C'is an evolving
curve in €2, ug :  — R is given image and w C . w and Q\@ denote the regions inside and outside,
respectively, of the evolving curve C. The constants ki, ko are the mean values of ug inside C' and
outside C respectively. The first two (curvature) terms on the right hand side, enforce a smoothing

constraint on the curve C' while the next two (fitting) terms influence the evolution of the curve.

4.4.3 Extension of Level Set Formulation to Vector Valued Images

The proposed Chan-Vese model assumes homogeneous regions for accurate segmentation. As men-
tioned earlier, the regions of acute stroke are characterized by intensity inhomogeneity and shape com-
plexity. Therefore, in order to better segment the stroke regions, the above model was applied in our
problem with a key difference. The pixel value, instead of being a scalar ug, is a vector with the b2000
and ADC values being the vector elements. Such a formulation helps incorporate the information from
both the b2000 and the ADC map, both of which discriminate the infarct pixels from the normal ones
in the data. A bright pixel on the b2000 scan along with a reduced value on the ADC map is significant

indicator of an infarct pixel. Accordingly, the standard Chan-Vese formulation is modified as

A

F(cl,e2,¢3,c4,C) = p - Length(C) + v - Area(w)

+ >\1/ |ua(z,y) — e1|*dedy + )\2/ ua(z,y) — 2P dady 42)

w

+ /\3/ |ua(z, y) — cs*dxdy + A4/\ |ua(,y) — cal*dady
w w
where, 1, v, A1, A2, w, 2, C are as defined before, A3, Ay > 0 are tuning parameters, ug : Q — R
is the b2000 DWI image and u, : @ — R is the corresponding ADC map. The constants (cl, c3)
and (c2, c4) dependent on C' are the averages of (uy, u,) inside C and outside C' respectively. We fix
A1 = A2 = A3 = Ay = 1 and v = 0 and the segmentation is the minimization of the energy functional

F(cl,e2,¢3,c4,C).
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Since the active contour based approach can lead to erroneous boundaries for small-sized lesions
(< 1% of image size), an ADC-based post-processing of the small-sized segmented results is done as
described in Section 4.3.3.

4.5 Experiments & Analysis of Segmentation Results

4.5.1 Materials Used

As described earlier in section 3.4.1, DWI volumes of confirmed stroke patients were collected from
two local hospitals which had different types of scanners and used different methods of data acquisition.
In addition to the 24 volumes used for analysis of the auto-windowing method, 17 more volumes were
collected amounting to a total of 41 volumes for analysis of segmentation results. The detailed data

description can be seen in Table 4.1.

Table 4.1: Data Description of the DWI Volumes Collected from the Two Local Hospitals With Different
Types of Scanners and Different Acquisition Protocols.

Matrix
Scanner Data-sets Acquired Data Voxel Size Size/Pixel
Depth (PD)
b=0, b=1000,
b=2000, ADC = 0.98x0.98 | 256x256x22
Scanner-1 29 Post Acquisition | x6.32mm | /PD=16 bits
(Sequential)
b=0, b=1000,
b=2000, ADC = 1.95x1.95 | 128x128x%20
Scanner-2 12 During Acquisition | x7.28mm | /PD=12 bits
(Simultaneous)

4.5.2 Experiments & Analysis of Results

4.5.2.1 Quantitative Validation of Segmentation Results

In order to evaluate the proposed framework for segmentation, true-positives (TP), false-positives
(FP), false-negatives (FN) and true-negatives (TN) were determined. Sample colour coded segmented
results are shown in Figure 4.3. The colour code is as follows: blue, red and green pixels indicate TP, FP
and FN pixels, respectively. Blue pixels dominate the results, indicating the robustness of the algorithm
in accurately capturing different-sized lesions in the data.

The Dice coefficient (DC) [43] measures the spatial overlap between the GT and the results of seg-
mentation. A value of zero indicates no overlap, while a value of one represents a perfect overlap. The

sensitivity (SN) and specificity (SP) figures were also calculated. The statistics of DC, SN and SP are
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Table 4.2: Descriptive Statistics & Evaluation Metrics to Quantitatively Validate the Segmentation Re-
sults.

