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Abstract
Magnetic resonance imaging is a modern imaging technique, which is completely digital. This property enables a wide range of quantification and visualization options for the
image information. In this work specific medical image processing methods were stud-

ied: image segmentation, three-dimensional (3D) visualization, and multimodal imag-

ing. The source data were various neurological images obtained from magnetic
resonance imaging and electroencephalograph (EEG) signals. The segmented images
were applied in several research projects leading to the reconstruction ofresistive head
models, volumetric analysis of brain lesions, and visualization of segmented structures.

In addition, measured EEG signals and 3D images were combined to produce multi
modal images.

In order to implement the segmentation and visualization applications, several new algorithms and software were developed. These are presented in detail in this thesis. The performance and accuracy of the methods were tested. The results demonstrate relatively
high reproducibility and accuracy in segmentation and volumetric analysis, photo-realis-

tic images in 3D visualizatton, and high operation speed in multi-modal imaging. The
developed software packages have proved to operate intuitively, to be user friendly, and

to form an applicable and functional image analysis package for neurological and radiological applications.
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1. Introduction
After the introduction of digital imaging devices in medicine, computerized tissue recognition and classification (i.e., segmentation) have become important in research and
clinical applications. Segmented data can be applied among numerous research fields
including volumetric analysis of particular tissues and structures, construction of anatomical models, three-dimensional (3D) visualization, and multi-modal visualization
(Fig. 1). Segmentation is essential in modern image analysis. This thesis employs various segmentation methods for MR images in neurological and radiological applications.
Further, MR imaging and 3D visualization techniques are presented and discussed
briefly.
Reconstruction of head models
Segmented neural structures can be applied in the reconstruction of piecewise homoge-

nous digital head models. Segmented MR images can be applied directly in forming
conductivity models consisting of volume elements. One such conductivity model is the

finite difference element model (FDM) [Laame 1996]. Because bone tissue has a relatively low conductivity, it affects strongly the EEG amplitude measured from the scalp.

Also the variation in scalp thickness can cause a 2O-40Vo variation in EEG amplitude
[Lehtinen et al.,1996, Babiloni eta1.,1997]. A reasonable head model requires at least
the segmentation of scalp, skull, cSF, grey matter, and white matter of the brain. The
models can be utiiized, e.g., in simulations enabling electrical modeling of the brain

activity [Yvert et al., 1995, Babiloni et al., lggi]. Head modeling enables numerous
applications, such as the detection of epileptic foci and other sources [Scherg et a1.,
1992, 1993, 19941. Head models can be applied also in other simulations, such as computing the absorption of electromagnetic radiation [Hombach et al., 1996].

SOURCE DATA

METHODS

APPLICATIONS

Segmented anatomv

(ai'atomical mode6)

Figure l: Segmentation and its applications. Segmented anatomical structures
can be applied in volumetric analysis and in the reconstruction of head models.
Further additiorual infortnation, such as measured or simulated signals can be
integrated with 3D presentation in order to forrn multi-modal representations.
Volumetric analysis
Due to the increasing accuracy of MR images and segmentation, it is possible to define
non-invasively the volumes of different organs, neural structures, and pathological
lesions. In addition, various neurological conditions, such as brain atrophy, edema associated with various disorders, and brain hematomas can be estimated based on volumet-

ric analysis. Multiple

Sclerosis (MS) has been widely studied utilizing volumetry
et
ai.,
i995,
Frank
et a1.,1996, Filippi et a1.,1996, Gawne-Cain et al., 1996,
[Kamber
Johnston et a1., 1996, Losseffet al., l996,wang et al., 1996, Samarasekeraet ar., 1997f.
The volume of MS plaques and the degree of cerebral atrophy have been measured and
correlated to clinically measured signs of the disease. Other common volumetric applications are the analysis of different tumors [velthuizen et al., 1995, peck et al., 1996],

brain infarcts [Brott et al., 1989, Mathews et al., 1992, Bryan et a1., 1994, Beleoosesky
et al., 19951, and neurodegenerative diseases [Wahlund etal.,1992, Vogels et al., 1995,
Fox et al., 1996, Freeborough et al., 1996, Hasboun et al., 1996, Julin et al., 1997, Dev-

ernoy et al., 19981. The measured volumes of particular neural structures and pathologies can be utilized in determining appropriate treatment. Further, a set of consecutive

MR studies together with volumetry enable an efficient follow-up of disease progression. Such technique can be applied e.g., in the treatment of MS and the radiation therapy of tumors.

Visualization of segmented structures
Neurological MR images can be displayed three-dimensionally, enabling efficient analysis of MRI data; anatomical structures are easier to render from 3D images than from
conventional 2D slices. 3D graphics has been applied among clinical medicine in order
to plan operations fZarnoru et al., 19941 and visualizing tumors and other anomalies
[Gerke et al., 1996]. In addition, multi-modal imaging including measured or simulated

information and MRI data, enable efficient spatial visualization of EEG signals and
computed electric fields [Penin et a1.,1981, Koles et aI., 1988, Perrin et al., 1989, Lopes
da Silva 1993, Medina et a7.,1994, George et al., 19951.
Purpose of the study
The purpose of this study was to develop specific algorithms and techniques, with the

ability to segment and visualize medical images. The software was designed to operate
sufficiently fast for routine use in a PC environment. The aims of the study are as follows:

't.

To develop a technique to segment medical images

for

- Resistive head models
- Volumetric analysis

)

To develop techniques to display medical images in 3D for presenting
- Raw images
- Segmented images
- EEG distributions on MR images

2. Review of the Literature
2.1 Magnetic Resonance Imaging
Magnetic resonance imaging is the most important imaging technique in visualizing
non-invasively the neuroanatomy. The basic theory of magnetic induction was first
introduced by Bloch et al. [1946] and Hahn et al. [950]. However, the methods capable
of producing MR images were presented by Lauterbur et al. 119731. Superconductors
enabled the technical implementation

in

1977 [Cohen 1996]. The imaging accuracy,

speed, and image quality have increased dramatically with present day technology. The

improvements are extensively due to technical development of computing resources and
high field magnets. Nevertheless, relativeiy high quality images can be produced using

very low field magnets [Sepponen et al., 1985, Ramadan et aL., 19977. Also new fast
MRI techniques have been developed to reduce the scanning time. The development of
different imaging sequences has enabled efficient visualization of anatomical, pathological, and functional details of neural structures.

2.L.L Pulse Sequences
Different types of RF pulses can be applied in generating MR images capable of visualizing particular tissues and pathological conditions. The frequency, duration, repetition
times (TR), echo time (TE), and energy of the RF pulses can be adjusted. The basic MR
image types (T1, T2, and PD) can be generated by changing these parameters. T1weighted images (typical parameter values: TE=20ms, TR=500ms) are able to generate
great contrast between fluids (fluid may not contain paramagnetic particles) and lipids.
Different structures and tissues of the head and brain are excellenfly visualized and
therefore it is commonly used in anatomical studies. Also axonal loss can be efficiently

in

neurodegenerative diseases. T2-weighted images (TE=100ms,
TR=2000ms) are able to emphasize fluids, different neural structures, and pathological
conditions. Proton density images (TE=30ms, TR=2000ms) can visualize efficiently

visualized

CSF spaces and pathologies inside the ventricles.

Different image acquisition techniques, such as spin-echo (SE), fast spin-echo (FSE),
gradient-echo (GE), and spoiled gradient recalled (SPGR) have been developed
enabling faster imaging and pulse sequence applications. Pulse sequence parameters can
be varied, and in addition, the resulting images can be combined. This appears to be
extremely useful in order to emphasize lesions of various diseases, and in segmentation

of different tissues [Taxt et al., 1994]. The most commonly used sequences are the fluid
attenuated inversion recovery (FLAIR, T2-weighted image, in which CSF is nulled),
inversion recovery (IR, emphasizes the contrast between white and grey matter), and
magnetization transfer contrast (MTC, emphasize the white and grey matter boundary).

