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VARIABLES AND ABBREVIATIONS

Variables

µi � original signal in bias correction calculation
ni � Gaussian noise in bias correction calculation
ρi � bias in bias correction calculation
yi � resulting signal in bias correction calculation
GMAffected � grey matter TMP of input MRI scan a�ected hemisphere
WMAffected � white matter TMP of input MRI scan a�ected hemisphere
CSFAffected � CSF TMP of input MRI scan a�ected hemisphere
GMUnaffected � grey matter TMP of input MRI scan mirrored una�ected hemisphere
WMUnaffected � white matter TMP of input MRI scan mirrored una�ected hemisphere
CSFUnaffected � CSF TMP of input MRI scan mirrored una�ected hemisphere
GMPrior � grey matter TMP from template
WMPrior � white matter TMP from template
CSFPrior � CSF TMP from template

Abbreviations

CSF � Cerebrospinal Fluid
DSC � Dice-Sorensen Coe�cient
FWHM � Full Width at Half Maximum
MRI � Magnetic Resonance Imaging
SPM � Statistical Parametric Mapping
TPM � Tissue Probability Map
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INTRODUCTION
This work analyses, implements and tries to improve upon brain analysis algorithms. Pro-

cessing of neural images is important in neuroscience as damages to the brain causes cognitive

problems for people. Knowing the a�ected region can help doctor to decide on the course of

actions to take.

There is a variety of ways brain can be a�ected � from tumours to strokes. Most algorithms

found during analysis deals with tumours, however here goal is to �nd a region of brain stroke

caused ischemic lesion.

During brain stroke, blood spills onto the brain. This damages grey and white matter.

In MRI scans this shows up as dark regions, where there should be bright regions. Issue in

delineating them is that there is also CSF in brain that has similar visual characteristics as a

lesion, which makes it di�cult to discern in from CSF.

Topicality and Aim of the Work
Aim of the work is to analyse and improve upon an existing method for lesion delineation,

eventually making an original method with as little interaction required from user as possible.

It is topical, because to date there is no precise method for delineating a brain stroke caused

ischemic lesion region in an MRI scan that is precise, or fast, or reliable, or does not rely on

training for a speci�c case.

Tasks of the Work
This work constitutes of three main tasks:

• Make literature review and analyse in detail two algorithms � test their e�ectiveness for

available data. Test algorithms that automatically delineate brain stroke induced ischemic

lesions.

• Improve one method, so that it would be capable of operating on available test data and

attempt to get best results possible. Find what parameters are in�uencing the result and

�nd best values for them.

• Create own algorithm that would be able to provide comparable results to analysed

methods. Test its e�ectiveness.

Applied Methods of Investigation and Analysis
For testing MRI scans are used, each having a hand delineated lesion region available. To

test the e�cacy of algorithm DSC formula is applied, which shows how much two data sets

coincide. In this work analysis of delineation methods is performed using MATLAB environ-

ment. Changing, where possible, processing parameters and applying DSC to determine how

SEGMENTATION OF STROKE REGION IN MRI IMAGES 11
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e�ective their variations are provides a way of �ne tuning the algorithms in an attempt to �nd

a best result.

Novelty and Practical Value of the Work
While the idea of automatically processing MRI scans is not new, automation ideas likely

was around since the invention of an MRI machine in 1977, it has now experienced resurgence in

popularity, similar to neural networks, as cheap and large computational power became easily

available. And there is a demand for such methods, since hand delineation is an expensive time

consuming process. If an algorithm capable of consistently and accurately delineating a lesion

were to be developed many medical institutions would want to incorporate it.

The Scope of the Work
This work overviews a variety of methods for processing MRI images; analyzes in detail

two of them; proposes an e�ective way of �nding where an ischemic lesion region is located in

brain MRI scan; employs region growing algorithm in an attempt to delineate this found region

precisely � as similar to hand delineation as possible; tests the e�ectiveness of existing method

and compares it to the proposed method; attempts to improve existing method so that it would

work for available test cases.

This work contains 59 pages, 37 �gures and 4 tables not counting appendices; 3 appendices,

56 references.
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1 ANALYTICAL REVIEW OF THE BRAIN STROKE

DETECTION IN MRI IMAGES

Studies in cognitive neuroscience and neurology provide knowledge of how speci�c regions

of the brain a�ect cognition and behaviour. Early on these studies where done on cadavers, but

recent advances in neuroimaging, like MRI, allow studies of live people, thus increasing sample

size and giving easy to access digital images, which are then used in voxel-lesion symptom

mapping [1�6]. Looking for a relation between brain structure and its function is achieved by

utilizing tissue probability maps and speci�caly leison maps when looking for lesion inpact on

persons cognition. Lesion voxels within these scans need to be precise and reliable [7]. For this

reason, typically, experts in the �eld hand-draw the lesion regions. This takes a large amount

of time [8] and can also have errors due to subjective bias [9], but so far it is still used as a go

to, reliable method for lesion areas identi�cation in MRI scans.

Time consuming nature of manual lesion delineation and subsequent costs associated with it,

spurred the search for semi-automated and fully-automated methods. Initial automatic meth-

ods used voxel-based morphometry � statistical technique that would �nd regions of abnormal

tissue density/volume between populations to identify abnormal voxels in the T1-weighted

scans. However, even though voxel-based morphometry can usually highlight rough area of

where the lesion is located, the accuracy of the result is unsatisfactory for any further use [10].

Recent developements propose automated [11] and semi-automated [8] lesion delineation

methods for T1-weighted scans that combine probabilistic tissue segmentation with outlier-

based fuzzy clustering principles. Automated method uses a set of control subjects with healthy

brains to make a tissue segmentation map giving probabilities of voxel being grey matter or

white matter. These estimated probabilities are used to assign each voxel to a fuzzy set of tissue

classes; resulting tissue classes are than combined and applying statistical thresholds provides

voxels signifying lesion area. Semi-automated method uses probabilistic tissue segmentation to

create 4 feature maps that contain information about tissue composition, shape, homogeneity

and laterality for each voxel. These feature maps are used to construct a z-score map at which

point user manually thresholds the map to get a �nal lesion delineation.

Of the two methods semi-automated method provides somewhat more reliable results, but

it costs, on average, about 25 min per subject to complete the manual thresholding step [8].

Problem with the automated method is that it requires a control group of healthy control

subjects for calibration, which is not always available. Another issue is when giving a large set

of healthy subjects computation time increases signi�cantly when trying to estimate probability

maps of healthy brains. Also, both of these methods require custom preprocessing and/or

segmentation procedures, which are likely to complicate their implementation and introduce

another area for user error. Finally, both methods use some arbitrary thresholds that are

a�ected by the control group size and contents for the automated method.

Another type of recent methods utilize supervised learning with classi�ers, such as random

forests [12] and extra-tree forests [13]. Advantage of these methods is that they do not require
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control data of healthy brain scans, user interaction, or arbitrary thresholds to get lesion de-

lineations for new scans. However, these methods usually require results from multiple MRI

scan types to achieve optimal results; mostly relying on T2-weighted scans, �uid attenuated

inversion recovery and/or di�usion weighted imaging sequences � all of which are rarely per-

formed due to monetary and/or time costs. Most of the times it is T1-weighted scans that are

performed.

1.1 Analysed and used established methods and technologies

This section looks through methods analysed and used in this work � what they are and

what bases their operation. These include computation intensive spatial probability mapping

toolbox [14] for MATLAB and Joseph C. Gri�s automated lesion delineation algorithm. SPM

toolbox is used to process T1-weighted MRI scans for further calculations. Gri�s algorithms

gave the an idea of how to attain a lesion probability map.

1.1.1 Spatial probability mapping toolbox

When attempting to segment brain images into certain classes two approaches can usually be

taken: tissue classi�cation or registration with a template. Tissue classi�cation method assigns

voxels to a tissue class according to their intensities. This is computed by taking intensities of

each tissue class and characterizing them, which is usually done by choosing speci�c voxels to

represent each class [15�21]. In an automatic approach this is done by �rst mapping the brain to

some standard space and automatically selecting voxels that have a high probability of belonging

to each of the classes. Alternative approach is to model the intensity distribution by a mixture

of Gaussians, while using tissue probability maps to weigh the classi�cation applying Bayes

rule [22�24]. Registration with a template method involves some speci�c type of registration

where template brain is warped to match the brain T1-weighted scan to be segmented [25�27].

Instead of volume matching methods, alternatively methods that are based on matching surfaces

[28�30] would also work in this category. These methods work by overlaying regions that are

prede�ned on the templates. This allows di�erent structures to be identi�ed automatically.

Uni�ed segmentation utilizes both � the tissue classi�cation and registration with template

methods � for more accurate segmentation of an MRI scan.

To start tissue classi�cation the images are registered with tissue probability maps [31]. Af-

ter registration these maps represent the prior probability of di�erent tissue classes being found

at each location in an image. Bayes rule is then used to combine these priors with tissue type

probabilities derived from voxel intensities to provide posterior probability [32]. This procedure

is circular � registration requires initial tissue classi�cation, while tissue classi�cation requires

initial registration. To resolve this, a single generative model is used. This model also includes

parameters that account for the image intensity non uniform variations in both segmentation

and registration. Parameters in question are attained by an algorithm that alternates between

classi�cation, bias correction and registration steps which provides better results than serial
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Fig. 1.1. Research results obtained using uni�ed segmentation: patient MRI scan slice (A),
grey matter TPM (B), white matter TPM (C) and CSF TPM (D)

application of each component.

To account for image nonuniformity, parametric bias correction is used. Many bias correc-

tion models are based on modelling the intensities of di�erent tissues as a mixture of Gaussians.

There are three commonly used models of how the bias interacts with noise. First is when the

resulting signal (yi) is an original signal (µi), scaled by some bias (ρi) with added Gaussian

noise (ni) that does not depend on bias [33]. This assumes that the noise if from MRI scanner

itself (1.1).

yi = µi/ρi + ni (1.1)

Second model, which is used by the uni�ed segmentation, is similar to �rst one except the

noise is added before the signal is scaled, which implies that the noise is due to variation in

tissue properties (1.2). There is an option of accounting for both tissue and scanner noise,

which is likely to be a better option especially for the images that have large amounts of bias.

However, uni�ed segmentation used in the SPM toolbox uses single source model.

yi = (µi + ni)/ρi (1.2)

Third method starts by applying logarithmic transformation to the data �rst, which then

allows multiplicative bias to be modelled as an additive e�ect in logarithmic space. The cost

function for these approaches is related to the entropy of the distribution of log-transformed bias

corrected data. As with the non-parametric model based on log-transformed data, low intensity

voxels have to be excluded to avoid numerical problems. The generative model is similar to

one given in equation (1.3), which then gives a exponential multiplication in resulting signal

function (1.4)

log yi = logmui −− log ρi + ni (1.3)

yi = µie
ni/ρi (1.4)
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Another parameter used in segmentation is priors probabilities determination or simply

template tissue probability map. Rather than using stationary values based on mixing pro-

portions, additional information is used utilizing information from template TPM, preferably

generated from similar nationality and build healthy subjects' brain images. Typically, priors

are generated by registering a large set of brain images and averaging resulting tissue classes.