Statistics Sensitivity (%) Specificity (%) DC
Maximum 97.30 99.99 0.96
Minimum 43.75 99.01 0.41
Mean 83.68 99.79 0.81
Median 87.07 99.90 0.84
Std 10.58 0.25 0.12
Ccv 0.1264 0.0025 0.1530
DC =2 40% \ SN = 5w SP = 7700 |

presented in Table 4.2. In DC calculation, A is the segmented volume by the algorithm and G is the
ground truth. The coefficient of variation (CV) reported here is the ratio of the standard deviation (Std)
and the mean values. Ideal value of CV is 0 and DC is 1. These are reported to observe the trend in the
results.

Our dataset contained 324 large-sized lesions and 286 small-sized lesions. In light of this fact, the
high median values of SN, SP and DC with corresponding low CV values indicate that the segmentation
algorithm is robust to size and shape variations in lesions. The datasets were acquired from two different

scanners with different acquisition protocols and the algorithm appears to be robust to these factors.
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Figure 4.3: Colour Coded Segmentation Results shown overlaid on b2000 data, Blue: TP, Red:FP and
Green:FN.
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Figure 4.4: Detection performance of the proposed framework for small-sized stroke lesions.

4.5.3 Performance Evaluation of Proposed Framework

Receiver Operator Characteristics (ROC) gives a measure of the diagnostic accuracy of a proposed
framework. A point on the ROC plot gives the sensitivity achieved by the method against the given speci-
ficity for a given parameter setting. Thus, varying the control parameter used in the approach generates
the ROC plot which describes the trend in the obtained sensitivity and specificity values for the approach.
The ROC is generated by plotting the sensitivity against the (1 — speci ficity). The sensitivity is a
measure of how correctly the method identifies the true candidates while (1 — speci ficity) is a measure
of how many false candidates the method identifies. Ideally, the sensitivity should be high for a low

value of (1 — speci ficity).

4.5.3.1 Utility of b2000 in Detection

The first experiment aimed at determining the effectiveness of b2000 data in lesion detection. Sample
results of detection on b1000, b2000 and the proposed method (using b1000, b2000 and the ADC data)
are shown in Figure 4.6. As seen from the figure, the detection results on b1000 data fail to capture all
the lesions, specially the small-sized lesions in areas of white matter tracts which is primarily due to
the poor contrast between the lesion and the normal brain tissue. Detection improves on b2000 data but
low SNR results in large number of false positives mostly in areas of white matter tracts with reduced
diffusion which appear hyperintense. The proposed method accurately captures all the lesion locations
as b1000 and the ADC information help reject the false positives.

For a quantitative assessment of performance, receiver operating characteristic (ROC) curves were
generated for detection of small lesions (< 1% image size) by varying the knee-point described in
Section 3.3.2. The obtained plots are shown in Figure 4.4 for detection with only b1000 or b2000. The
plot shows that b2000 is more effective for detecting small, early ischemic changes. This is consistent

with the qualitative results and with findings reported in [23].
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4.5.3.2 Utility of b2000 in Segmentation

First the segmentation performance on b1000 was compared with that on b2000. The segmented
results were assessed for only true lesion locations (found from GT), across the volumes. The median
Dice coefficients (DC) were found to be 0.68 (b1000) and 0.83 (b2000). Thus, b2000 appears to be

effective for segmentation as well, providing an improvement of 22.06% in DC value.