If the structure in a study is in the order of the slice thickness, a phenomenon called the
partial volume effect may take place, bluning the information [Turner et al., 1979,
Johnston B et al., 19961. Such phenomenon causes problems in image analysis but can
be avoided by using thin sections or advanced imaging techniques, such as 3D MRI.
Most commonly used 3D MRI sequences are the spoiled gradient recalled (Tl SPGR)
and 3D T2 fast spin echo (T2 FSE).

2.1.2 New

MRI Techniques

In order to reduce MRI scanning time, fast MRI techniques, such as echo-planar imaging (EPI), and turbo gradient spin echo (TGSE), can be applied. At present, the quality
ofconventional spin echo and gradient echo images appears to be better when compared
to fast MRI techniques lClanet et al., 1997). MRI techniques based on blood perfusion
of the tissue or water diffirsion, form a novel group: "functional MRI" [Krone et al.,
1992, Cohen 1996, Kuikka et a1.,1996, Liu et al., 19981. Functional MRI enables visual-

ization of brain functions and anatomy. Similar techniques can be applied in functional
and anatomical visualization of brain tumors enabling evaluation of disease progression
[Aronen et al., 1993]. Diffusion-weighted MRI is capable of visualizing cortical connectivity conveyed by specific pathways or tracks in the white matter [Makris et aI., 1997].

Diffusion-weighted MRI technique could be applied, e.g., in the reconstruction of unisotropic resistivity models of the brain's white matter. The continuous development of different pulse sequences reveals new images capable of visualizing particular tissue types
of pathologies.

2.2 Segmentation Techniques
During the last three decades, computerized segmentation techniques have been studied
among numerous scientific fields including, e.9., pattern recognition, computer vision
systems, and medical imaging. In general, most of the basic methods can be utilized
among all segmentation applications. Various segmentation techniques can be classified
using two criteria: operation principle or the level of interactivity. Some operation principle classifications are the boundary-based techniques, the region-based techniques,
and the statistical techniques (Fig. 2). The level of inieractivity in tum can be classified
as manual, semiautomatic, or automatic. Different techniques can be integrated, hence

making accurate classification difficult. Both manual and automatic techniques have
their advantages and disadvantages. Automatic methods are sensitive to noise and unexpected situations. This

will

leading to errors, that are not corrected. Nevertheless, the

results are highly reproducible. Manual and semi-automatic methods are not as sensitive

to noise. Reproducibility is usually poor, because the operator can affect the accuracy of
results considerably. The quantitative comparison of different segmentation algorithms
is very difficult because numerous issues must be taken into account. Still several statis-

tical approaches have been suggested to evaluate the efficiency, advantages, and limitations of different algorithms fZhang, 1997).

Figure 2: Dffirent segrnentation principles. Classification and segmentation
have very simil.ar objectives, and it is not rare that segmentation leads to classification, andviceversa.

2.2.1"

Boundary-Based Techniques

The first commonly used boundary-based segmentation technique was manual ffacing.
During the last two decades, this technigue has greatly evolved toward edge detection
and automatics. Conventional boundary-based segmentation techniques utilize different

gradient operators [Jain 1989, Heinonen 1996]. Combing this technique with thresholding, results in a binary image emphasizing edges. To detect the emphasized edges, sev-

eral simple techniques such as contour following, edge linking, heuristic graph
searching, dynamic programming [Jain 89], and shortest spanning trees [Kwok and Constantinides 19971 have been developed. Quite often, conventional methods result in false

or broken edges, due to complex and noisy source images. In order to solve this, techniques called whole boundary methods based on spatial gradient features near boundaries have been studied [Bomans et al., 1990, Chakraborty et al., 1996, Yezzi et al.,
19971. These techniques yield better results. The use of different gradients together with
watershed transformations and morphological operators increase the performance of the

boundary methods [Wang 1997]. Further, statistical techniques enable relatively effective edge detection regardless of noise [Thune et al., 1997).

2.2.2 Rlegion-B ased Techniques
Thresholding is the most commonly used segmentation method. It is based on homogenous regions instead of contours. It utilizes amplitude segmentation to find voxel groups

of similar intensify [Sahoo et al., 1988, Jain 1989]. Such procedure can be classified

as

either manual, semi-automatic or automatic depending on the segmentation application
and the definition of the threshold coefficients. Because particular tissues and neural
structures usually appear in similar intensities, thresholding is often applied as a feature

extractor. However, when source images are enhanced or particular multi-spectral
images are applied, it is possible that only the regions of interest appear in some constant
intensity range, hence enabling automatic segmentation.

Thresholding coefficients are often obtained from intensity histograms manually or
using some algorithms to find peaks and valleys. The criteria how to choose appropriate
coefficients depends on the segmentation application. One common criteria is to choose
the coefficients so that the resulting image resembles the original image accurately. For

this purpose, advanced methods have been developed based on histogram entropy and
2D histograms, that employ spatial information along with pixel intensities [Pun 1981].
Such algorithms have evolved during the last years pursuing better quality [Sahoo et al.,
performance [Gong et a1., 1998], and adaptivity to poor signal to noise ratio [Li et
Also methods based on measures, other than histograms, have been developed employing statistical information for spatial occurrences of pixel intensities
19971,

a1., 19971.

[Ramac et al., 19971.

The method of clustering is based on partitioning an image to regions of similar features

[Jain 1989], such as shapes, textures, and intensities. Clustering has been applied in
of multi-modal medical images, such as
MR images of different pulse sequences [Taxt et al., 1994]. New clustering techniques
involve complex mathematics and statistical analysis in order to increase the perfornumerous projects concerning segmentation

mance and pattern recognition properties [Yegnanarayana et al., 1997, Frigui and Krishnapuram 19971.

It
by merging neighboring pixels of similar features [Jain 1989]. Usually the

Region growing is maybe the most versatile method in medical image segmentation.
operates

"seed" is defined interactively, but in some cases prior knowledge of seed locations can
be applied. The region growing process can be implemented either in 2D or 3D depend-

ing on the source images (e.g., MR images are in 3D).
The basic implementation of region growing applies image intensities in the decision of

pixel merging; if the intensity of neighbor pixel is similar to the seed pixel, the pixels are
merged. Image intensities are rarely homogenous and hence more advanced implemen-

tations of region growing include statistical or geometrical analysis, such as minimum
variance [Revol et al, 1997). Also conventional methods, such as "splitting and merging" techniques and thresholding have been used as feature extractors to produce images

with uniform intensities [Yong and Fu 1986]. Region growing operation is then applied
to these images. Some new region growing techniques have been developed to operate
without seed parameters [Mehnert and Jackway 1997f, and to include classification.
Region-based techniques are not as sensitive to noise as boundary-based methods, hence
enabling effective segmentation of noisy images. However, boundary-based techniques

rely on changes in the grey level rather than their actual values enabling effective boundary segmentation for regions of varying intensity. Therefore several research projects are

aiming to combine boundary and region-based segmentation [Chakraborty et a1., 1996,
Tabb and Ahuja 19971. Such methods are capable of segmenting effectively blurred and
noisy images.

2.2.3 Statistical Techniques and Classifi cation
Tissue classification and segmentation often have similar objectives, and

it is not rare

that segmentation leads to classification and vice-versa. Such segmentation methods are

usually based on statistical analyses. They utilize mathematical feature variables or vectors in estimating properties of image details, such as shape, texture, intensity, similarity,

etc. These computed parameters can be compared to particular model parameters,
enabling statistical classification. Statistical classification is one step towards automatic
segmentation [Liang 1993]. The classic classification methods are often based on Bayesian minimum risk classifier, probability distributions, and decision trees [Jain 1989].