This gives a set of tissue probability maps � white matter, grey matter and CSF � representing

probabilities any of the matter types of being in speci�c areas of a brain.

1.1.2 Automatic lesion detection utilizing Griffis algorithm

There is a variety of automatic and semi-automatic algorithms for some form of lesion or

some other speci�c brain region delineation [34�44], but use in this work started of by analysing

Joseph C. Gri�s algorithm, lesion_gnb.m, for lesion area delineation [34]. It is run using

MATLAB 2018a and, as provided [45], works with MRI T1-weighted scans that have lesions in

single hemisphere, stored as .nii �les. Though in this particular form algorithm still requires

operator interaction during runtime to supply extra con�guration variables.

This is a supervised learning method for automatic delineation of stroke lesion in single

patient T1-weighted scans. It employs naïve Bayes classi�cation to identify lesion voxels based

on information from tissue probability maps: white, grey and CSF TPMs attained by SPM

toolbox and missing and abnormal tissue maps calculated from the other TPMs. This method

as an input does not require any specially pre-processed images; only required pre-processing

it performs itself with SPM toolbox. However it does require training of classi�er employed

in this algorithm to produce best results. Author believes training with 29 MRI scans makes

classi�er capable of delineating a lesion region (Fig. 1.2).

1.2 Lesion region detection

Lesions, which this works algorithm tries to detect, have low intensity values in MRI images

and, e�ectively, look like cerebrospinal �uid (Fig. 1.3). Here queues are taken from Gri�s

algorithm and utilize missing tissue probability map. This map is obtained utilizing segmented

MRI scan, mapping template TPM and symmetry of the warped segmented images.

Segmentation allows individual manipulation of white matter, grey matter and CSF in

establishing the missing tissue map. As mentioned before, lesion area is similar to CSF which

means after segmentation with SPM toolbox the lesion region is assigned to the CSF TPM

(Fig. 1.1 D). And the simplest approach could be to subtract white and grey matter tissue

probability maps of the template from the CSF TPM, but that would be inaccurate.

SPM toolbox only roughly attempts to map the MRI scan to the template (Fig. 1.4), it

does not perfectly map to it and in the end there are a lot of di�erences. More so, the template

TPMs are rough estimates only as they are created after averaging multiple healthy brains.

This work does not do this and just use one provided with the toolbox, however for further

optimization and specialization a speci�c type of template TPM could be created.
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Fig. 1.2. Schematic illustration outlining the application of Gri�s algorithm for predicting
lesion delineation for new cases [34].

Fig. 1.3. Parts of a brain in a T1-weighted MRI scan. Lesions are low intensity areas similar
to CSF.

This template that the algorithm uses is mostly symmetric, at the very least the general

shape is, even though the ridges and grooves are not necessarily so. As the SPM tools map the

MRI scan to that template, resulting TPMs also become roughly symmetric and most can be

�ipped left to right hemisphere giving another set of data. This data set represents symmetry,
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Fig. 1.4. Grey matter (A), white matter (B) and CSF TPMs in a template.

giving another thing to compare to searching for discrepancies.

Having all this data allows calculation of missing tissue probability map. However, at this

point all these TPMs still have sharp ridges and that can introduce a lot of high amplitude noise

in the missing TPM. So before that all formula input data is smoothed with FWHM algorithm

giving blurrier images, without sharp ridges. As a result this makes missing TPM to have

smoother transitions too. Even though this helps with further processing, this particular step

prevents spotting small lesions as they just get smoothed out, though it is likely that during

segmentation this information is lost anyway.

To begin with, lesion region intensity similarity to CSF is what causes a number of issues

in spotting the lesions; in cases of small lesions even trained professional might have an issue.

In testing it was noticed that a few cases where a small region on the edge of the brain, near

skull, was considered by a professional to be a lesion. It was not possible to see most of them

by untrained eye even knowing where they should be. Due to the nature of how missing tissue

probability map is obtained in this works or Gri�s methods, it is impossible to detect such a

small lesion automatically with a reasonable degree of certainty. In fact, none of the analysed

methods could. Distinguishing whether voxel belongs to CSF or lesion appears in larger lesions

too, as CSF is not to be assigned to the lesion region.

1.3 Region growing

Having found a point belonging to a lesion region, next step is �nding how big said region

is. This work employs the obvious approach � grow the region from that point until healthy

tissues are found. This, at least in theory, should work. This approach, considering that this

work looks for a single region, is called single seed region growing.

Basic idea of region growing in a 3D image is to connect similar voxels to constitute a region.

Single seed refers to the method when a single voxel is selected to grow from. In the most basic

of variations, that single voxels' features, like intensity, are what is used to determine growth.

How far to grow, is determined by the growth criteria. Simplest being intensity threshold �

stop growing when intensity is a certain amount di�erent from the original seed point intensity.
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So if the neighbouring voxel satis�es growth criteria, it is assigned to the region [46].

Variation in how region growing behaves comes from how growth criteria are set up and

what is checked. In many applications regions are grown in 2D space taking pixels to the

right, left, above and below. With simple criteria and when region pixels absolutely must be

contiguous this is enough. But a more robust check would be including the diagonals. This

doubles the required calculations, but also helps determine true region when the region in

question is textured unevenly. This works method circumvented this in growth criteria and do

not utilize diagonals.

Adopting this simple version of region growing to 3D space is not di�cult � it just adds

2 more voxels to the calculation in a basic neighbours approach, or 18 voxels if including the

diagonals. In 3D robustness increase advantage of diagonals can be o�set by the increase in

computation intensity since moving to 3D space means that now up to 26 times (if history or

some such is not used) voxels would need to be evaluated. If the growth criteria formula is

complex enough this substantially increases computation times.

As for the growth criteria it is just a series of true/false checks. In an approach utilized by

this work, two 3D cubes centred on tested voxel. First cube checks if any of its voxels meet

threshold requirements returning true if any do. This achieves diagonals testing e�ect and also

grows the region out based on the cube radius. Second cube checks how much of it meets

threshold requirements. This test is intended to prevent region from growing into narrow CSF

paths between other tissues.

1.4 Review conclusions
Analysis of literature indicates that ischemic brain stroke lesion delineation is imprecise

even in best case scenarios. Often times it requires either pre-training the system before use,

which takes a long time and oftentimes requires a control set of data that is not necessarily

going to be available. Alternatively there are methods that can work on single MRI scan basis;

however accuracy is an issue for these. This work focuses on an approach without any system

pre-training with a goal to work for any number of MRI T1-weighted scans out-of-the-box.

First part of this works system uses SPM toolbox and equations from Gri�s algorithms

to obtain missing TPM. This then followed by a method for �nding a single voxel within

lesion region. And �nishing with region growing, which is taken to avoid requiring to train the

algorithm before use, like in a variety of other algorithms. Region growing does not require any

previous knowledge about the system and operates solely from the given parameters.
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2 ANALYSIS OF THE STROKE REGION DETECTION

METHOD
This masters thesis work tries to automatically delineate lesion region by using region grow-

ing in the end, but the initial processing is similar to Gri�s method. Like in his methods, in

this work missing tissue feature map is extracted, but then instead of using predictors utilizing

pre-trained neural networks, thresholds, clustering; �nding the most likely point to contain a

lesion and grow a region from that.

2.1 Determination of the point coordinates inside lesion region
Before region growing can be applied a seed voxel within lesion region needs to be found.

For this Gri�s' idea of using missing tissue feature map obtainable from TPMs generated with

SPM is utilized.

2.1.1 Griffis approach

As Gri�s algorithm is main inspiration of this work, it is believed that analysing it in its

entirety is worth it. Code in itself is functional, but far from optimized. In its default state, it

requires continuous supervision by the user.

When running the script at �rst it throws an input box asking, should the segmentation

be performed on the MRI scan. Input is either "Y" or "N". In general, when running for the

�rst time, user would have to perform the segmentation, thus selecting "Y". Next dialogue

asks to pick a directory where all the �les will be put. The one after that asks to provide the

MRI scan �le. Thus processing of the MRI scan begins with its segmentation into grey matter,

white matter and cerebrospinal �uid. For this purpose uni�ed segmentation algorithm, which

is provided by the SPM toolbox, is used.

After uni�ed segmentation is applied to the brain, multiple images are saved to the provided

directory. To be exact it contains 20 �les, including the original MRI scan. Of these initially 3

�les are used � warped grey matter TPM, warped white matter TPM and warped CSF TPM.

These TPMs are warped to match a template TPM taken from SPM toolbox. Warping is used

because subsequent processing requires a comparison with a healthy brain half and/or template

and for that the image dimensions and content positioning must align.

Next dialogue asks to provide directory containing MRI scan segments. This dialogue

is thrown because this is the next piece of code to be executed after sectioning or skipping

sectioning in the initial dialogue. This is the �rst of many optimization issues present in the

script. So, in any case, selecting the directory with the segments throws a dialogue with the

main settings selection for the algorithm.

This new dialogue has 6 �elds to be edited. First one is for naming folder in which results

will be placed, whose function is self-explanatory. Next is a selection whether to search for

lesion in the left hemisphere, indicating by providing character "L", or in the right hemisphere,
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indicating by character "R". This points out one more limitation of this algorithm � neither

can it automatically determine which hemisphere has the lesion, nor �nd lesions that span both

hemispheres. Third �eld is for FWHM smoothing kernel selection. Default suggested value is 8,

which is used for performance/results reference later (Section. 3.1). Next �eld asks if whether

the una�ected hemisphere should be used for lesion area detection. Fifth �eld is for selecting

prior lesion probabilities. Last �eld is implicit mask for smoothing value which is 0 by default.

After gathering these values and doing some shu�ing into a single class variable, subscript

for feature extraction is run. Processing in this subscript starts with smoothing of all the

elements to be used (segment TPMs and SPM template TPM) applying the smoothing kernel

FWHM value provided in earlier dialogue. Following more variable shu�ing, brain mask from

SPM toolbox is loaded. This mask is used to �lter out noise that can appear outside of brain

before and after some processing steps; for example: to remove data points appearing outside of

brain after smoothing TPMs. Next up, all required layers are made for the a�ected hemisphere.

As an example: assuming that the left hemisphere is a�ected, three sets of three probability

maps are created � grey matter, white matter and CSF. First set is the left hemisphere only of

MRI scan TMPs with right hemisphere voxels �ltered out. Second set is right hemisphere only

of MRI scan TMPs �ipped so that the right hemisphere overlays the left hemisphere. This one

is used only if selected in the previous settings dialogue, however is created either way. Third

set is left hemisphere of the template TPM.