4.5.3.3 Assessment of Segmentation With Different Variants of the Proposed Framework

The performance evaluation aimed at a differential analysis with respect to size of the lesions, com-
paring the ROC plots between 4 methods - (i) Method described in [8] (ii) Segmentation on lesion
candidates obtained on b1000 (iii) Segmentation on lesion candidates obtained on b2000 (iv) Segmen-
tation on lesion candidates obtained utilizing b1000, b2000 & ADC (our method). Based on the lesion
size, for all the methods, the ROC plots were generated for the following cases - (a) segmentation of
small-sized (<1% of image size) lesions (b) segmentation of large-sized (>1% of image size) lesions
(c) segmentation of all the lesions in the data. For method (i), the intensity threshold for finding the
segmented candidates was varied to generate the ROC plot. For methods (ii), (iii), (iv), the threshold
for finding the candidate lesions was varied to generate the ROC plots. Once the candidate lesions were
obtained, the segmentation was performed using the level set approach. The obtained plots for ROC for
the methods are shown in Figure 4.5. Area under the ROC curve (AUC) is a measure of the accuracy
of the method. A method is said to be excellent if the AUC > 0.90. Table 4.3 shows the AUC for the
four methods for all the cases. Along with the AUC, the 95% confidence interval (CI) for the ROC is
specified for each case. Since a high specificity is expected to achieve high accuracy in stroke segmen-
tation, the sensitivity values at 95% specificity are also reported in Table 4.3 to study the trend among
the methods for the different cases. As expected in a typical ROC plot, a steep rise in the curve is seen
for all the plots which indicates that high sensitivity is achieved for a small number of false positives.
This validates the accuracy of all the methods in segmenting the stroke lesions for all the cases.

For segmentation results of all the lesions, a comparison in the ROC plots of the methods shows
that methods (i) & (ii) utilizing only b1000 data perform poorly relative to the methods (iii) & (iv).
A significant improvement is observed in the performance of methods (iii) & (iv) utilizing b2000 data
over methods (i) & (ii) which confirms the effectiveness of processing on b2000 data over b1000 data.
Method (iv) utilizing the b1000 & ADC data along with the b2000 data shows the best performance
among the four methods, which shows slight improvement over method (iii) utilizing only b2000 data.
This confirms the effectiveness of the b1000 data and ADC in the pipeline. The sensitivity and specificity
values of stroke lesion segmentation are dominated due to high accuracy in segmentation of large sized
lesions in the data. Low accuracy in the segmentation of small sized lesions does not significantly affect
the overall sensitivity and specificity values. In this regard, all the four methods perform excellently, as
seen from Table 4.3. The trend in the results of segmentation for small versus large lesions in the data

is seen the ROC plots as shown in Figure 4.5. For the segmentation results of large lesions, the trend
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Table 4.3: Performance of Different Methods based on the Lesion Size in terms of Area Under the Curve
(AUC), 95% Confidence Interval (CI) and Sensitivity at 95% Specificity. (i), (ii), (iii), (iv) correspond
to method in [8], framework on b1000, b2000 and both b1000 & b2000 respectively.

Small-Sized Lesions
1) (i1) (iii) (iv)
AUC 0.923 0.873 0.932 0.955
95% CI 0.914-0.931 | 0.862-0.883 | 0.923-0.941 | 0.947-0.962
Sensitivity 0.715 0.651 0.752 0.841
Large-Sized Lesions
1) (i1) (iii) (iv)
AUC 0.974 0.964 0.982 0.986
95% CI 0.972-0.975 | 0.963-0.966 | 0.980-0.983 | 0.985-0.987
Sensitivity 0.902 0.903 0.945 0.955
All Lesions
@) (i1) (iii) @iv)
AUC 0.967 0.957 0.977 0.987
95% CI1 0.965-0.968 | 0.955-0.958 | 0.975-0.978 | 0.986-0.988
Sensitivity 0.865 0.891 0.942 0.961