Conventional segmentation techniques, such as thresholding are often applied as a feature extractor among statistical segmentation techniques in order to emphasize certain
details. Although thresholding is capable of segmenting and classifying structures of
homogenous intensities, it has numerous limitations. For example, all pixels of some
particular intensity are always classified to the same class, even if they are not spatially
connected. In order to increase classification properties of thresholding, several
approaches have been developed based on spatial distribution analysis and probability

functions [Leung et a1.,7997, Gupta et al., 1998]. Modern classification techniques
involve the theory of fuzzy logic [caillol et al., 1997, Salzenstein et al., 19971, arrificial
neural networks (ANN) [Lee et at.,1997, Shen et a1.,1997), generic algorithms [Sonka
et al., 1996, Undrill et al., 1997), and fractal geomerry [Neil et al., l99i l.

2.3 Tissue Segmentation for Reconstruction of Head Models
Modeling of the head is usually based on a piecewise homogenous structure, composed
of several homogenous sub-volumes (e.g., scalp, skull, CSF, grey matter, and white matter of the brain). Because the recognition of anatomical structures is essential in model
construction, Tl-weighted MR images are commonly applied. Some tissue types, such

difficult to detect from T1 images, hence segmentation techniques often uticombination of basic segmentation methods (Hybrid techniques), prior knowledge
of anatomical structures and their appearance in MRI (Model-based techniques), statistias bone, are

lize

a

cal methods, multi-spectral techniques, and artificial neural networks.

2.3.1

Hybrid Techniques

Hybrid techniques are based on combining several basic image processing methods,
which are usually thresholding, edge detection, and region growing. Brummer et al.
[1993] (Table 1) developed an automatic segmentation technique to produce contours of
the scalp and brain from coronal 3D MR images. Their technique was based on a combi-

nation of region and contour-based segmentation methods. At first, two histogram-based
amplitude segmentations were applied to produce masks for the scalp and brain. Thereafter, ttre masks were processed using morphological operations (i.e., binary erosion,
binary dilation, filtering, etc.) to remove the connections between the brain and scalp.
Masks were produced for each slice and thereafter contours were computed by applying

basic edge detection procedures. According to Brummer et al. [993], the results were
quite accurate but still several segmentation errors occurred in end slices, eyes, and the
tips of the temporal lobes.
Freeborough et al. [1997] developed an interactive algorithm for the segmentation of 3D

MRI brain

scans

in to different brain tissues and structures, such as the hippocampus

(Table 1). Their method was based on intensity thresholding, region growing, and morphological operations. Also Heinonen et al. [I] developed an interactive technique to

segment

Tl

MR images (Table 1). Their method was based on image filtering, thesh-

olding, region growing, and decision trees. The method was found to be relatively fast
and accurate.
The Curryru (Neuroscan Inc, USA) software enables automatic and interactive segmen-

tation of several tissues, including scalp, skull, CSF, white matter, and grey matter of the

brain [Wagner et al., 1995]. The segmentation technique involves region growing and
prior knowledge of brain anatomy. Scalp, CSF, and brain tissues can be detected accurately from MR images but the skull must be approximated; the algorithm leaves at least
5 mm CSF between the brain and skull. Automatic segmentation requires 30 minutes

of

processing for a MRI study.

2.3.2 Statistical Techniques
The main principle of statistical segmentation methods is to estimate statistically properties of different regions in MR images. Also conventional segmentation techniques, such
as clustering are applied as a feature extractor. As a new technique, Markov random
fields [Jeng et al., 1991] have become popular in image segmentation due to their ability
to capture locally dependent characteristics of the images [Fwu et al., 1996).
Li et al. [1993] developed a knowledge-based system to detect and classify basic brain
tissues (Table l) and possible abnormalities, such as tumors. At first, unsupervised

fuzzy-based clustering was applied to segment MR images

(Tl,T2,

and PD) and to

make the brain structures uniform. Thereafter, the structures were analyzed and classi-

fied by applying knowledge-based systems utilizing their distribution in feature space.

Liang [1993] developed a conventional statistical technique by applying TI,TZ and PD
MR images together with the distribution function of image intensities. This method
enabled near automatic segmentation of brain structures.
Rajapakse et

al.ll997l

presented a study in which the different brain tissues (Table 1)

were segmented from 3D SPGR MRI image set using statistical methods, such as finite
Gaussian mixture and Markov random fields. The processing was found to be demand-

ing. In order to estimate the accuracy of the method, phantom images were segmented
and their volumes compared to the true volumes. The test demonstrated a l.2%o-2.8Vo
error between real and segmented volumes. Also Held et al.

[997] have applied Markov

random fields in the segmentation of MR images (Table 1). Wells et aI. [1996] developed a method called adaptive segmentation, based on tissue class probability, the
knowledge of tissue intensity properties, and morphological filtering. This method is
capable of automatically segmenting different brain structures very accurately.

Fwu et al. [1996] presented a segmentation technique based on vectors and tree structures; Different MR images (Tl,T2, and PD) are coded into vectors representing the
voxels. Thereafter the vectors are arranged into a tree structure and sorted by applying
statistical analysis and clustering (Table 1).
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dffirent segmentation techniques; reported ability to segrnent
various tissues, hardware, and processing requirements.

Table 1: Comparison of
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2.3.3 Model-Based Techniques
Model-based segmentation techniques include prior knowledge of the structures that are

to be detected. For example, computerized neuroanatomical atlases can be applied in
segmentation of neural structures; When particular anatomical structures, such as ventricles are to be detect, it knows where they should be located.
Saeed et al. 11997) developed an automatic segmentation algorithm to detect the brain
from several different MR images (Tl and T2. Table l). However, the main implementation included the use of sagittal Tl-weighted images. Their algorithm was based on prior

knowledge of brain anatomy, texture analysis and enhancement, automatic thresholding,
and edge detection. The algorithm first segments the outer boundary of the scalp using
edge detection. Thereafter texture analysis is applied to make the intensities of brain tis-
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sues uniform, which are emphasized using thresholding. Appropriate brain structures are
selected using a prioriknowledge of intensity, size, and location. Finally, the structures
were converted to chain coded contours by applying edge detection techniques. Saeed et

al. ll997l studied 210 subjects and reported that an average pixel error of

o.gvo

occurred.

Andreasen et al. [1996] developed a model-based segmentation algorithm to segment
different brain regions, such as cerebellum, frontal lobes, temporal lobes, etc. The
method utilizes Tl-weighted MR images and Talairach's atlas of the brain, in order to
automatically classify detected brain structures. According to their validation study, very
small variation is measured between automatically and manually (produced by an
expert) segmented images.

2.3.4 Arttficial Neural Networks
Artificial neural networks (ANN) have been utilized by numerous research projects for
the segmentation and classification of neural structures. A common feature of almost
every ANN-based technique is to exploir multiple MR images (Tl,Tz, and pD) and to
cluster common features. Amartur et al ll992l presented their study in which they clustered data from PD and T2-weighted MR images. The produced images were automati-

cally classified into different anatomical structures using ANN. Furthermore, the
technique enabled the recognition of abnormal tissues. Kirschell et al. [1995] also
applied rz and PD images in the segmentation of head tissues (Table 1). Their segmentation algorithm was based on ANN (learning vector quantifier). According to their validation tests, a 67o differer.ce was observed between automatic segmentation and an
expert's manual segmentation. Li et al. [1996] presented a new segmentation algorithm
based on prior knowledge, Boolean neural networks, and clustering. such techniques
enabled faster processing compared to conventional ANN techniques (Table 1). Reddick
et al. [1997] reported a study in which MR images of the brain were segmented to various tissue types (Table 1). They applied neural networks for the segmentation of T1, T2,
and PD weighted MR images. The results suggested very high reproducibility and accuracy.