Once all the TPMs are ready feature maps for missing tissue (F1) and abnormal tissue (F2)

are created. The missing tissue map provides information about areas where brain tissues are

missing. To �nd this area a feature of SPM segmentation is used � segmentation algorithm

tends to classify chronic stroke lesions as CSF due to missing tissue voxels being assigned low

grey or white matter probability values [8, 11]. So in the end the missing tissue area is obtained

from the average of two image volumes using Eq. 2.1 and Eq. 2.2. "A�ected" refers to input

MRI scan a�ected hemisphere. "Una�ected" refers to input MRI scan una�ected hemisphere

�ipped onto a�ected hemisphere. "Prior" refers to template TPM provided by SPM toolbox.

(CSFAffected−CSFUnaffected) ∗ ((GMUnaffected +WMUnaffected)− (GMAffected +WMAffected))

(2.1)

(CSFAffected − CSFPrior) ∗ ((GMPrior +WMPrior)− (GMAffected +WMAffected)) (2.2)

Both of these equations are used if user indicates to use una�ected hemisphere in previous

dialogue. Otherwise only Eq. 2.2 is used. When using both equations, before saving result

as missing tissue map both the equations results are averaged. Averaging is rationalized by

providing two points: using them as separate predictors would be sub-optimal since both

volumes contain highly redundant information as both volumes are expected to have lesion

SEGMENTATION OF STROKE REGION IN MRI IMAGES 21



VGTU FACULTY OF ELECTRONICS

Fig. 2.1. Patient MRI scan slice (A), with missing tissue map overlaid (B) and abnormal
tissue map overlaid(C)

values in same areas; averaging them retains the values of concordant voxels, while reducing

the values of discordant voxels (e.g. false positives due to inter-hemispheric or inter-individual

variability)[34].

Once the missing tissue map is created, next is abnormal tissue map (F2). It provides

information about abnormal tissue and is motivated by the observation that SPM segmentation

tends to classify these tissues as grey matter due to the T1-weighted signal intensities being

similar to those observed in healthy grey matter [10]. Overall system is same as in missing

tissue extraction, just uses di�erent equations (2.3, 2.4). An example of resulting missing and

abnormal tissue maps is in �gure 2.1.

(GMAffected −GMUnaffected) ∗ (WMUnaffected −WMAffected) (2.3)

(GMAffected −GMPrior) ∗ (WMPrior −WMAffected) (2.4)

At the end of feature extraction subscript, both feature maps are saved to �les along with

MATLAB features magnitudes variable and their corresponding indexes variable. This is fol-

lowed by classi�cation subscript. By default this uses previously trained classi�er to predict

full area a�ected by the lesion [47]. Training was performed by Gri�s with 29 cases and tested

on a single case left out of the training [34]. Prediction is executed utilizing MATLAB function

"predict", supplying it with the trained system and features magnitudes variables saved in

feature extraction subscript. This function computes the k-step ahead prediction returning, in

this case, labels and posterior. However, these resulting feature maps are noisy and imprecise

(Fig. 2.2B). To re�ne the results some post-processing algorithms are employed next.

Next dialogue to be thrown informs that delineation is complete and suggests applying

post-processing. Standard "Y/N" choice is provided and if not performing any post-processing

script exits. Data of interest at that point can be found in 4 �les: "f1" � missing tissue feature

map, "f2" � abnormal tissue feature map, "lesion_labels" � binary lesion probability map,

"lesion_posterior" � lesion map with a gradient transition in normalized range. If selecting to
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Fig. 2.2. Gri�s lesion delineation algorithm results: depiction of hand drawn lesion area (A),
lesion area pre post-processing (B), lesion area after post-processing (C)

apply post-processing, next dialogue asks whether FWHM smoothing should be performed and

what size smoothing kernel should be applied; default is 8. Then a dialogue shown once more

for picking if the implicit masking should be used. Third dialogue is for clustering algorithm

� should minimum lesion cluster size algorithm be applied and what is the minimum size per

cluster. This comes with a recommendation of 100 voxels per cluster, which is another reason

why this algorithm, using default values, could not �nd small lesions.

These dialogues are thrown intermittently throughout the code that is being executed in the

post-processing step. First to be executed is smoothing. Lesion probability map is processed

according to the supplied by the user FWHM smoothing kernel and then a threshold is applied

to retain values in voxels with magnitudes above 0.25. This is intended to close gaps, smooth

rough edges and degrade small isolated lesion clusters given by predictor [34]. This is followed

by clustering algorithm, which is used to further remove small clusters of lesions. By default

minimum cluster size is 100, which means if a total number of voxels in a cluster is less than

100, those voxels are removed from the lesion map.

This concludes the run of Gri�s lesion delineation algorithm with default values using his

trained predictor system. For the �rst test case, upon visual inspection, it �nds excessive

amounts of areas a�ected by the lesion (Fig. 2.2C).

2.1.2 Finding the voxel most likely to belong to lesion region

This voxel in this research paper is refered to as lesion centre. In general, centre refers to

the arithmetic mean centre of something computed by taking a sum of all points coordinates

and dividing from total number of points (2.5); it is also possible to employ weights of data

points to steer the centre towards higher weighted points. Testing in this research shows that

for lesion region centre determination in an MRI scan a simpler solution gives the best results

� that is due to the nature of the data used and the end goal.

[x, y, z] =

∑m
n=1[xn, yn, zn]

m
(2.5)
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Fig. 2.3. Example MRI scan (A) and its grey matter (B), white matter (C) and CSF (D)
TPMs with FWHM smoothing applied.

MRI scans need to be processed to emphasize the region of brain that is likely to be damaged.

For this, aforementioned methods are used, methods used by Joseph C. Gri�s in his attempt

at automatic lesion delineation (Section 2.1.1) and SPM toolbox for MATLAB (Section 1.1.1).

First step is obtaining tissue probability maps. This is achieved using SPM toolbox to

segment MRI image into white matter, grey matter and CSF. In this step, parameters obtained

from analysing and looking for ways to improve Gri�s algorithm (Section 3.1) are used; which

means increased FWHM from default 8 to 11, giving even blurrier/smoothed tissue probability

maps (Fig. 2.3).

Additional change to Gri�s method is that this method now works for brains damaged in

either hemisphere without manually specifying beforehand which hemisphere is damaged and

even for brains that have damage in both hemispheres, further reducing manual pre-processing

of input data. This is achieved by removing code that clears unused hemisphere data from

actual, �ipped and template tissue probability maps. Only clean-up that remains is clean-up

of data outside the brain according to tissue probability map template. Having this data it is

now possible to attain missing tissue feature map. Here same functions as in Gri�s algorithm

(2.1, 2.2) are used, with the only di�erence being that input data contains both hemispheres

at the same time, but that does not interfere with formulas. And this obtained feature map is

then used in determining most likely voxel to belong to the lesion region.

Though, another point worth mentioning is application of thresholds to the feature map

to determine the likelihood of �nding a lesion region. When the magnitudes of values in the

feature maps are small it shows that there is little variance between the tissue probability

maps, which, in turn, means that algorithm is unlikely to �nd point in lesion area. As case in

point, some statistics for the method for centre determination, which this project went with

in the end, without any pre-�ltering of MRI scans: without any thresholds � 121 MRI scans

are processed with 96 hits giving 79% accuracy; at 0.9 threshold � 3 are processed and all are

hits; at 0.1 threshold (which were used in this project in the end) � 108 are processed and this

particular method �nds points in hand delineated regions 92 times giving 85.19% accuracy.

Lastly, the issue of selecting or pre-�ltering data set. Failures to detect a correct point stem

from utilizing symmetry and two cases where algorithm fails could be identi�ed. First being

signi�cant brain CSF distribution asymmetry. There are multiple cases where CSF area in one
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Fig. 2.4. Missing tissue probability map for both hemispheres.

Table 2.1. Results of maximum magnitude method tests on non pre-�ltered MRI scans.

Threshold Hits Total Accuracy
0.9 3 3 100
0.8 8 9 89
0.7 14 16 88
0.6 21 23 91
0.5 33 37 89
0.4 45 51 88
0.3 60 67 90
0.2 77 87 89
0.1 92 108 85

0 96 121 79

half of the brain is signi�cantly larger than the other, having a clump of CSF on one hemisphere

but not the other; but that is not a lesion. Since CSF has same visual features in MRI scan as a

lesion, this algorithm falsely identi�es this CSF region as a lesion. Second issue is symmetrical

lesion. Within a test set there is an MRI scan that has symmetrical lesion on both hemispheres

(with only small bits undetectable by the algorithm that are non-symmetrical) which means

that when looking for asymmetry there is nothing that stands out and algorithm fails to �nd

the lesion (Fig. 2.5).

2.2 Usage of region growingmethod for the segmentation of the lesion

region

Nest step in proposed algorithm is region growing. Formula for simple region growing itself

is not di�cult in theory � take point from set, test neighbours, assign to result region if growth
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Fig. 2.5. Example of symmetrical lesion (A) with hand delineated regions shown (B), which
is invisible to the automated algorithms.

Fig. 2.6. Algorithm schematic for region growing.

criteria are met, repeat. Applying it in code is di�erent, when speed and accuracy is an issue,

so some extra means are employed trying to improve the algorithm. There likely is research

done about things and they have proper scienti�c names, but these are thought up speci�cally

for this case from partly heard knowledge, little knowing about them so here they are called as

inclusion cube and rejection cube.
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In this works attempt as a base a simple region growing algorithm [48] is used. It runs

in a cycle until no new points are assigned to the lesion region (Fig. 2.6). It works on an

original MRI scan, not segments. Though, before region growing is applied, anisotropic di�usion

�ltering is also applied. This removes some of the noise, smoothing similar intensity areas, while

maintaining the sharp edges [46], as opposed to the Gaussian blur. Initially taking the before

calculated lesion point, the 6 three dimensionally adjacent points are tested against growth

criteria. Growth criteria is where most of modi�cation lie.

I removed range test and added inclusion and rejection cubes; also removed a redundant

check as the author stated himself. So in essence only check if point already belongs to the

region and the boundary test is maintained, which is needed to avoid errors in cases where

region grows to the edge of the image space. In theory region should never approach edges

of MRI scan image, but as far as this work tested, it could be a possibility as lesion region

intensity is close enough to the backgrounds', meaning if for some reason a single air voxel

would get assigned to the lesion region then said region would grow all the way to the edges.

Range test was removed in favour of a simpler hard cut-o� � cycles limit. Range test was

implemented to contain the grown region within a speci�ed distance around a seed point. In

the current iteration its just allowed to grow till arbitrarily cut-o� of 100 000 cycles is reached.