is similar as to that for the case of all the lesions. Methods (iii) & (iv) outperform methods (i) & (ii),
again signifying the use of b2000 over b1000 data. Method (iv) gives the highest values of the AUC.
For segmentation of small lesions in the data, as seen from the ROC plots in Figure 4.5, a significant
distinction in the performance of the proposed method over the other methods is observed. Method (ii)
performs worst and an improvement over it is shown by method (i). Method (ii) fails at the detection
stage in accurately identifying the small stroke lesions on b1000 data. A large number of false-positives
at the detection stage affect the results of segmentation. Further false-positives add to the number at the
segmentation stage since the conspicuity of the small lesions on b1000 data is poor. Method (i), on the
other hand, performs segmentation as the final step and hence less false-positives and improved results
are observed as compared to method (ii). Both the methods (i) & (ii) operating on b1000 data under-
perform relative to method (iii) operating on b2000 data. However, only slight improvement is shown
by method (iii) over these methods. A significant improvement in the results is shown by method (iv).
This highlights the strength of our method in accurately segmenting the smallest regions of infarction in
the data.

As seen from Figure Table 4.3 and 4.5, the values of AUC and CI for all the cases are highest
for method (iv). Although the improvement in the value of AUC for the proposed approach may not
be significant relative to other methods for segmenting all the stroke lesions in the data, the proposed

method is able to capture small sized lesions accurately which are missed by the other methods. This is
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Figure 4.5: Segmentation performance of the proposed framework. ROC plots for (a) small lesions
(<1% image size), (b) large lesions (>1% image size) and (c) all lesions present in the data.
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a crucial aspect from a diagnostic point of view where the primary objective is to capture all the lesions

regardless of their size and location.

The trend in the ROC curve is affected by results of both the detection and the segmentation stage.
As seen from Figure 4.4, utilization of b2000 data outperforms that on b1000 data at the detection
stage. As described in Experiment 2, utilizing b2000 data significantly improves the segmentation
accuracy as compared against b1000 data at the segmentation stage. Hence a significant difference in
the performance of methods (i), (ii) (which utilize b1000 data) and methods (iii), (iv) (which utilize
b2000 data) is seen. Utilizing the b1000 data and the ADC in method (iv) is shown to improve the
performance even further among all the cases. Previous experiments were performed to validate the
effectiveness of utilizing b2000 data at the detection and segmentation stage independently. However,
the ROC analysis validates, the effectiveness of the complete pipeline, utilizing the ADC & b1000 data
along with the b2000 data which achieves the best performance among the four methods. From this
analysis, it can be concluded that utilization of b2000 data offers significant improvement both at the
detection and the segmentation stage while utilizing it in the proposed framework along with the b1000
data and the ADC achieves the best results.

4.5.4 Qualitative Analysis of Detection and Segmentation Results

A comparison in the qualitative results of detection on b1000, b2000 and the integrated framework
utilizing, b1000, b2000 and the ADC data respectively, is shown in Figure 4.6. As seen from the figure,
the detection results on b1000 data fail to capture all the lesions, specially the small-sized lesions in
areas of white matter tracts. This is primarily due to the poor contrast between the lesion and the normal
brain tissue provided by the b1000 data. b2000 data provides improved lesion contrast over b1000 data
at the cost of low SNR and hence the high detectability is accompanied with large number of false
positives. These false positives occur mostly in areas of white matter tracts with reduced diffusion that
appear hyperintense on the b2000 data. These false positives at the detection stage, later, affect the
segmentation accuracy of the results. The integrated framework utilizing the b1000, b2000 and the
ADC data accurately captures all the lesion locations. The false positives captured on the b2000 data
are addressed in the candidate refinement stage by exploiting the b1000 and the ADC data.

The knee-point detection method described in Section 3.3.2 roughly captures the threshold for de-
tection of candidate lesions on the b1000 data. Since the b1000 data provides poor contrast between the
lesion and the normal brain tissue, the estimated threshold fails to capture small-sized lesions with sub-
tle intensity changes. b2000 data, on the other hand, provides improved lesion contrast which enables
the knee-point detection method to almost accurately threshold the candidate lesions. Qualitative results
shown in Figure 4.6 and quantitative results shown in Figure 4.4 validate this hypothesis. Thus, it can
be concluded that the b2000 data significantly improves the detection results over b1000 data while the
integrated framework utilizing b1000, b2000 and the ADC data is useful in addressing the false positives
and providing with accurate stroke lesion detection results.
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(b)

(d)

Figure 4.6: (a) Ground truth for stroke lesion locations. Detection results on (b) b1000 data (c) b2000
data and (d) integrated framework. Blue: TP, Red:FP and Green:FN.