2.3.5 Multi-Spectral Techniques and Image Fusion
Different neural structures and tissues are emphasized in different MR images. When
such images are applied simultaneously or integrated (data fusion), the segmentation
procedure is simplified. Taxt et al. U9941developed a multi-spectral segmentation technique based on two multi-spectral images (using two spin-echo pulse sequences and five
channels), supervised ciustering, and statistical analysis. The grey level values of a sin-

gle pixel in the multi-spectral image form a feature vector, which can be statistically
analyzed and classified. Referring to their validation studies, 7l-goEo segmentation
accuracy was achieved in brain tissue classification, 80Vo for bone-air (bone or air) , and

about 507o for fat and muscle (Table 1). Rajapakse et al. [1996] presented their study, in
which cerebral MR images were segmented (Table 1) from simultaneously scanned T2

and PD-weighted MR images, which were fused using probabilistic techniques. The
result was a probability matrix corresponding to both source images, which was segmented using statistical techniques. The method was validated using volumetric analysis

of phantom images, demonstrating a 1.0 -2.6Vo enors when compared to real volumes.

2.4 Volumetric MR Image Analysis in Neurology
Volumetric analysis has been applied in studying numerous neurological disorders in
order to estimate non-invasively the degree of brain damage, the progress of disease, and
the follow-up of treatment trials. There are still many difficulties in practical application

of volumetric methods [Rubin et al., 1996f . These include the objective validation of the
method, as well as the costs of volumetry.

2.4.L Yolumetry in

Multiple Sclerosis

Volumetric measurement of MS plaques is a difficult procedure due to several factors:
There are different types of plaques appearing in different MR images, the boundaries of
plaques can be blurred due to partial volume effects, the size and number of plaques varies significantly, different scanners affects the results, and plaques resemble normal anatomical structures in MR images (e.g., sulci).

T2-weighted MR images emphasizing edematous lesions appear to be useful in estimat-

ing disease activity and lesion load. Therefore, they are commonly used in MS studies.
Because T2 images emphasize fluids, such as CSF, it is difficult to separate periventric-

ular and cortical plaques from ventricles. To solve this, FLAIR images can be applied in
separating CSF from plaques. Tl-weighted images are able to visualize hypointense
lesions caused by axonal loss.

In addition, Gadolinium-enhanced (Gd-DTPA) images

visualize active lesions and the results of treatment Brank et al., 1996, Clanet et a1.,
19971. Also fast-MRI techniques, such as fast-FLAIR have been applied in MR studies.

Until now,

these fast methods have not reached the quality of conventional images

ippi et al., 1996, Gawne-Cain et

a1., 1996b, Clanet

[Fil-

et al, 19971.

Reproducibility of MS lesion volumetry depends on numerous facts; Van Waesberghe et
al. [1996] studied the effect of different MRI scanners in volumetric analysis of plaques.
Six different scanners were applied and the results varied l.OVo-2.Ovo.Palient movement
and repositioning affect the results of volumetry S-lOVo [Gawne-Cain et al, 1996]. Also
slice thickness has an effect; lesions smaller in diameter than the slice thickness are not

error in volumetry [Wang et al., 1996].
Therefore 3 mm is recommended as a maximum slice thickness. In addition to these sysdetected accurately, hence causing O.lVo -

7

.5Vo

tematic error sources, intra- and inter-observer studies demonstrate 5Vo-34Vo variation
caused by the operator of the segmentation procedure [Wang et a1.,1996].
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The first techniques to segment MS plaques from MR images applied manual tracing.
Due to high inter- and intra-observer variability and time usage, new methods have been
developed. Boundary-based techniques are quite popular even though their use is slow
and complex due to the great number of individual plaques. However, when characteristics, other than numerous small lesions, are objective of the study, boundary-based techniques are applicable [Losseffet al.,1996].

In order to detect MS plaques accurately and as automatically as possible, many interesting algorithms and approaches have been developed. samarasekera et al. [1997] presented a statistical technique based on "fuzzy connected components". Gd-DTpAenhanced rl-weighted MR images of seven patients (48 slices per study) were used as
source data. Multiple thresholding was applied to emphasize possible MS plaques and
eliminate structures outside the brain (e.g., the scalp). Thereafter statistical variables

describing the location and size of plaques were computed, and four neuroradiologists
trained the software to recognize true plaques. According to validation tests, the method
operated with an accuracy of 97.47o.

Prior knowledge of the distribution, size, and shape of MS plaques can be utilized in the
segmentation process. Such "model-based" methods are currently becoming popular
due to the introduction of digital neuroatlases. Kamber et al. [1995] introduced a modelbased approach to segment MS plaques by apptying the facr that90-95vo of MS plaques

occur in white matter tissue. They generated a brain atlas-based on MR images of 12
healthy volunteers. Patient images were compared to atlas images and possible plaques
were selected applying statistical classifiers (e.g., Bayesian) and decision rules.

New MRI units are able to use multi-spectral imaging sequences, hence enabling
emphasis of particular pathological details. Johnston et al. [1996] developed a procedure

for segmenting MS plaques by applying multi-spectral MRI; pD-weighted and 12weighted images, that were obtained from five MS patients. The images were scaled,
masked, and integrated to represent only the brain structures, and thereafter threshold-

ing, decision trees, and statistical analysis were applied in the selection of possible
plaques.

2.4.2 Yolametry in Neurodegenerative Disorders
The volume of intracranial CSF spaces, i.e., brain atrophy appears to be a general indicator of various neurodegenerative diseases, such as Alzheimer's disease, Parkinson's disease, and vascular dementia.
degeneration

In Alzheimer's

disease the atrophy correlates

with the

of neural structures; Erkinjuntti et al. [993] studied the temporal lobe

atrophy from 34 patients suffering from Alzheimer's disease. The patients were scanned
using Tl-weighted MRI and the volumetric analysis was carried out by a radiologist.
The results proved that atrophy in selected temporal structures correlates to the presence

of Alzheimer's disease. Fox et al. [996] developed a semiautomatic segmentation technique to study the increase of intracranial CSF in certain regions of the brain. In serial
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MRI studies the method enabled accurate estimation of the locations where the degeneration was progressing. The results showed an average 3Vo annual increase in CSF space
volume for Alzheimer's disease patients. According to Freeborough et al. [1996] voxel
size inconsistencies and patient repositioning complicate the interpretation of serial MRI
studies. They presented an accurate registration technique based on 3D MR images, ana-

lytical geometry interpolation, and resampling.
Parkinson's disease and other degenerative diseases cause sub-cortical brain lesions and
ventricular brain atrophy. Conventionally these signs are estimated using specific rating
scales defined by a radiologist. Due to poor inter- and intra-observer results, better tech-

niques are under development. Vogels et al. [1995] developed manual segmentation
techniques based on counting grids. Such procedure requires 15 minutes of processing
per patient. Julin et al. ll997l presented their study in which the brain volumes of ten
dementia patients and ten controls were estimated based on 3D MP-RAGE MRI and
interactive segmentation technique involving amplitude segmentation and manual 3D
tracing. The results demonstrated relatively good accuracy, reproducibility and speed.

The hippocampus is a part of the central nervous system associating with learning,
memory, emotional behavior, and motor control. Hippocampal atrophy refers to Alzhe-

imer-type dementia, temporal lobe epilepsy, amnesia,

or

schizophrenia [Devemoy

19981. Due to the small size of the hippocampus and poor contrast in

MR images, it is

recommended to use 3D MRI and very thin sections in the projection plane pelpendicu-

lar to the axis of hippocampus [Hasboun et al., 1996]. Freeborough et al. [1997] presented a study in which they segmented hippocampi of Alzheimer patients. The source
images were produced using SPGR MRI technique. The interactive segmentation procedure was based on filtering, amplitude segmentation, boundary detection, and morpho-

logical analysis.