This gives at least 100 000 voxels to delineate. If the region did not stop growing by this point

then it means it started including CSF or in worse case � started assigning air around the head

as lesion region � meaning that algorithm failed. Though in �nal version it should be removed

as 100 000 voxels would not be enough to cover large lesions.

First thing added, second chronologically, is inclusion cube. This substitutes the threshold

test by making it test not only the voxel itself, but also the voxels surrounding it. This cube

has its radius and threshold prede�ned. Radius is the number of voxels along either coordinate

axis to be included in threshold test; so a radius of 1 would make a 9 voxel cube centred on

the tested voxel. Threshold is the maximum intensity di�erence allowed from the original seed

voxel intensity. For the most part what adding inclusion cube achieves is growing the region

further by the size of that radius (Fig. 2.7. It is kept since it helps �ll in empty spaces that

sometimes appear inside the region. Though for the most part it is a remnant of an idea before

anisotropic �ltering idea and seem to clash with e�ectiveness of rejection cube.

Passing those tests brings the rejection cube test. This is an attempt to stop region from

growing into CSF regions. Idea is simple � test larger surrounding area around test voxel and

see how much of it could potentially belong to lesion region; if most of this cube does not

belong to lesion area, then prevent assigning this tested voxel to the lesion region. Ideally

this check would prevent algorithm from going through narrow CSF regions between grey and

white matter regions which is the most prevalent issue with implementing region growing in

MRI scans when attempting to detect lesions caused by ischemic insult.

As to why cubes are used instead of spheres or some other geometric shape � simplicity. This

avoids extra calculations and is made really simple in MATLAB, which allows quick selection

of cube-like matrices within bigger matrices. And speed is key, as this region growing algorithm
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Fig. 2.7. Example of inclusion cube e�ects: left � radius is zero (just the voxel), right � radius
is 2 (cube of 125 voxels).

tests 6 times per newly assigned to the region voxel.

If the tested voxel ful�ls growth criteria it is added to the region and queue. Queue contains

all the points added in this cycle and queue is used to determine when to exit the growing cycle

� when no more points are assigned there is no point in continuing the algorithm.

2.3 Analysis conclusions
Gri�s algorithm is �ne in multiple situations, but it currently has too many limitations

and inclusion of naïve-Bayes classi�cation, which needs training, means that to adapt the

algorithm for use in new environment would take time and data. Multiple issues, mostly

considering optimization, can be easily circumvented though. But to determine the location of

brain stroke, ideas from Gri�s algorithm is perfectly functional. With a little tweaking single

most likely voxel can be discerned.

To avoid using pre-training of any sort, in this work instead of predictors, region growing

is taken. In its simplest form it is not good enough since brain stroke induced lesion area in a

T1-weighted MRI scan is too similar to CSF; thus requiring multiple improvements to region

growing growth criteria. This work experiments if introduction of inclusion and rejection cubes

would allow satisfactory stroke induced lesion region delineation.
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3 VALIDATION OF DEVELOPED METHOD

Most of research work went into testing out the existing methods, mostly Gri�s algorithm;

�nding ways to improve them and look for ideas to use in this works own implementation. Large

part was �ne tuning Gri�s method, which gave me parameters to use while implementing SPM

toolbox in this works own method. This section, however, does prove that method proposed in

this work could be used to at least point out whether there is an issue to look at in the brain

and roughly where it is without actually needing to look at it.

3.1 Validation and improvement of Griffis algorithms

Gri�s lesion delineation algorithm is neither accurate, nor is it optimized. Accuracy depends

on the type of data fed to the algorithm and practice in picking settings like smoothing kernel

FWHM. The script is considered not optimized, because it often performs calculations that

are irrelevant to subsequent calculations and even saves some of this extraneous data onto the

hard drive. This signi�cantly increases processing time and wastes storage space � in above

mentioned case all data generated by this algorithm for one patient takes 334 MB (including

8MB of initial MRI scan).

DSC =
2|X ∩ Y |
|X|+ |Y |

(3.1)

The metric used for results evaluation in this work is Dice-Sorensen Coe�cient, otherwise

known as Dice Similarity Coe�cient, or DSC for short [49], which shows the similarity between

two sets of data. X and Y in Eq. 3.1 refer to the two sets of data. DSC is obtained by

multiplying the number of overlapping points by two and dividing that by the sum of all

data points in both sets. In analysis of lesion delineation algorithm results, �rst data set

corresponds to manually delineated lesion area three dimensional matrix which has values of

either 0 or 1, with 1 indicating that the lesion is present in that voxel; second data set is

algorithm delineated lesion area three dimensional matrix, which is has a threshold applied

with, an arbitrarily chosen, 20% cut-o�, meaning that values smaller than 20% of maximum

value in all set are assigned 0 value and others are assigned 1. Since both sets are binary, with

maximum magnitude of 1, resulting DSC values ideally should be equal to 1. That would mean

that all automatic delineation data points coincide with all points of hand delineation. For

analysis purposes, DSC is calculated for each MRI scan slice going vertically instead of one

DSC value for all. This allows to identify slices where algorithm found lesion area accurately,

and where it produced just false data.

For testing 124 MRI scans were prepared, however due to limitations of the algorithm

majority were rejected. This algorithm due to smoothing involved and due to brains being

asymmetrical cannot �nd small lesions. It can �nd only lesion areas in MRI scans where a

signi�cant portion of the brain is damaged. To pick out which brains have small lesions, their

manually delineated lesion regions were used and MRI scans with total lesion area of less than
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Fig. 3.1. Best attained per slice DSC results after running algorithm for 49 patients.

Fig. 3.2. Worst attained per slice DSC results after running algorithm for 49 patients.

5000 voxels were rejected. Another feature for rejection is lesion location. This algorithm

cannot delineate the lesion if it spans both hemispheres. That is why only lesions that a�ect

single hemisphere were selected. After this �ltering, 49 MRI scans were left and algorithm was

run for all of them.

DSC results are plotted as a graph for each slice. Slices where there is no data in either set

has no line as the DSC equation (Eq. 3.1) produces a division by zero in all plots there are

slices with DSC of 0. This is due to the automatic algorithm �nding larger or just di�erent

areas than in manually delineated case (Fig. 3.2). These plots also have red dashed line

representing relative size of manually delimited lesion area in that slice and green dashed line

showing relative size of automatically delimited lesion area in that slice. These lines are used

to indicate MRI scans which in the end got seemingly good DSC values in some slices, but that

is only due to automatic algorithm delimiting huge areas of brain as a�ected by lesion.
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Fig. 3.3. DSC plots showing results of lesion delineation for patient P0743.

None of the MRI scans in any of the slices attained DSC value of 1, which would be the

ideal case, however in one case DSC of 0.9 in a slice was attained (Fig. 3.1). 13 more got DSC

values around 0.8 for a slice, which shows that this algorithm can delineate some lesions with a

degree of precision. However, these 14 patients constitute only 29% of the test cases. DSCs for

3 patients do not reach magnitudes of even 0.4 per slice. That is when algorithm was unable

to determine where precisely is the lesion and just marked large swaths of brain as a�ected

by lesion. Patient MRI scans in between these two extremes get some decent DSC values in

some slices because of same reason � algorithm delimiting large areas as a�ected by lesions

and marked voxels in sets at particular slice just happen to coincide. In this case total DSC

value shows that algorithm failed. As an example, for patient P0743 (Fig. 3.3) one of the slices

has DSC over 0.7, but automatic algorithm delimited large areas of the brain as lesion even

though there was none, which brings total DSC to 0.17. This same issue is present in few of the

results, which looking at the per slice DSC would imply "good" result. In case of patient P1712

(Fig. 3.4), maximum per slice DSC reaches 0.8, but the total DSC is only 0.28 implying a bad

result. And really in that case automatic algorithm �nds large areas of lesioned brain where

there is none (Fig. 3.5). In the end there are cases where automatic algorithm fails completely

(Fig. 3.2). However, this case is illustration of algorithm being incapable of detecting small

lesions (Fig. 3.6). Analysing MRI scan and manual lesion delineation, one can see that only

small areas scattered around the right hemisphere are a�ected by the lesion. That is the worst

case for the algorithm � lesions that are small and on edges of the brain. After smoothing and

removal of areas outside of presumed brain area information becomes indistinguishable.

So in the end, according to the algorithm author, lesion delineation with total DSC of

0.60 or higher can be considered "good" [34]. By this estimate out of tested 49 cases only 7

delineations to be "good" � mere 14% of cases. This is likely due to predictor system that was

trained by the original author just does not work with the MRI scans this work have tested

with. By training your own predictor system it should be possible to increase the accuracy and
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Fig. 3.4. DSC plots showing results of lesion delineation for patient P1712.

Fig. 3.5. Manual delineation (A) comparison with result of automatic delineation (B) for
patient P1712.

improve DSC scores, but that is not likely to work later, when running for other cases. Author

had 30 MRI scans to work with, used 29 for training and 1 to test the obtained prediction

system. However, later on when testing the system he, presumably, applied it to the same

30 MRI scans. This is why his results are better � 66% of the lesion delineations are "good"

[34]. This is to be expected as the system was trained on those MRI scans. And that is why

predictor trained there does not work in many of 49 cases tested during this research work,

since these vary greatly by placement, size, clustering and intensity.

However the results and overall algorithm operation can be tuned and improved editing the

script and default values. So at this point an edited version of authors original lesion_gnb.m

scrip is created, naming it et_lesion.m. Main focus of this script is to increase number of things

done automatically; make the script run for multiple patients without user interaction. This
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Fig. 3.6. Patient P0836 MRI scan (A) manual delineation (B) comparison with result of
automatic delineation (D). Also showing found missing tissue TPM (C).

was especially appealing, as even without any user interaction, using default parameters and

scripts, lesion_gnb.m for the 49 test cases runs around 3.76 hours (Table 3.1). lesion_gnb.m

requires a variety of settings on each MRI scan, however only one depends on the MRI scan

itself. As such they can be set at the beginning and reused for all cases. The one case where

this does not apply is indication which hemisphere of the brain is lesioned. Improved method

code determines this by MRI scan �le name � last symbol in �le name is either "L", signifying

that the left hemisphere is lesioned, or "R", signifying that the right hemisphere is lesioned.

Patient MRI scans are taken from a single directory, which is expected to contain only patient

MRI scans. Results are placed in one directory, set at the beginning, which in the end contains

sub folders named after patients MRI scan �le names into which all resulting segmentations,

feature maps, delineations are placed.

In terms of saving storage space, 8.4 GB of space were saved (Table 3.1), roughly 40%.