The detection stage identifies the core of the lesion and the segmentation stage improves on the
lesion definition at the boundaries. Thus, the accuracy of the segmented results is directly dependent
on the accuracy of the detection results. Figure 4.7 shows a comparison in the qualitative segmentation
results of (i) Method described in [8] (ii)) Segmentation on lesion candidates obtained on b1000 (iii)
Segmentation on lesion candidates obtained on b2000 (iv) Segmentation on lesion candidates obtained
utilizing b1000, b2000 & ADC (our method). Method (i) completely fails to capture the small-sized
lesions and the significantly-sized lesion is captured with poor accuracy. A similar result is observed
for the result of method (ii) operating on b1000 data alone. The Chan-Vese model of active contour
depends on the mean intensity difference between the inside and the outside of the evolving contour.
Due to poor lesion contrast on b1000 data, the contour evolution in the Chan-Vese framework is affected
which results in poor lesion definition of the segmented results. Dominant green pixels in the Figure
4.7(a) & (b) suggests poor sensitivity of the segmentation results. Significantly improved results are
observed on the b2000 data with high sensitivity as compared to those on b1000 data, however at the
cost of false positives for method (iii). Since false positives are observed in the detection stage on b2000
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Figure 4.7: Colour Coded Segmentation Results results on (a) [8] method, proposed framework for (b)
b1000, (c) b2000 and (d) integrated approach respectively. Blue: TP, Red:FP and Green:FN.

data, the segmentation results are also affected as seen from the dominant red pixels in Figure 4.7(c).
Method (iv) achieves the best segmentation results as seen from the dominant blue pixels in Figure
4.7(d). Method (iv) improves upon the accurately detected lesion cores to obtain accurate segmentation
results. The auto-windowing helps improve the lesion contrast which aids in the contour evolution to
achieve accurate lesion definition of the segmented results. In conclusion, the segmentation accuracy
is largely dependent on the detection accuracy. The contour evolution in the Chan-Vese framework
improves with better lesion contrast. Thus, operating on b2000 data during segmentation is beneficial as
compared to that on the b1000 data. The auto-windowing helps improve the lesion contrast significantly,

thus improving the lesion definition and aiding the contour evolution for accurate segmentation results.
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4.6 Discussion & Conclusions

A novel technique for segmentation of stroke lesions in brain DWI data using multiple b-values
(b1000 & b2000) and the ADC maps is presented. The method is robust to data acquired on multiple
scanners with different acquisition processes. The qualitative and quantitative results reported in the
study show superiority of the method in accurately detecting and segmenting the stroke lesions over
the conventional methods operating only on the b1000 data. The median DC, sensitivity and specificity
for stroke segmentation were 0.84, 87.07% and 99.90% respectively. The method is automated and
therefore could assist the clinicians in diagnosis.

The improvement in performance of the proposed method comes at the expense of computational
cost due to the need to process additional data. However, in stroke cases where there are only small-
sized lesions, the gain to be obtained in correctly detecting (and segmenting) the presence of the lesion

can outweigh the additional computational burden.
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Chapter 5

Conclusions

A novel technique for segmentation of stroke lesions in brain DWI data using multiple b-values
(b1000 & b2000) and the ADC maps is presented in this thesis. This is in contrast to earlier approaches
where the processing is done on single b-valued DWI data. A method which integrates the information
from multiple b-values for better characterization of the stroke lesions is attempted in the study.