2.4.3 Other Diseases
In addition to multiple sclerosis and neurodegenerative diseases, volumetric analysis has
been applied among numerous other diseases, such as brain tumors [Velthuizen et al.,
1995, Peck et al., 19967, sellar tumors [Dastidar et al., 1997b], brain infarcts fBrott et a1.,
1989, Mathews et al., l992,Bryar, et al., 1994, Beleoosesky et al., 1995, l, and intracra-

nial hematomas [Dastidar et al., 1997a7.
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2.5 Three-Dimensional Visualization of MR Images
Three-dimensional visualization principles of MR images can be divided into surface
rendering and volume rendering. Although volume rendering is capable of producing
3D images directly, it is often utilized in order to produce surfaces, hence the visualization can be understood as a two step procedure consisting of surface reconstruction and
rendering (Fig. 3). Surface reconstruction can be classified into several different tech-

niques, based on polygon surfaces, parametric surfaces, and volume rendering
[Lorensen 1987]. The selection of appropriate reconstruction technique depends on the
type of source data; raw MR images can be displayed utilizing thresholding and volume

rendering techniques, boundary segmented structures can be displayed using polygon or
parametric surfaces, etc. Rendering techniques involve different shading and displaying
functions [Watt et al-,1992, Watt 1993, Foley et al., 1994, Heinonen 1996].

The comparison of different rendering techniques is usually based on processing and
memory requirements, and on their ability to portray different structures [Gibson 1989,
Udupa et al., l99l]. From this point of view, surface rendering appears to be better.
However, when the modelled object is very complex, volume rendering appears to be
more effective.
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Figure 3: The 3D visualization procedure; Source data is processed to form an
object surface, which is visualized using rendering techniques.

2.5.1 Visualization Methods
The polygon surface applying triangles is the most commonly used surface type among

conventional 3D reconstruction techniques. If the source data consists of chain coded
contours, triangulation algorithms can be utilized in order to form triangles between
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consecutive contours. Different triangulation algorithms [Christiansen et al., 1918,
Ganapathy 1982, Heinonen 19951 are usually based on heuristic or optimal path algorithms.

If the modelled

object is branching (i.e., contains more than one closed contour

in one plane), the surface reconstruction becomes more complex [Shantz 1981, Boissonnat 1988, Ekoule 1991, Gerke etal.,1996, Voigtmann eta1.,l997l. Also parametric surfaces [Watt et al., 1992, Foley 1994] can be used instead of polygons.
If the source data consists of voxels, the method of Ray Casting lDrebin 1988] can be

utilized to display the 3D image directly, or to form an open surface, which can be covered by polygons. A better approach is the Marching Cubes [Lorensen 1987] algorithm,
in which a closed triangular surface is generated around voxels.
The next step after surface reconstruction is the rendering, consisting ofthe definition of

projection plane, back face removal, and shading. The projection plane can be defined
either by rotating the generated surface in relation to some particular projection plane, or

by moving the projection plane and eye point [Wau 1993, Heinonen & Eskola 1994]. In
order to display the surface elements in correct order, back face removal algorithms,
such as Z-buffering, priority

fill,

and culling can be utilized [Watt 1993, Heinonen 1994,

Heinonen 19961.
The simplest shading method is lhe Flat shading [Heinonen 1994], in which a surface
element is filled with uniform color depending on location, direction, and intensity of a

virtual light source. More photo-realistic approach is the Gouraud shading [Gouraud
19711 applying linear interpolation inside the surface elements; An intensity is computed for each apex of the surface element and interpolated over the entire element.
Phong U975) developed further the Gouraud shading by interpolating surface normals
instead of intensities (Phong shading). In order to achieve excellent shading results, the
theories of Ray Tracirug [Watt et a1.,1992, Watt 1993, Foley 1994] and Radiosity ffatt
et al., 19921can be applied. However, such techniques are demanding and require efficient computing resources.

Most of the medical visualization software apply the above mentioned techniques, especially the methods of Ray Casting, Marching Cubes, and Phong shading. New
approaches involve simultaneous segmentation [Raya et at., 1990, Choi et al., 1997,
Jacq et al., 19971 and rendering, together with improved efficiency based on parallel
computing [Santarelli et al., 1997]. Vandenhouten et al. [1995] developed a general visualization library for segmented images. Their technique was based on Ray Casing and
edge operator shading methods. The implemented software allowed simultaneous dis-

plays of separate segmented structures, shadows, transparency, and volume cuts. The
basic visualization techniques can be integrated in order to improve image quality and
efficiency. Englmeier et al. [997] presented their study, in which the best properties of
volume and surface rendering were integrated, enabling effective operation. Heinonen et

al.

[N]

and Raya et al. [1990] presented also techniques based on combining volume

and surface rendering.
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2.5.2 Combination of EEG and MRI
One interesting application of 3D visualization is multi-modal imaging, in which different types of information are integrated. Conventionally, multi-modal imaging is associated with image fusion (e.g., combination of MRI and CT, SPECT, etc. [Santarelli et al.,
I997D. Nevertheless, completely different information modalities can be combined,
such as digital EEG and MRI data improving spatial resolution of EEG, and enabling

comparison

of EEG and MRI findings [Lopes da Silva 1993, Medina et il., 1994,

George et a1., 19951.

The integration of EEG and MRI consists of several stages, including image segmenta-

tion, definition of electrode locations, and the reconstruction of 3D surface. Thresholding is usually applied in order to segment the scalp. Nevertheless, other segmentation
techniques can also be utilized, especially when tissues, other than scalp, are required.

The definition of electrode locations can be solved by two different techniques: Electrode locations can be marked on MR images by using e.g., Tl MRI and vitamin E capsules [Laarne 1996, Babiloni et al., 1997f, which appear excellently in MR images.
However, when the number of electrodes is high (e.g.,64 or 128), the marking becomes
complex. Another approach is to mark or detect only several landmarks, such as inion,
nasion, and pre-auricular points, enabling computerized calculation of electrode locations [Brinkman et al., 1997, Babiloni et al., 1997, VI].
The 3D surface is usually reconstructed using triangulation [Babiloni et al., 19911, parumetric surfaces [Perrin et al., 1987, Koles et a]., 1988, Perrin et a1., 19891, or volume
rendering

[M]. When triangles or parametric

surfaces are applied, various techniques

can be applied to code and display colors representing measured EEG data on surface
elements.

In addition, different interpolation techniques have been studied involving

nearest electrodes [Penin et ?J., 198], Pidoux et al., 1990, Casaglia et al., 7993, VIl. If
direct volume rendering is utilized instead of surface rendering, the EEG data can be

coded directly to the surface voxels as colors. One approach is to code EEG data to
another 3D surface consisting of triangles or parametric surfaces, and match it with the

volume rendered surface [VI]. In that case, one surface must be partially transparert.
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During this study, several segmentation and visualization algorithms were developed
and integrated into three separate software packages (Fig. 4): The IARD segmentation
algorithm was developed to produce head models from MR images, consisting of the
scalp, skull, CSfl grey matter, and white matter [I]. An interactive user-interface
together with additional segmentation techniques (Anatomatic) was developed to enable
interaction and volumetric analysis [tr]. The volumetric accuracy of the developed algorithms and software was tested in the analysis of MS and brain infarct tml. A 3D visualization algorithms and software was developed (Medimag) to represent segmented
structures and multi-modal images in 3D

[IV]. Also

data and patient MR images (3DEEG) was developed

a technique able to represent EEG

IVII. The developed segmentation

and visualization software was applied in a clinical study on multiple sclerosis
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[V].