However, storage space saving was not the real focus of optimization, more of a side product of

improving algorithm execution speed. Most time consuming part is MRI scan segmentation in to

TPMs using SPM toolbox. Complex segmentation algorithms strive for high accuracy [32], thus

all the lengthy repeated calculations that are used. Also big contributor to the long processing

times is that these algorithms cannot fully utilize multiple-core/multiple-thread CPUs. Usual

load during processing on Intel i5-4460 4 core, 4 thread processor by MATLAB process most of

the time is 40%, and 80% in some parts. So segmentation is a time consuming process, which

means the amount of processing done during segmentation overall should be minimized.

Originally Gri�s lesion delineation algorithm during segmentation saves to storage all na-

tive space TPMs � grey matter, white matter, CSF, bone, soft tissue and air/background. In

addition it also saves warped modulated and unmodulated TPMs of grey matter, white matter,

CSF and bone. Each TPM requires, not equivalent, but signi�cant amount of processing. In

the end, lesion delineation script utilizes only warped unmodulated TPMs of grey matter, white

matter and CSF, thus �rst improvement of mine is generating, and saving, only the required

warped TPMs � grey matter, white matter, CSF. When saving only these, segmentation func-

tion throws a warning in the cleanup process stating that it cannot be performed. Cleanup can

be performed when at least one of each TPM is generated. Thus, improved code also saves
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Table 3.1. et_lesion.m vs lesion_gnb.m execution times and results size comparison.

average
segmentation

time, s

average other
processing
time, s

average full
processing
time, s

full run
time, h

results
size, GB

et_lesion.m 245 4 249 3.58 13.3
lesion_gnb.m 264 12 276 3.76 21.7

native space TPMs for bone, soft tissue and air/background. Initial test showed that cleanup is

not necessary � tested by simple di�erences comparison: subtracting TPM generated by Gri�s

con�gured segmentation algorithm from TPM generated by segmentation con�gured by me.

Maximum absolute amplitude di�erence equals 0, meaning there is no di�erence to the seg-

mentation results from cleanup algorithm. Omission of cleanup and calculation of those extra

native space TPMs would save 2 minutes per patient. However, upon manual inspection of few

other cases it became apparent, that sometimes TPMs returned from segmentation have false

positive values in the air/background, bone, soft tissue regions. To avoid these issues, cleanup

process is kept. In the end, segmentation con�gured by me, running code for all 49 patients,

saves on average only 19 seconds (Table 3.1) of processing time per patient.

More time can be saved by implementing a feature that is hinted in the comment in orig-

inal code, but not actually used � testing if smoothed prior/template already exists, before

attempting to smooth it. In feature map calculation equations (Eq. 2.2 and Eq. 2.4)(Section

2.1.1) template TPM, which is referred to as prior in parts of the code, is smoothed with

FWHM smoothing kernel de�ned by the user. As the original non-smoothed prior �le used

for calculations does not change, smoothing could be performed once per FWHM value and,

upon code reruns, previously smoothed TPM could be reused. Check if previously smoothed

TPM exists and subsequent omission of smoothing saves 8 seconds per patient in optimized

algorithm � execution time changes from 12 seconds down to 4 seconds (Table 3.1). This 4

seconds average is attained, when all runs already had smoothed prior TPM and were skipping

smoothing process. Average time of the lesion_gnb.m indicates how long processing would

take if prior TPM would not be smoothed with a particular FWHM, e�ectively, showing how

long it would take to when running script for the �rst time.

Further script optimization has comparatively small impact on processing speed or storage

space taken and mostly deals in increasing code readability and minimizing redundancy in

variables. However, other parameters can be optimized. Focus was on 3 of them � FWHM

smoothing kernel, prior coe�cient and threshold of post-processed lesion delineation. Both, full

DSC value and maximum per slice accuracy, values are used for result comparison purposes.

Higher priority is given for full DSC as it shows full lesion delineation accuracy rather than

maximum partial, per slice, accuracy.

First, FWHM smoothing kernel. This a�ects the three dimensional Gaussian blur of each

voxel. Test were run for four patients � P1857, which had "good" lesion delineation using

default values; P1712, which had "good" maximum per slice DSC, but full DSC of just 0.28;

P0836, whose lesion delineation had full DSC of 0.0089 � worst of all test cases. FWHM values
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(a) P1857 (b) P1712

(c) P0836

Fig. 3.7. FWHM impact on DSC testing results for three patients; (a) � "good" lesion
delineation, (b) � erroneous lesion delineation, (c) � completely failed lesion delineation.

were taken in range from 2 to 32 with a step of 2, except for P1857 and P1712 for whom FWHM

of 9 and 11 are included to better pinpoint curve peak. This gives a sizeable range which also

includes the default FWHM value of 8. Resulting DSC dependence on FWHM plots show the

possibility to �nd an optimal FWHM value (Fig. 3.7).

Analysing �rst case, P1857 MRI scan, already shows that FWHM of 8 does not give the

best possible results (Fig. 3.7A). Total DSC peak is at FWHM smoothing kernel value of 11.

Maximum per slice DSC is at its peak at FWHM of 10 and quickly dips below 0.8 at FWHM 11.

Thus, this gives two values to pick from. Full lesion area DSC more indicative of overall lesion

delineation accuracy, thus FWHM of 11 can be stated as being best in the current testing setup.

Using FWHM of 11 instead of 8 increases full DSC by 11% � from 0.6181 to 0.6966. Theory

of FWHM of 11 being better than 8 is consistent with curves obtained for P1712 MRI scans

(Fig. 3.7B). Maximum per slice DSC curve peaks at FWHM of 10 and full DSC curve peaks

at FWHM 11. Few extra checks were carried out best DSC values vary between FWHM 10

and 11, more often than not, 11 being better one. Thus et_lesion.m will be using smoothing

kernel FWHM of 11.

Further tests show that no FWHM value can help �nd "good" results in cases where the

algorithm fails to �nd decent results using default parameters. In case of P0836 MRI scan,

at FWHM smoothing kernel of 6 maximum per slice DSC does reach values greater than 0.5,
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Fig. 3.8. Most obvious slice of segmentations for patient P0836 MRI scan with emphasis on
lesion area: grey matter TPM with manually delimited lesion area overlaid (A), white matter
(B), CSF (C)

however overall DSC is still less than 0.05. As mentioned before, delineation fails here, because

this patients MRI scan has mostly small lesions and they are at the edges of the brain. For

untrained eye they were mostly invisible. Even looking at segmentations, though somewhat

visible knowing where the lesions should be, they are hard to distinguish (Fig. 3.8), thus it is

no surprise that blurring of the image even further obfuscates the useful information.

Next tested parameter set by user that could improve the result is prior probability coef-

�cient. This value is used to make a two element vector, which is then used as one of the

parameters in prediction system. First value in the vector is 1 minus the given coe�cient,

second value is coe�cient itself. Analysing the source code for the script it was found that

default value for prior probability coe�cient of 0.1064 is used by Gri�s. However, he suggests

0.5, which is the value used in the control run testing how his script performs for given 49

patient MRI scans. Testing of prior coe�cient is performed on same three patients MRI scans

from FWHM smoothing kernel impact tests, plus P1419 who had somewhat di�erent curves.

FWHM value for these tests is 11 in hopes to �nd a way how to further improve the result,

given best found FWHM. Range of prior probability coe�cients is from 0 to 1 with step size

of 0.1, including extra points at both ends (0.025, 0.05, 0.95, 0.975) to further determine the

point of DSC value drop o�. Plots themselves show maximum per slice DSC and full lesion

delineation DSC dependence on prior probability coe�cient. Resulting curves are in Figure

3.9.

Firstly, prior probability coe�cient is not good at 0 or 1. For example for patient P1857

using 0 as prior probability coe�cient, gives empty lesion delineation � no results; using 1 as

prior probability coe�cient, gives all hemisphere as lesion delineation area � too many results.

Thus, values in between must be taken.

Curves themselves are quite stable, having small results variation in a wide range, from 0.025

to 0.7 prior probability coe�cient values. For patient P1857 with "good" results shown here,

full lesion DSC varies from 0.8311 to 0.8383 � maximum di�erence of 0.0072, which does not

give a signi�cant di�erence. In case of patient P1712 maximum di�erence is 0.0087 � still not a
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(a) P1857 (b) P1712

(c) P0836 (d) P1419

Fig. 3.9. Prior probability coe�cient impact on DSC testing results for three patients.

signi�cant di�erence over a wide range. This insigni�cant di�erence persists with many other

patients who got "good" or at least decent lesion delineations running with default parameters.

However, some patients have more pronounced "better" regions � where either maximum per

slice DSC or full lesion delineation DSC values are higher than in other regions (Fig. 3.9D).

Full DSC and per slice DSC regions do not overlap in this case, however, based on same logic

as before during FWHM testing, full lesion delineation DSC values are more important as such

values should be picked from that range. As such in et_lesion.m prior probability coe�cient

value is maintained 0.5 � the same as in default case, since it does fall in the "good" range.

Finally, prior probability coe�cient does not help with the case of patient P0836, where

lesion delineation is complete failure. In the presumed "good" range, 0.025 to 0.7, all values,

both per slice and full DSC, are �at zeroes � no result. Some data did happen to overlap at

prior probability coe�cient value of 0.975, but even then the DSC values are bad and as such

this data is not considered to be in�uential on the decisions made in picking prior probability

coe�cient to be used in et_lesion.m. And as just a test if specially tailored FWHM and

prior probability coe�cient values could produce a decent result another quick test was run.

Maximum per slice DSC of 0.7 is attained at 0.05 prior probability coe�cient value, which

coincides with other results, implying better maximum per slice DSC in lower ranges of prior

probability coe�cient. But, in the end maximum full lesion delineation DSC was still only

0.0398.
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(a) P1857 (b) P1712

Fig. 3.10. Thresholding point impact on DSC testing results for two patients from before.

Third, and �nal, parameter whose impact on the resulting lesion delineation was tested

is the threshold used to convert results to binary values from �oating point ones. Original

lesion_gnb.m script makes binary valued lesion delineation, but after post-processing this

delineation once again contains gradients based on given smoothing kernel FWHM. Before

DSC calculations this smoothed lesion delineation is once again converted back in to binary

values. In the algorithm, threshold value is dynamic and varies per patient. Up to this test the

value was 20% of maximum value in all lesion delineation. For example, if maximum value is

1 then all values bellow 0.2 assigned 0 and all value above and including 0.2 would be assigned

1. In practice, however, maximum value is never 1 and in some cases (patient P0836 � failed

delineation) as low as 0.18 magnitude.

Test was performed by changing threshold percentage in full range, from 0% to 100%, with

a step of 2.5%. All other test parameters are kept the same as in default algorithm, except

for FWHM which is set to be 11. Test objects are post-processed lesion delineation of all 49

patients. For result accuracy evaluation once again maximum per slice DSC and full lesion

delineation DSC was used.