The presented solution for stroke detection and segmentation is proposed in three major stages -
e Lesion Detection

e Data Pre-processing

e Lesion Segmentation

Lesion Detection: The novelty in utilizing the information from multiple b-valued data to character-
ize stroke lesions and address the false positives is presented in chapter 4. This is achieved by exploiting
the improved lesion sensitivity and contrast of the high b-valued data, the low anisotropy effects on the
low b-valued data and the impermeability of the ADC to shine-through artifacts. This method is able to
capture the lesion locations in the data accurately.

Data Pre-processing: Chapter 3 describes the concept and implementation of this stage which em-
ploys a novel, automated windowing technique that significantly improves the contrast of ischemic
stroke lesions present in the DWI scan. The novelty in the approach is the enhancement of the data
relative to the ischemic lesions in the data. Since the proposed method of windowing is general, the
scope of the method can be extended to enhancement of the data relative to any set of candidates present
in the data, especially in medical data where multiple types of lesions might be present.

Lesion Segmentation: Chapter 4 introduces the Lesion Segmentation stage which utilizes the mod-
ified Chan-Vese approach to segment the stroke lesions in the data. The modification made to the Chan-
Vese approach is to adapt to the information fusion from the DWI and the ADC data which improves
the segmentation results. The obtained results show that the modified approach is able to accurately seg-
ment the stroke regions regardless of their size and outperforms the traditional methods which operate

on single b-valued data.

52



The strength of the proposed method is it’s ability to capture the smallest regions of infarction in
the data which are often missed by the conventional methods. This aids the clinicians in diagnosis and
helps them to study the lesion patterns and predict the stroke evolution and likely outcome. The method
is robust to data acquired on multiple scanners with different acquisition processes. The qualitative
and quantitative results reported in the study show superiority of the method in accurately detecting
and segmenting the stroke lesions over the conventional methods operating only on the b1000 data.
The median DC, sensitivity and specificity for stroke segmentation were 0.84, 87.07% and 99.90%
respectively.

The improvement in performance of the proposed method comes at the expense of computational
cost due to the need to process additional data through multiple stages. The implementation was done
in MATLAB [28] run on a 64-bit machine on a 2.2 GHz processor. It took 40-90 seconds to process
a given volume data. The processing time is directly proportional to the number of slices affected
by the stroke in the data since segmentation was performed only on these slices. Since the method
performs segmentation at a slice level, the processing time can be drastically reduced by utilizing a
parallel implementation on a GPU framework using the CUDA architecture. However, in stroke cases
where there are only small-sized lesions, the gain to be obtained in correctly detecting (and segmenting)
the presence of the lesion can outweigh the additional computational burden.

Accurate evaluation of presence of infarct and its extent is most important in the setting of acute
stroke in the window period for thrombolytic therapy (< 3 hours after onset). After eliminating the
risk of intra-cerebral haemorrhage the acute stroke is diagnosed for the region of DWI-PWI (diffusion-
perfusion) mismatch to classify the tissue at risk. The perfusion weighted imaging (PWI) represents a
quantitative data and hence the region of interest (penumbra of the stroke region) can be obtained easily.
On the other hand, extracting the region of interest on the DWI (core of the stroke region) requires
manual delineation of the boundary of the stroke region by expert radiologists. Such a task depends on
the availability of experienced radiologists in emergency setting of acute stroke and is time consuming.
Hence, an automated framework which can accurately detect and segment the stroke lesions will aid the
radiologist in a faster and accurate diagnosis.

Imaging with higher b-value does not incur any additional costs and only adds 20-40 seconds to
the scan time on a standard 1.5 Tesla scanner. Few of the hospitals follow it as a standard protocol to
acquire DWI acquisition with b1000 and b2000 data. This helps the radiologist to confirm the presence
of ischemic stroke on b1000 data in case of doubt. Thus, the proposed framework can be easily utilized
in the clinical setting of acute stroke since it’ll automate the process of stroke segmentation on DWI
data. The overhead of the additional time incurred for imaging with multiple b-values and the time
taken for the method to generate results is significantly less than the time taken for manual delineation
of the stroke regions by the experienced radiologist. The proposed method, therefore, could assist the

clinicians in diagnosis of acute stroke.
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