3.1 Patient Material
The clinical measurements were made in Tampere University Hospital. Five epileptic
patients (and one healthy subject, 120 slices) were scanned (General Electric 0.5T

MRI

unit) to produce imaged sets of 100 axial Tl-weighted MR images ("lE=12, TR=40,

NEX=l). These

sets were used to generate resistive head models

[I]. The resolution of

the images were 250X250 pixels with a slice thickness of 2.0 mm. In addition, 21 channels (10-20 electrode system) or 64 channels of EEG waveform was measured from the
patients using Neruas, Neuroscan and Cadwell Easy EEG equipment. The signals were

of normal spontaneous EEG, ictal and interictal EEG of epileptic patients,
and evoked potentials. 23 MS patients (3D FSE T2, 2l slices, TE=150, TR=2000,

composed

NEX=l), and 43 patients with right cerebral hemisphere infarctions (T2 spin echo, 2l
slices, TE=110, TR=2700, NEX=I) were studied with the same MRI unit in order to
estimate the volumes of MS plaques, brain infarcts, and CSF spaces

[[I[V].

The images

were handled using patient codes instead of names, with the approval of the ethical com-

mittee of Tampere University Hospital. In order to estimate volumetric accuracy of the
methods a phantom image set was scanned (General Electric 0.5T MRI, 3D FSE T2,35
slices, TE=150, TR=2000, NEX=I) consisting of five syringes with known volumes

Imt.

Figure 4: The developed sof'tware and data Jlow. The Anatontatic soffi,vare
together with IARD segmentation algorithrn is described in publications I, II, and
III. The Medimag software is presented in publication I\ and 3DEEG in publicationVI.
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3.2 Segmentation
Segmentation of the epileptic patients was performed using the IARD segmentation
algorithm [I] and Anatomatic software [tr]. The resulting resistive head models included
the scalp, skull, CSF, grey matter, and white matter of the brain. One patient image set
was segmented into

1

I different

tissues by applying IARD and reloading technique

[II].

3.3 Volumetry
Volumetric analysis of MS and brain infarct patients was implemented using the IARD
segmentation algorithm, Anatomatic software, and lesion tracking technique [tr]. The
patient images (MS: 3D FSE T2, Brain infarct: T2) were segmented into brain tissue
(white matter and grey matter), CSF, MS plaque, and infarcted brain tissue [Itr]. The
obtained results associated with MS patients were also correlated to clinical findings,
such as EDSS and RFSS tvl.

Validation
The volumetric accuracy of the segmentation techniques was demonstrated by segment-

ing the phantom images and comparing the calculated volumes to the actual volumes

[Itr]. Further, inter-

and intra-observer studies were carried out by four neurologists, one

neuroradiologist, and one neuroresearcher. In such study, six randomly selected MS
patient images were segmented and the obtained plaque volumes were estimated Iml.

3.4 Three-Dimensional Visualization
3D visualization of segmented and raw MR images was implemented by developing the
Medimag software and C++ visualization library [tV]. The library includes two different
surface reconstruction techniques based on Ray Casting and Flood Filling. Shading was

carried out using Phong shading. The library enables piecewise definition of surface
color hence enabling multimodal visualization. Visualization capabilities were tested

using the patient material obtained in the previous studies involving segmentation

[,tr,Itr].
Combination of EEG and MRI
The integration of EEG signals and MR images was implemented by Ray Casting, surface triangulation, and surface fitting [VI]. For this purpose, the 3DEEG-software was
developed enabling efficient spatial and also temporal analysis of EEG. The software
was tested using the epileptic patient material (EEG and MRI). Furttrer, the techniques
enable the use of arbitrary field points, either electrode locations or interpolated poten-

tials.
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4. Results
4.1 Development of the Techniques
In publication [I] MR images of five epileptic patients were segmented using manual
and semi-automatic IARD techniques. The segmentation produced five different tissue
types: scalp, skull, CSF, grey matter, and white matter. The results were applied in resis-

tive head models and simulations. It was shown that semiautomatic IARD operates efficiently only in the region between the top of the head and eyes (in axial plane, see I: Fig
5). The manual technique is applicable in the entire head but requires more interaction
and time. The average processing time varies from 10

to 120 seconds per slice depend-

ing on the quality of images and what tissues are segmented (see I: Tables 1 and 2).
Although Tl MR images were applied in segmentation (CSF and bone cannot be separated), the IARD algorithm enabled approximation of the interior of the skull, based on

prior knowledge of anatomical structures and decision trees. It was shown that semiautomatic IARD is capable of segmenting the interior of the skull with 65Vo accuracy
according to the criteria that there should be 2-5 mm of CSF between the brain and skull.
The accuracy can be increased by using low-pass filtering and by increasing interaction.
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Due to the interactive character of the IARD algorithm, the person who controls the segmentation procedure should be trained in order to produce accurate results.

In publication [II] a semiautomatic tool for the segmentation and volumetric analysis
was presented (Anatomatic) and tested with varying test material and segmentation tech-

niques (tr: Fig 3): Six image sets of epileptic patient (100 axial T1 MRI slices per patient

covering the entire head) were segmented into scalp, skull, grey matter, and white matter. The segmentation required 2-3 hours of work for each patient, and the results were
anatomically realistic, including the interior of the skull. A MRI set of the human head
(120 axial T1 slices) was segmented into I I separate tissues including scalp, fat, muscle,
bone, etc. Such segmentation procedure required 24 hours of processing. Visible Human

[Ackerman 1991] Man (VHM) images (reduced to 250X250 pixels) of the thorax were
segmented to 32 separate tissues, requiring 36 hours of processing. Also other medical
images including CT were accurately analyzed.

A.2Bvalaation of the Technique
In publication [m] the applicability of semiautomatic segmentation for volumetric analysis of brain lesions was estimated. 23 MS patients (3D FSE T2 MRI, 21 slices per
patient) and 43 brain infarct patients (T2,21 slices per patient) were segmented into MS
plaques and infarctions using the Anatomatic software. Segmentation time varied from 5

to 20 minutes per patient depending on the number of lesions and the quality of images.
The inter- and intra-observer studies (in which six randomly selected MS patients were

vaiability respectively. The volumetric accuracy of the segmentation methods was demonstrated by segmenting fluid filled syringes.
The test revealed an average error of 1.5%io between real and segmented volumes.
In publication [IV] the multi-modal visualization library and software (Medimag) was
presented and tested with varying test material, including raw and segmented MR and
segmented) demonstrated 77o and 3.5Vo

CT images. The tests were performed on a 200MHz Pentium Pro -based PC, equipped
with a 24bit color display and 64MB of RAM. Surface reconstruction required 20 seconds ofprocessing (250X250X99 voxels), but thereafter displaying and different projec-

fions required only one second. For a 512X512X100 voxel image the preprocessing
required about two minutes of processor time. The produced 3D images were excellent
and the Medimag software was easy to use. The software also enabled multi-modal
combining of medical images with measured or simulated information.

4.3 Clinical Test
In publication [V] segmented volumes of MS plaques and intracranial CSF fluid spaces
were compared to clinical findings, such as expanded disability status scale (EDSS) and
regional functional scoring scale (RFSS). Also the strucrure and location of plaques
were studied applying 3D computer graphics.
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The volumes of the MS plaques showed significant correlations with the total RFSS
scores (p=Q.Q4). Significant correlation was found also between the intracranial CSF
volume and EDSS scores (p=Q.Ql). No correlation was found between the plaque volume and EDSS. The mean volume of the MS plaques showed a significant correlation
with the overall neuropsychological deficits (p=0.03).