Firstly, the results for the same three patients as used in previous tests as they represent

three distinct results of lesion delineation are checked (Fig. 3.10). Patient P0836 is not included

in the �gure, because, as seen in previous test, using FWHM of 11 and prior probability

coe�cient of 0.5 resulting DSCs are 0. Thus threshold application does not change this result

as there is no overlapping data to begin with. And only point where DSC rises above zero is at

0%. This is, because with a threshold of 0% all data set becomes ones, due to all values at or

above threshold value being set to 1, and this means that inevitably some data does overlap.

This feature of the algorithm is noticeable for all patients � everyone have same but small DSC

values at threshold of 0%. Inversely, due to the algorithm both DSC values are near zero with

threshold at 100%, because, in theory, only one voxel, with the highest magnitude, would be

in the comparison set.

Other two patients do have peaks in their curves implying that there is an optimal value for

thresholding. For patient P1857 this peak is at 22.5%. Comparing this to the preciously used

threshold of 20% this gives an increase in overall DSC of 2 ∗ 10−4, which is not a signi�cant
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Fig. 3.11. Curves of 24 patients full lesion delineation DSC dependence on thresholding point.

Fig. 3.12. Curve of averages of curves in �gure 3.11.

di�erence. Slightly higher di�erence is in the case of patient P1712: optimal threshold is at

27.5% and magnitude di�erence is 0.01 (better result by 2%). These two optimal thresholds do

not coincide, as such, di�erent approach is necessary to get best case threshold.

DSC dependence on threshold calculations are performed for all patients, however not all

results should be considered further. Results that do not, at any point, reach "good" values

[34] are omitted. This leaves 24 patients � half of all patients. However, the resulting curves

still have highly varied peaks (Fig. 3.11). To gleam a possible result, results are averaged for

these 24 patients for each threshold and looked for a peak in the resulting curve (Fig. 3.12).

Maximum magnitude is reached at 32.5% threshold, which, comparing to magnitude attained

using 20% threshold in previous tests, gives an increase in DSC of 0.025 (3.6%).

Running modi�ed et_lesion.m script and changing two parameters in calculations did

improve end results. For results comparison all patients full lesion delineation DSCs were used.

DSC improved by 6.28%, meaning an average increase of 0.128 DSC per patient. Largest

increase in lesion delineation DSC was for patient P1476, with the DSC increase of 0.476 and

also maximum per slice DSC increase of more than 0.2 (Fig. 3.13). This signi�cant increase

appears, because the algorithm is able to e�ectively �nd the actual area of lesion during feature

extraction and after prediction, lesion delineation is similar to the manual delineation. For 44

patients DSC did increase, by some amount. For �ve patients lesion delineation DSC fell in

comparison to DSCs obtained with default parameters. Largest DSC loss was for patient P0053
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(a) (b)

Fig. 3.13. DSC graphs for patient P1476 obtained running lesion_gnb.m (a) and
et_lesion.m (b).

(a) (b)

Fig. 3.14. DSC graphs for patient P0053 obtained running lesion_gnb.m (a) and
et_lesion.m (b).

with magnitude of 0.05 (Fig. 3.14). This loss is, due to script now giving signi�cantly smaller

lesion volumes, but in this case that did not mean more precise delineation than with default

parameters. For patient P0056 lesion delineation total labelled lesion voxels by lesion_gnb.m

is 65 141, number of voxels labeled by et_lesion.m is 27 344 voxels, as also seen in graphs

comparison. These smaller lesion volumes are also what give better results in case of other

patients lesion delineations.

Total number of voxels marked as lesion area in et_lesion.m decreased by at least 25.9%

for every patient; on average, decreased by 61.6%, with a maximum decrease of 93.2%. This

decrease is mostly caused by threshold increase, but is also a�ected by prediction algorithm

working di�erently when given slightly di�erent feature maps that are in�uenced by new FWHM

smoothing kernel. This decrease in lesion delineation volume gives higher precision, better DSC,

in cases where extracted missing and abnormal tissue probability maps manage to �nd actual

lesion regions. Otherwise prediction system further muddles the information marking large

swaths as lesion area and in that case removal of voxels decreases DSC.

So in the end, et_lesion.m manages to get "good" [34] lesion delineations of 21 patients,
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compared to 7 obtained using script with default parameters. It is still only 43% of patients in

the specially selected test group giving good results. As such it is still not usable for general

application on any MRI scan and it would be nice to implement some self-evaluation algorithms

that would provide the user with an indication of what accuracy in the result should he expect.

3.2 Swiss lesion delineation method analysis

This second method for lesion delineation if from Swiss scientists Raphael Burgener and

Stanislaw Adaszewski. For convenience, in this paper it will just be called as "Swiss method".

This method uses a lot of complex formulas, works with outdated SPM toolbox and strives to

speed up operation by incorporating pieces of code running in C language for some calculation

intensive operations. However as of this point this method is still very slow � 12-18 minutes per

patient; depending on requested outputs � if user asks for a nifti �le with, for example, grey

matter segmented out, script runs time consuming SPM segmentation algorithm for a second

time.

This method does utilize uni�ed segmentation methods discussed before (Section 1.1.1) for

segmenting brain into white matter, grey matter, CSF, bones, soft tissues and rest. However,

unlike Gri�s method, instead of evaluating sum di�erence and subsequently growing using

predictors, Swiss method uses multiple high complexity and time consuming steps.

First step that is optional is preprocessing of the nifti �le that includes registration, bias-

correction and skull stripping. This applies uni�ed segmentation algorithms to section the �le;

speci�cally from SPM8. And even here the code is outdated and not optimized in the sense that

�rst the basic segmentation is run and then followed by another run that applies deformation

(warping) to the received �les. In latest SPM libraries this can be done in a single run. This

then is followed by masking � area outside of brain itself is removed. And in the end �les are

shifted around and unnecessary ones are deleted. This step, on average, takes 4.6 minutes,

segmentation being still the most time consuming step. Also worth noting that while this step

is marked as optional, further calculations require warped grey matter, white matter and CSF

segmentations, so it is actually mandatory at least for the �rst run

This entire step of the Swiss method is highly ine�cient in the sense that it actually segments

each part out of the brain even if some parts are unnecessary in the end. Swiss method uses

those extra segmentations to create masked brain image, but Gri�s method circumvents the

need of extra segmentations by loading prede�ned mask. Prede�ned mask works since the

patients brain is warped to a standard template which means shape of brain as a whole in the

end is the same for all patients, thus some preset mask works for them all. And all in all, the

masking algorithm in Swiss method also introduces what could be considered as noise to the

edges of the brain compared to simple masking in Gri�s method � high intensity voxels around

the edges near blank space, near skull. Though their e�ect is mitigated in later calculations

due to application of Gaussian �lter that blurs it out.

Once the preprocessing is done the mandatory part of the code starts and it mimics the

brain segmentation based on tissue classi�cation models [15�21], since it calculates intensity,
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Fig. 3.15. Input (A) and output (B) of intensity feature extraction.

thickness of white matter, grey matter and CSF, and geometry.

It starts with intensity calculations; speci�cally, intensity normalization. There �rst is, so

called, landmark extraction. Landmarks that are extracted include minimum and maximum

intensities at any point, median intensity, percentiles at 25% steps and 10% steps, and mean

value of peaks. These landmarks are then used in checking if their distribution adheres to

two unspeci�ed theorems and if so then warped brain image is modi�ed using polynomials

according to those landmarks. Then, before returning the result to parent function, resulting

image is blurred with a Gaussian �lter (Fig. 3.15). Intensity calculation takes 1 to 2 seconds,

so compared to other parts this one is fast and even though it is called later two more times it

does not extend runtime that much by comparison.

Next the geometric feature extraction or "folding" of the nifti �le is performed. Here once

again intensity normalization is performed as before. Di�erence here is that afterwards two

steerable �lters are applied, �rst and second order, and then summed. Steerable �lter is designed

to detect edges and ridges using �rst and second order derivatives respectively. Finishing actual

"folding" subfunction, again Gaussian blurring �lter is applied to the result (Fig. 3.16 A).

However folding is performed a second time with the di�erence being that the steerable �lter

Gaussian sigma value is 2 instead of 1 used previously (Fig. 3.16 B). Which on visual inspection

does not change anything... And running both these "folds" takes 52 seconds � both noticeable

in the grand scheme of things time wise.

Then thickness feature map is extracted. This part utilizes Gaussian mixture model with

expectation maximization. This function segments brain images into grey matter, white matter

and CSF only based on the intensity of the voxels (Fig. 3.17), not accounting for the special

locations like SPM toolbox does. This method basically again performs segmentation, just a

reduced one, and so it takes a lot of calculations. And it is inaccurate � even author notes in

comments that it is inaccurate since k-means algorithm often does not converge as it should,

which then distorts the rest of the results. This thickness feature extraction takes 2.2 minutes,

which is faster that full SPM segmentation, but still time/computation costly.

That ends feature extraction and leaves outlier detection. This part of the script compares

each slice of the brain, one a a time, with the so called "Atlas" for that slice, which is e�ec-
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Fig. 3.16. Folding results on same source nifti �le as for intensity with steerable �lter Gaussian
value of 1 (A) and 2 (B).

Fig. 3.17. Grey matter (A) and CSF (B) tissue probability maps calculated in thickness
feature extraction part.

tively a template of sorts. Previously extracted features (intensity, grey matter thickness, CSF

thickness, two geometric feature extracts with di�erent steerable �lters) are used to represent

the brain in the equation and the "Atlas" slice contains a set of class variables that are not

explained what they are. Function generates outlier map (Fig. 3.18 A) and it shows di�erences

from "normal" brain contained in "Atlas", but de�nitely not lesion area. Results seem similar

to CSF and grey mater sum � which was part of the input, so it is somewhat expected. And

as far as timing, in takes 85 seconds to calculate for all slices.

So, once the features and outliers are done with, next optional step is region reweighing.

This is one of the parts of the Swiss method that has injected C code in so most of the magic

is hidden by compiled C code. Goal of this function is similar to Gri�s clustering function

� reduce amount of small data clusters with the intention of reducing the error. Though the

results still seemingly show just a bunch of noise (Fig. 3.18 B) and not the lesion area. At least

it is a fast step that takes around half a second.

Then step four is region growing. It goes through each signi�cant voxel in source nifti �le

applying more complex formulas utilizing previously generated and optionally reweighed outlier

maps. Result is still just a grown volume of noise attained during outlier detection (Fig. 3.18
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Fig. 3.18. Outliers generated by the Swiss method: initial (A), after region reweighing (B),
after region growing (C).

C). Seeing as the purpose of this function is to grow the area of the outlier map, means at least

this step is working somewhat. But it does take some time: 38 seconds.

Final �fth step is segmentation of the nifti �le with SPM toolbox. Again. This provides

nifti �les for the script user if he wants them; these are not used by the script afterwards and

these are the same as the ones obtained in �rst optional skull stripping step. So unknowing

user extends script runtime by 6.35 minutes just to get some TPMs. Note: user should be able

to de�ne which ones he wants, but the script gives them all in any case.