4.4 Application

for Multi-Modal Imaging

In publication [VI] a technique to integrate measured EEG and MRI was presented. The
software (3DEEG) incorporated a graphical user interface. It was tested on a 2OOMHz
Pentium-based computer running WindowsNT. Surface reconstruction (250X250X100
voxels MRI) required 2 seconds of processing. Defining of the electrode locations and
electrode mesh required 20 seconds. Displaying of the electric field was very rapid,
enabling screen updates with a frequency of 5 Hz (10-20 electrode system, 4g triangles).
The updating speed is proportional to the number of triangles (100000 triangles, 5 seconds of processing). Noticeable variability was observed, when the computed electrode
locations were compared to marked locations. Therefore the use of electrodes with MRI
positive markers is recommended. 3DEEG also enables the multi-modal visualization of
cortical EEG together with segmented brain images.

n/

5 Di scrrssion
5.1 Earlier Work
The developed algorithms and software form an efficient and functional image analysis
package for neurological and radiological applications. They have been applied in clini-

cal research projects conceming volumetric analysis, reconstruction of resistive head
models, and visualization of measured and simulated EEG signals. The study emphasized functionality, intuitiveness, efficiency, and versatility, rather than the development

of new image processing principles.
The IARD segmentation algorithm is based on basic image processing techniques, such

as image filtering, thresholding, and region growing. Nevertheless, it requires prior
knowledge of brain anatomy; information (anatomical and radiological appearances) of
different neural structures. This prior knowledge is applied as the priority in integrating
different tissues (decision trees), enabling simultaneous detection of numerous tissues.
Anatomatic and the IARD algorithm were primarily implemented in order to construct
resistive head models. Due to the relatively high resistivity of bone tissue, it was important to detect the skull as accurately as possible. Therefore an interactive approach was
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selected to ensure exact segmentation. Although, this feature requires more time, errors
caused by movement artifacts, anatomical inconsistencies or pathologies, and automatic

segmentation are corrected. According to the literature, the skull has never been segmented from

Tl MRI before. Taxt et al. [994]

presented an automatic multi-spectral

segmentation technique, which was able to segment the skull with an accuracy of 8OVo.

When compared to IARD, the skull was segmented automatically with 65Vo accuracy

[I]. Nevertheless, mariual editing and other interaction

increase the accuracy.

Numerous automatic segmentation techniques capable of segmenting the brain tissues
have been introduced. These techniques are based on elementary segmentation techniques [Brummer et al., 1993], statistical analysis pi et al., 1993, Liang et al., 1993,
Fwu et al., 1996, Rajapakse et a1., 1997, Held et al, 19971, and neural networks [Kirschell et al., 1995, Dick et al., 19971. Such methods are able to detect CSF, grey matter,

white matter, and possibly other tissue types, like scalp-bone and brain lesions but not
the skull. The methods involve the use of multiple MR images, such as Tl,T2, and PD
images. Some techniques are capable of segmenting brain sffuctures from single MR
images [Rajapakse et al. 199], Held et al., 19971but require a huge amount of processing time (2 hours - 2 days). In this point of view, the IARD algorithm appears to be effi-

cient and versatile. However, due to the IARD's interactive character, the borders of
different tissues are defined manually leading to variability of segmentation results. E.g.,
the separation of grey and white matter depends on the judgment of the person who con-

trols the segmentation

5.2IARD Method
Some portions of the head are

difficult to

segment from T1 MR[, because of the similar-

ity in the appearances of anatomical structures

(see

I: Fig 6); the cerebellum is difficult

to separate from the tissues between the brain and scalp, the temporal lobes may be dif-

ficult to

separate

from surrounding tissues,

and the eyes and bone tissue containing fat

can lead to wrong segmentation because different structures can be connected to each
others [I]. Similar results were derived by other researchers applying similar segmenta-

tion techniques [Brummer et a]., 19931. Due to interactive character of IARD, the segmentation errors caused by such anatomical details were corrected manually.

A more

advanced approach was the utilization of binary erosion and dilation presented by Brummer at al. [1993].

The versatility of Anatomatic was demonstrated by segmenting various different medical images [tr]. A relatively demanding task was the separation of a head MRI (Tl) into
11 different tissues and a VHM images into 32 tissues. Such procedures cannot be
implemented automatically, and on the other hand, conventional manual segmentation
would be far too complex and time demanding. Nevertheless, the IARD technique also
required quite a long processing time (24 and 36 hours).
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In order to increase the segmentation efficiency and accuracy of the IARD technique,
the use of multi-spectral MRI or image fusion could be usefull. A combination of CT
and Tl MRI would enable fully automatic segmentation of scalp, real skull, CSF, grey
matter, and white matter. However, this requires two imaging sessions and image match-

ing introduces new errors. Another image fusion solution would be the integration of T1

andT2 images, enabling the separation of CSF and bone, and also automatic segmentation. Also the utilization of statistical texture or feature analysis would increase the
accuracy of separating grey and white matter, hence decreasing the variability of results.
Another interesting possibility could be the use of diffusion-weighted MRI in the segmentation [Makris et al., 1997]. Such teghnique could enable the reconstruction of
unisotropic resistivity models of the brain.
Anatomatic and the IARD algorithm were also applied to volumetric analysis of brain
lesions IIII]. MS plaques and infarcts were segmented from conventional MR images. In

addition to the normal segmentation tools of the Anatomatic, several manual editing
techniques were developed, involving simple drawing tools and priorities [II]. The
advantage of the technique is to use three separate thresholds instead of one. Such presentation is capable of emphasizing lesions of different intensities. However, the accuracy of the results depends on the skills of the person who controls the segmentation. In
order to estimate the effect of the operators, inter- and intra-observer studies concerning
MS plaques were carried out demonstratitg7%o and 4Vo variability between observations, respectively. Taking into account the difficult appeurance of MS plaques the variabilities are relatively low. However, the operator must be an expert in radiology and
neurology. According to Van Waesberghe [1996], in addition to the variability of segmentation, different MR scanners can cause l-2Vo variabllity, patient movement and
repositioning cause 5-1070 variability, and large slice thickness cause O.1-7.5Vo variability in volumetric studies. Therefore an accurate validation must be carried out before
serial clinical studies. Validation of the segmentation of brain tissues is very difficult;
accurate estimation of shapes and volumes is impossible to conduct non-invasively.

Although cadavers could be applied, only the brain and skull can be measured accurately (the grey and white matter can not be differentiated). Further, the shape and size of
the brain changes slightly after removing from skull. In order to test the IARD segmentation algorithm accurately, an anatomically realistic phantom should be applied,
in Rajapakse's study

as

used

ll997l.

5.3 Clinical Aspects
According to literature, accurate segmentation of MS plaques is usually based on multispectral or enhanced MR images [Johnston et al., 1996, Losseff et a1., 1996, Samarasek-

era et al., 1997, Clanet et al., 19977, and therefore direct comparison of the results
obtained by Anatomatic and other techniques is not possible. A positive feature of
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Anatomatic compared to other techniques is its versatility, and ability to use conven-

tional MR images in plaque segmentation. Further, both high intensity (T2) and
hypointense (Tl) plaques can be detected. However, in order to increase the accuracy
and efficiency of MS plaque segmentation, the use of FLAIR images or multi-spectral
MRI would be recommended, as well as statistical anaiysis based on prior knowledge of
distribution of MS plaques.
The correlation studies

[V] carried out on segmented MS

plaques, CSF volumes, and

clinical tests indicate the capabilities of volumetric analysis. Significant correlations
were found between plaque volumes, RFSS, CSF volumes, and EDSS. The reason why

no correlation was found between EDSS and plaque volume was probably due to
plaques located in the spinal cord and medulla oblongata; that region was not scanned in

MRI studies, and motor signs affect strongly the EDSS. Although plaque volumes
appear to correlate with clinical findings, the location of plaques should be estimated
accurately. Together the plaque size and location accurately indicate the real lesion load.

Rubin et al. [1996] have listed elementary questions about volumetry, which should be
answered to enable clinical application of any volumetric software: These are considered in the following paragraphs. Are the findings real; some plaques may be missing,
and edema surrounding plaques may be classified as plaque. The findings of Anatomatic

in MS are relatively reproducible, but serial study should be carried out in order to demonstrate the effect of patient repositioning and moving. There may be diagnostic limitations in the images due to the acquisition; plaques smaller than slice thickness are not
detected, and in addition, cross-sectional area ofthe plaque must be large enough to separate from surroundings.
The segmentation of brain infarcts is considerably easier to carry out than MS plaque
segmentation due to great contrast between normal and infarcted tissues. Due to the
three different thresholds, additional parameters can be obtained, such as edema. Nevertheless, accurate repeatability and phantom tests should be implemented and evaluated,

before clinical use of the infarct volumetry.
Volumetry of digital medical images can be applied in research and follow-up of patients
among numerous diseases. However, it is still a new technique and therefore only a few

different research objectives have been reported (different brain tissues, atrophy, different brain lesions, tumors, infarcts, hippocampus). Various new applications will proba-

bly be reported for volumetry in the near future. In head and neck region the list of
potential targets includes cerebral hematomas, dementia, epilepsy, follow-up and estimation of numerous different brain tumors, AV-malformations, diseases of connective
tissues of the brain, hydrocephalus, sleep apnoea, bone fractures and malformations,

orbital muscles, nasal cavities and passages, etc. Such examples involve only the head
and neck area.

According to the literature, model-based segmentation techniques, statistical analysis,
artificial intelligence, image fusion, and multi-spectral MRI are together the key issues
towards automatic and efficient segmentation routines. Due to the introduction of digital
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neuroatlases, the diagnostic capability of segmentation

will

increase in the future. For

example, correlation for the prognosis of consequence of the disease

will become possi-

ble among some disorders, such as brain infarcts, by comparing segmented images to
functional brain atlases. However, surface and volume matching are the main difficulties
in this field, requiring a huge amount of processing.

5.4 Potential of 3D Visualization
The developed 3D visualization library and software (Medimag) proved to operate effi-

ciently with raw and segmented MR images. Its versatility enabled the integration of different objects (e.g., MRI data of the head and segmented brain structures, Fig. 4DE in

[IV]), different volume cuts (Fig. 2 in [fV]), transparency, and multi-modal visualization. Such properties enable efficient representation of images aiming in medical use;
tumors can be presented in 3D together with surrounding MRI data, and computed electric fields can be presented on the 3D surface or internally using volume cuts. The characteristics of the library seom to be superior when compared to several other 3D libraries

[IV], due to the performance and class structure. Howevel state of the art techniques,
such as Ray Tracing and Radiosity are able to produce more photo-realistic images.
Such techniques are not appropriate for routine medical use due to their demanding pro-

cessing time. The shading technique based on gravity has not been applied before in 3D

visualization packages. In order to increase the capabilities of the library and software,
the use of parallel computing, multimedia instruction sets, and 3D graphic accelerators
should be evaluated. Also the use of parametric surfaces would be interesting in future
development.

The 3DEEG software together with brain mapping functions were implemented and
tested successfully. The technique involves the Ray Casting technique, triangular facet
surfaces between electrodes, virtual electrodes, and the interpolation of EEG potentials

[VI]. Ray Casting and triangles have not been reported earlier among EEG brain mapping methods, but parametric surfaces [Penin et al., 1987,

based on nearest electrodes

Koles et al., 19881 have been applied. The processing requirements

a"re

modest, hence

enabling very fast updating speed (6 Hz). Although 3DEEG operates efficiently, the
image quality suffers slightly when compared to parametric methods. The properties of
the 3DEEG can be improved, for instance a better interpolation technique should be possessed [Perrin et al., 1987]. The other multi-modal visualization technique capable

of

displaying simulated electric fields applies triangular facet surfaces, Phong shading, and
linear interpolation inside surface elements. Due to the great number of surface elements

(about 100000 triangles), linear interpolation operates efficiently and the quality ofproduced images is high. Nevertheless, rendering speed is relatively fast requiring about 5
seconds for each new projection.
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5.5 Future
The three above mentioned techniques and software packages are important tools in
order to construct a neurologist's workstation. At the moment, the software packages
apply similar data formats enabling efficient data transfer. Howeveq in the future they
should be able to use standard formats, like DICoM and EDF. In addition, it could be
useful to cross-link some software modules, e.g., in order to display segmented strucfures in 3D during segmentation. Also the integration of 3DEEG and Medimag software

could be useful in improving the brain mapping image quality. The segmentation capabilities will be improved in future development, not only because of different segmenta-

tion techniques, but also due to new MRI sequences. The developed software package
could be developed further to study segmentation applications in pathology, interventions, virtual operations, scopies, and cardiological applications.
Because the use of digital analysis of medical images is rapidly increasing in numerous
research centers and in clinical practices, the prospective for segmentation and 3D visu-

alization techniques are good. They will not yet replace conventional image analysis
techniques but will be applied side by side. As soon as the segmentation techniques have
been automated and have acquired sufficient accuracy and reproducibility, these new

will improve diagnostic capabilities. The volumetric analysis will become a
routine tool in radiology and reduces the total costs; better diagnostic capabilities will
techniques

decrease the losses caused by wrong diagnoses and inaccurate follow-up ofdisease pro-

gression.

30

6. Conclusions
In this study, new techniques and software packages were developed to segment and
present medical images. The implemented segmentation software Anatomatic was
applied in the reconstruction of resistive head models and in the volumetric analysis of
MR and CT images. The developed visualization software Medimag and 3DEEG werc
applied in displaying raw or segmented images in 3D, along with combining EEG information with the anatomical MRI data.
The first aim of the study was to develop a technique to segment MR images for reconstruction of resistive head models or volumetric analysis, and validate the accuracy of
the volumetry. The IARD segmentation algorithm [I] together with the Anatomatic software [tr] is capable of segmenting head MRI to scalp, skull, CSF, grey matter, and white
matter, hence enabling the accurate construction of head models. Additional tissues can
be detected

[II] to reconstruct even more sophisticated models.
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The developed segmentation techniques [tr] enable volumetric analysis of arbitrary tissues and structures visible in MR images [tr]. Volumetric accuracy was tested and validated using MS and brain infarct patient images

[Itr]. The validation, involving inter-

observer and intra-observer studies as well as simple phantom tests, suggested relatively

little variability and error. However, serial MRI studies must be performed before the
final estimation of the accuracy.
The second aim was to develop a technique for 3D presentation of raw and segmented
medical images, as well as multi-modal images in which computed electric fields and

MRI are combined. The Medimag software together with the visualization library [IV]
is capable of fulfilling all basic requirements in addition to other features, like volume
cuts. The produced images are high quality. Another aim was to develop a technique to

represent measured EEG signal and patient MRI in 3D, enabling brain mapping. The
3DEEG software [VI] is able to compute electrode locations (or use marked electrode
locations), display EEG data on the surface of the scalp using linear interpolation and
colors, and enable different projection directions. In addition, the technique can be
applied in visualization of cortical EEG.
Segmentation results were tested in a clinical study in which MRI findings and clinical

findings were compared tVIl.Multiple sclerosis plaque volumes, intracranial CSF volumes, EDSS, and RFSS were correlated. Further, the segmented structures were visual-

ized

in 3D. The results

demonstrated the successful utilization

of Anatomatic

and

Medimag software.
The developed algorithms and software form an applicable and functional image analysis package for neurological and radiological applications. They have fulfilled the objec-

tives and requirements. Further, their advantages are functionality, intuitivity,
efficiency, and especially versatility

[[].
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