It seems that Swiss method is written by math theoreticians as it uses a lot and complex

equations with derivatives. And then it was all put together without any real thought about

optimization, end user, or correct execution. To date (2017-06-18) a good result from it was

not attained and 12 minutes minimum runtime per patient does not encourage experimentation

and bug �xing, especially since the most complex looking function using some preset/template

values is giving the noise instead of result.

3.3 Determining the centre of lesion

Initially in this research more scienti�c and potentially robust approaches using formulas for

�nding a centre point of a set of points was tried, but in the end resorted to simpler approach

which in the end proved to be more reliable and accurate. Here are the results of the methods

tried out and implemented.

3.3.1 Arithmetic mean centre and arithmetic mean weighted centre

Missing tissue feature map attained in this works method by same formulas as in Gri�s

method, provides a feature map that has normalized values across all brain. In this works

method, search for the single most likely to belong to lesion region point. Initially, looking for

robust mathematically based method, arithmetic mean centre was attempted to use, quickly
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Table 3.2. Centre determination methods comparison for a set of 49 MRI scans.

Method Threshold Hits Accuracy, %
Maximum magnitude 0 43 88

Mean centre 0.5 19 39
Mean weighted centre 0.5 19 39

Mean centre 0.3 33 67
Mean weighted centre 0.3 34 69

Mean centre 0.1 38 78
Mean weighted centre 0.1 38 78
Mean weighted centre 0 12 24
Mean weighted centre 75% 41 84
Mean weighted centre 50% 39 80
Mean weighted centre 25% 36 74

introducing thresholds and mean weighted centre. Results of testing are visible in Table 3.2.

About this test: if method provides no results (no values above threshold) that is considered

as a miss and MRI scans used in this test are best case scenarios � with sizeable, homogeneous

lesion regions in them.

Issue with using arithmetic mean centre is that there is a large portion of missing tissue

feature map that has values above zero, however small the value may be. Throughout the test

set on average feature maps have 390 000 voxels that have zero values and 150 000 voxels that

are above zero. Now then the issue would be determining the correct threshold. Similar to how

it was mentioned before that applying thresholds can improve chances of accurately determining

MRI scan that has a lesion, applying thresholds to arithmetic mean centre determination also

improves accuracy, in cases where feature map actually has values above the threshold.

Another thing that has a positive in�uence on the accuracy of arithmetic mean centre

determination algorithm is using weights. Feature map contains normalized range of values

that signi�es how di�erent the brain is at that point compared to the other hemisphere of the

brain and tissue probability map template. However without scaling up said normalized values,

there was no signi�cant improvement in accuracy. While here this theory was not tested, it is

believed that making higher values have signi�cantly higher weights would help the accuracy

more.

Thus �nal attempt at implementing arithmetic mean centre included utilizing weights and

automatic maximum magnitude based thresholds. The automatic threshold refers to the idea

that the threshold is picked based on highest magnitude in the feature map, e.g.: if the mag-

nitude is 0.8 and 50% automatic threshold is asked for, then threshold of 0.4 would be used.

Combining these techniques improved accuracy signi�cantly, however the accuracy was still not

satisfactory.

Only at this point of methods analysis obvious issue was noticed � lesion does not need to

be a single homogeneous region with its arithmetic centre also belonging to said region. E.g.

if the lesion is shaped like a letter "U" � arithmetic centre would be in the whitespace inside

the letter. Or if there are two similarly sized regions apart from each other � arithmetic centre
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Fig. 3.19. Maximum magnitude method successful point determination examples. Red area
is hand delineated region; white pixel in it is the found voxel.

would be in between them. Thus the idea of using arithmetic mean centre as the main idea was

abandoned and only kept as a failsafe when maximum magnitude method returns more than

one point.

3.3.2 Highest likelihood point

Goal of this project is automatic lesion region delineation, not "regions". This is why

method that �nds single voxel in MRI scan that is most likely to belong to lesion region was

settled on (Fig. 3.19). Method for �nding it is determining maximum magnitude of missing

tissue feature map. This circumvents the issue arithmetic mean centre algorithms face when

there are multiple lesions or when lesion arithmetic mean centre point does not actually belong

to lesion region, with some exceptions.

As mentioned before, arithmetic mean centre algorithm with automatic threshold selection

does have improved results; maximum magnitude approach could be considered an extreme

case of that algorithm. Compared to non-automatically determined thresholds methods of

arithmetic mean centre determination methods maximum magnitude approach has at least a

10% increase in accuracy in the initial testing (Table 3.2).

In the end, applying pre-�ltering of data, missing feature map thresholds and the maximum

magnitude method allowed analysing 100 MRI scans and correctly �nding points belonging

to lesion in 91 of them (91% accuracy)(Table 3.3). At this point only two things confuse the

algorithm. First is signi�cant brain asymmetry (Fig. 3.20 �rst two) � when there is a sizeable

region of CSF on one hemisphere but not the other. CSF has similar visual properties to lesions,
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Table 3.3. Results of maximum magnitude method tests on pre-�ltered MRI scans.

Threshold Hits Total Accuracy
0.9 3 3 100
0.8 8 9 89
0.7 14 16 88
0.6 21 23 91
0.5 33 36 92
0.4 44 49 90
0.3 59 65 91
0.2 76 84 90
0.1 91 100 91

0 95 113 84

Fig. 3.20. Maximum magnitude method unsuccessful point determination examples. Red
area is hand delineated region; white pixel close by is the found voxel.

thus the false identi�cation. Second, could be argued against. As seen in third brain slice in

�gure 3.20, CSF is surrounded by lesion region. Algorithm is unable to di�erentiate between

lesion and CSF, and in the missing tissue probability map it picks voxel right next to region

delineated by hand.

3.4 Results of region growing

Region growing as a solution for ischemic insult lesion delineation from the start seemed

like a bad idea and it does not reach good enough results. Main issue being that the intensity

of lesion voxels is similar to CSF, which causes region to overgrow, or not grow enough under

more constraining parameters.

I took a single MRI scan at random and tried a variety of parameters to attain similar lesion

delineation to hand delineated version (Fig. 3.21). Best DSC that was achieved out of 4032

parameter variations was 0.46 � less than half of the lesion delineation coincides. Parameters

are: inclusion cube radius of 3, inclusion cube threshold of 3, rejection cube radius of 5, rejection

cube threshold of 4 and at least 20% of rejection cube must be lesion-like. This way 14 327

voxels were included. Hand delineated version has 28 989 voxels. Voxel size is 1 mm3 actual

volume, so automatic delineation �nds 14 cm3, while it should �nd around 29 cm3. Next step

in an attempt to improve the results is looking at the in�uence of all the parameters.
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Fig. 3.21. MRI scan used in parameter testing: left � original, middle � best DSC region
grown, right � hand delineated region.

Fig. 3.22. 3D models for region grown delineation and hand delineation.

One of the parameters is rejection cube threshold. It is closely tied to rejection cube radius.

Both of these parameters in�uence on DSC is visible in Figure 3.23. While using aforementioned

parameters provide highest DSC, it seems that there is a tendency of higher DSC values at

higher thresholds, no matter what radius is used. This then implies that instead a threshold

of 20 or more should be used; however that is not the case. Here data is distorted by the

100 000 cycles limiting � region with higher thresholds is thicker, which makes it cover more

hand delineated region, but it over�ows and continues through the CSF and without limiting

region would grow through entire head diminishing DSC in the process.

Similar tendencies can be seen in rejection cube required lesion-like voxels percent depen-

dency impact to DSC (Fig. 3.24). At threshold of 4, the best case found earlier, DSC is highest,

but drops o� quickly if higher percentage is required to be lesion-like in rejection cube to pass

growth criteria evaluation. And at higher threshold change seems to even out. This is also due

to 100 000 cycle limit.
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Fig. 3.23. DSC dependence on rejection cube threshold value at di�erent radii.

Fig. 3.24. DSC dependence on rejection cube lesion-like required percentage at di�erent
thresholds.

To see if it is indeed the limit that causes confusing data, an example run was performed on

same MRI scan with same best parameters just increasing rejection cube threshold to 20 and

increasing cycle limit to 500 000. Previously at such settings DSC was close to 0.4; now with

limit increased it is just 0.0049. Though, still these graphs show that smaller rejection cube

values might improve results, as two of the parameters and at the low end.

Further test runs indicate that threshold of 2 and radius of 6 at 10% lesion-like region

requirement would improve result. But the improvement is minuscule, less than 0.01, and

when full algorithm is run with these parameters overall results are signi�cantly worse. So the

initial aforementioned parameters were maintained. More testing allowed to achieve 0.79 DSC

(from 0.66 DSC at initial best parameters), but the average drops � less average quality results.

So instead of cherry picking an making it work for a few MRI scans this work focuses on having

a higher average.

Adding anisotropic di�usion �lter, overall, improves DSC. Though changes are not large:
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Fig. 3.25. My method DSC histogram after running on all 121 MRI scans without �ltering
the original MRI scan.

Fig. 3.26. My method DSC histogram after running on all 121 MRI scans.

best DSC dropped by 0.01 and the average increased, by 0.05. While many still fail (42 have

less than 0.1 DSC) 16 MRI scans move up into higher than 0.1 range (58 less than 0.1 DSC

with non-�ltered input).

All in all, running now fully assembled algorithm on full set of 100, DSCs are still not good

enough (Fig. 3.26). Considering cases where lesion region failed to be determined as having

DSC of 0, highest DSC is 0.66 and average is 0.20. It was not expected to have perfect DSC due

to the highest prevailing issue of CSF being included in the region, while in hand delineated

regions it is not included. Both maximum and average DSCs need to be higher for this approach

to be viable, but now only 2 out of a 100 (2%) have DSC higher than 0.6, "good" by Gri�s

standards [34], and none above 0.9, which would be ideal.

3.5 Validation conclusions

All in all, validation shows that automatic delineation algorithms so far are incapable of

delineating lesion regions comparable to regions delineated by hand by a professional. Gri�s

algorithm without being trained for a new set is not capable of giving consistent satisfactory

results on a new set of input MRI scans. While it does reach respectable similarity at some

MRI scan slices to hand delineated lesions, at one point reaching DSC of 0.9 and an overall

DSC of over 0.8, Gri�s algorithm is far from consistent and only 14% of delineations of MRI

scans fed to the algorithm in this work can be considered "good" [34].
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On the other hand Gri�s algorithm provides a robust framework for �nding around where

the brain stroke lesion is in an MRI scan. Utilizing SPM toolbox and missing TPM computation

formula gives good data to make a decision where a lesion is located. Taking the largest value

from the missing TPM, with threshold based �ltering applied, gives 91 % chance of picking a

voxel belonging to a hand delineated lesion region.

And to try and �nd the volume and location of lesion region in an MRI scan region growing

is applied. The features added to region growing algorithm in this work do improve DSC values,

meaning better delineation, but they are far from su�cient. Even in best case, lesion volume

is near two times larger than in hand delineated version; DSC reaches only 0.67 and average,

across 100 MRI scans tested, is just 0.20. Only 2% of all the scans reach DSC over 0.6 � "good"

as de�ned by Gri�s. So this approach did not measure up to expectations. And more likely a

di�erent approach than region growing should be taken.
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CONCLUSIONS
This work explores methods and algorithms applied in trying to delineate various types

of regions within brains. The focus is mostly on �nding brain stroke induced ischemic lesion

regions in T1-weighted scans. Due to rise of popularity of neural networks, classi�cation, fuzzy

logic and such, many approaches utilize one or a few of these. This introduces need for training

for the algorithms. Here one of such algorithms is explored � automatic lesion delineation

utilizing naïve Bayes classi�cation proposed by Joseph C. Gri�s, Jane B. Allendorfer and

Jerzy P. Sza�arski.

Their work employs SPM toolbox for MATLAB which is a powerful tool capable of segment-

ing brains in MRI scans to grey matter, white matter and CSF. This toolbox also is employed

in the algorithm proposed in this work. It provides means of �nding missing TPM. Gri�s

algorithm utilizes it and abnormal TPM in his prediction system to further re�ne it into lesion

delineation. Since this system incorporates training, giving MRI scans it is not trained for it

was able to delineate 14% of scans to a satisfactory degree.

Other method overviewed in this work is from Swiss researchers. It does not require training

and in theory should work; while in this work that method was not capable of producing usable

results it does strive for the same � lesion delineation without requiring training.

This works method starts o� same as Gri�s method � SPM based segmentation followed

by missing TPM calculation. At that point algorithm diverges and next up is �nding a point

for region growing. Under conditions that there is a sizeable lesion (at least roughly 1 cm3

volume) it is capable of �nding a lesion in over 90% of the cases. Its main issue being the

asymmetry of the brain � in cases where there is a large pooling of CSF on one hemisphere

without symmetrical one on the other hemisphere. Taking these false positives out would

increase past 95% percent in the test set. And would improve results of the �nal step.

Last step in method proposed in this work is region growing. With the improvements applied

to the basic region growing algorithm, in this work it is still incapable of giving satisfactory

results � only 2% of scans reach minimum desired accuracy threshold.

In the end, this works method, while not capable of precisely measuring the volume of brain

stroke induced ischemic lesion or delineate its region, is capable of pointing out MRI scans

with signi�cant issues and pointing out the area where the is most likely to be located; with an

accuracy of over 90%. And, honestly, large pooling of CSF on one hemisphere is not likely to

be healthy either.
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APPENDICES

Appendix A Results of automatic stroke segmentation

Patient MRI scan ID
Found center coor-
dinates

Method
over�owed
into CSF

DSC

P0030_990122_4_3D_ax [135, 183, 130] No 0.0073294
P0053_970919_T1 [58, 87, 98] No 0.14432
P0089_000721_8_3D_ax [106, 158, 171] No 0.055306
P0150_030807_8_3D_ax [109, 187, 131] No 0.56837
P0152_030910_7_3D_ax [61, 149, 111] No 0.1062
P0203_980403_3_3D_ax [85, 174, 112] No 0.000069711
P0204_980327_4_3D_ax [49, 114, 138] No 0.00047916
P0237_980813_5_3D_ax [70, 129, 125] No 0.000091253
P0268_981106_3_3D_ax [85, 182, 134] No 0.32698
P0270_981016_3_3D_ax [141, 130, 91] No 0.2647
P0273_981106_3_3D_ax [123, 158, 135] Yes 0
P0280_981113_3_3D_ax [89, 186, 119] No 0.071893
P0291_981211_4_3D_ax [62, 141, 101] No 0.36505
P0300_030827_8_3D_ax [65, 167, 133] No 0.65283
P0307_030911_7_3D_ax [42, 95, 119] No 0.16509
P0342_030930_8_3D_ax [120, 181, 144] No 0.35335
P0370_990730_4_3D_ax [139, 149, 110] No 0.18767
P0392_991001_4_3D_ax [138, 151, 82] No 0.35977
P0403_991119_4_3D_ax [49, 138, 131] No 0.00014799
P0447_000324_4_3D_ax [140, 141, 95] No 0.29393
P0466_000526_5_3D_ax [48, 175, 132] No 0.36028
P0495_000728_5_3D_ax [135, 149, 142] No 0.31195
P0520_001020_5_3D_ax [125, 178, 128] No 0.4011
P0550_010223_5_3D_ax [50, 144, 138] No 0.46117
P0591_010629_5_3D_ax [58, 185, 142] No 0.084429
P0612_010810_5_3D_ax [110, 86, 175] No 0.18641
P0622_010911_2_3D_ax [58, 118, 148] No 0.34298
P0732_040803_2_3D_ax [59, 179, 150] No 0.52841
P0743_020702_2_3D_ax [50, 152, 100] No 0.00022043
P0751_020723_2_3D_ax [53, 137, 123] No 0
P0755_020806_2_3D_ax [54, 189, 131] No 9.5039e-05
P0767_021008_3_3D_ax [49, 174, 130] No 0.2755
P0792_021105_2_3D_ax [55, 153, 155] No 0.31975
P0826_030218_2_3D_ax [53, 131, 169] No 0.00031862
P0853_030401_2_3D_ax [44, 116, 144] No 0.15926
P0921_031014_2_3D_ax [49, 166, 159] No 0.0007776
P0957_040210_2_3D_ax [54, 85, 140] No 0.003457
P0960_031209_2_3D_ax [68, 175, 151] No 0.26985
P1044_040511_2_3D_ax [44, 119, 157] No 0.44922
P1058_040525_2_3D_ax [101, 177, 148] No 0.00067204
P1066_040622_2_3D_ax [54, 160, 147] No 0.12045
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Patient MRI scan ID
Found center coor-
dinates

Method
over�owed
into CSF

DSC

P1077_040629_2_3D_ax [77, 159, 178] No 0.46663
P1108_040831_2_3D_ax [138, 143, 134] No 0.15331
P1117_040921_2_3D_ax [67, 152, 173] No 0
P1149_041123_2_3D_ax [99, 175, 128] No 0.3645
P1167_041221_2_3D_ax [115, 165, 171] No 0.051726
P1170_050104_2_3D_ax [120, 166, 163] No 0.41163
P1187_050208_T1 [129, 163, 77] No 0.28992
P1233_050419_1_3D_ax [80, 165, 180] No 0.54429
P1264_050906_1_3D_ax [66, 167, 146] No 0.0047847
P1268_050726_1_3D_ax [66, 107, 195] No 0.39219
P1270_050705_1_3D_ax [59, 143, 119] No 0.042591
P1281_050906_2_3D_ax [44, 147, 130] No 0.2556
P1287_050809_T1 [55, 89, 93] No 0.089576
P1299_050913_2_3D_ax [130, 145, 141] No 0.21165
P1419_060404_1_3D_ax [54, 61, 176] No 0.00010464
P1470_060613_7_3D_ax [101, 171, 144] No 0.000086926
P1476_060613_T1 [120, 156, 93] No 0.65604
P1550_061128_2_3D_ax [32, 122, 179] No 0
P1553_061205_T1 [104, 176, 64] No 0.34268
P1574_070109_2_3D_T1_mdeft [76, 76, 153] No 0
P1575_070116_2_3D_T1_mdeft [80, 180, 141] Yes 0
P1600_070417_2_3D_T1_mdeft [116, 193, 155] No 0.57397
P1654_070612_2_3D_ax [76, 92, 204] No 0.1562
P1663_070626_2_3D_T1_mdeft [47, 77, 114] Yes 0
P1664_070619_2_3D_T1_mdeft [112, 200, 138] No 0.32829
P1706_070904_2_3D_ax [42, 156, 152] No 0.023411
P1712_070925_2_3D_T1_mdeft [52, 138, 121] No 0.5265
P1723_071009_2_3D_T1_mdeft [55, 156, 180] No 0.39793
P1730_071016_2_3D_T1_mdeft [84, 181, 180] Yes 0
P1830_080429_11_3D_ax [73, 120, 174] No 0.0015548
P1837_080506_2_3D_T1_mdeft [116, 149, 172] No 0
P1854_080520_2_3D_T1_mdeft [87, 163, 123] No 0.28915
P1857_080603_T1 [59, 145, 92] No 0.47882
P1876_080715_2_3D_T1_mdeft [74, 180, 139] No 0.2528
P1878_080715_2_3D_T1_mdeft [61, 130, 155] Yes 0
P1886_080722_2_3D_T1_mdeft [58, 139, 155] No 0.59107
P1897_080812_2_3D_T1_mdeft [67, 127, 186] No 0.030231
P1909_080902_2_3D_T1_mdeft [112, 201, 137] No 0.000075672
P1927_081021_2_3D_T1_mdeft [84, 162, 179] No 0.4542
P1947_081118_T1 [130, 172, 69] No 0.12664
P2003_090331_2_3D_T1_mdeft [80, 165, 189] No 0.54306
P2023_090428_2_3D_T1_mdeft [141, 123, 127] Yes 0
P2031_120611_t1_mpr_sag [75, 185, 150] No 0.000077187
P2062_120612_t1_mpr_sag [101, 186, 145] No 0.000040951
P2085_090804_2_3D_T1_mdeft [107, 97, 203] No 0.258
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Patient MRI scan ID
Found center coor-
dinates

Method
over�owed
into CSF

DSC

P2161_100105_2_3D_T1_mdeft [62, 172, 159] No 0.25629
P2169_100119_2_3D_T1_mdeft [85, 201, 128] No 0.24598
P2174_100126_2_3D_T1_mdeft [133, 126, 144] No 0.2619
P2186_100216_2_3D_T1_mdeft [49, 103, 168] No 0.32146
P2198_100309_2_3D_T1_mdeft [57, 175, 147] No 0.12051
P2222_100427_2_3D_T1_mdeft [77, 177, 166] No 0.31951
P2376_120613_t1_mpr_sag [100, 178, 180] No 0.000057864
P2503_110927_00176-1 [46, 150, 189] No 0.10175
P2517_111004_T1 [46, 142, 122] No 0.000096103
P2697_120710-00176-1 [43, 147, 129] No 0.00048603
P2734_120828-00176-1 [47, 160, 166] No 0.00010324
P2783_121127-00176-1 [103, 185, 158] No 0.2835
P2802_130115-00176-1 [54, 86, 190] No 0.14192
P2809_130122-00176-1 [80, 163, 169] No 0.00024117

Appendix BMaterials of presentation given at 21st Conference for Lithua-

nian Junior Researchers
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