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Abstract— One of the many challenges in source localization of 
EEG/MEG signals lies in the tremendous inter-individual 
variability in brain structure and function. The spatial variability of 
even the most genetically determined sulci, such as the central 
sulcus, can vary by as much as two centimeters between 
individuals. Magnetic resonance imaging can be utilized to develop 
high resolution anatomic brain models applicable to the forward 
imaging problem. The purpose of this paper is to describe the 
methodologies utilized to quantify structural brain models. The 
methodologies utilized in developing an anatomical head model 
include: (1) localization of the brain in stereotactic space; (2) 
identifying non-brain tissue; and (3), segmentation of the brain into 
its principle tissue components (gray matter, white matter and 
cerebral spinal fluid). In addition, measures of brain surface 
morphology, such as localized curvature of the gyri and sulci and 
the thickness of the cortex can be quantified. These methodologies 
to quantify brain anatomy are both reliable and valid. They also 
have been used to describe developmental changes in brain 
structure over time. In summary, high resolution magnetic 
resonance imaging can be utilized to develop accurate models of 
segmented brain regions and brain surface morphology.  

Keywords—MRI, Structural brain imaging, segmentation, 
gyrification, surface morphology 

I.  INTRODUCTION

 Early models used to simulate the brain anatomy for 
forward imaging solutions involved a layered cylinder. In 
this approach, the same model is used on all individuals, 
without accounting for the considerable heterogeneity in 
both brain anatomy and electrophysiology.  Recently, both 
magnetic resonance imaging (MRI) and computer 
tomography (CT) have been used to generate anatomic 
models with greater details to enhance the accuracy of 
forward and inverse imaging solutions [1].  
 MRI is considerably better than CT in providing high 
resolution images with excellent contrast between gray 
matter (GM), white matter (WM) and the cerebral spinal 
fluid (CSF). In addition, algorithms have been developed to 
accurately quantify regional differences in brain gyrification
[2]. Neuronal fibers that lie in the sulci of the brain are 
oriented, on average, horizontal to the brain surface, 
whereas neuronal fibers in the gyri tend toward a transverse 
orientation [3]. Thus, measures of localized differences in 
the surface morphology, and thus in the average bundled 
orientation of neuronal fibers, can have direct relevance 
toward EEG/MEG source localization algorithms. Alternate 
algorithms for structural brain imaging flatten the sulci and 
gyri, which results in greater ease in registration with 

EEG/MEG [4, 5], but with a loss of the surface morphology 
information. The purpose of this paper is to describe 
approaches utilized to quantify measures of high-resolution 
structural brain images. 

II.  METHODS 

 Once an image is obtained from a subject, a series of 
image processing steps is required to yield quantifiable brain 
measures. Certain steps in this analysis pipeline, such as 
segmentation, are crucial to the process and thus can be 
found in both commercially available and investigator 
initiated software packages.  Not all of the steps described 
here are available in all image analysis packages. The 
authors are the most familiar with the BRAINS2 package 
developed at the University of Iowa [6]. This package 
includes all five steps outlined below including surface 
generation and automated definition of brain structres. Other 
algorithms and tools that provide similar functionality are
noted throughout. 

 1) Spatial Normalization: The two different 
approaches to localizing the brain in a normalized, or 
stereotactic space, involve either warping the brain to fit to a 
predefined brain atlas, or warping the atlas to fit the brain. 
The former results in a distortion of brain anatomy, and is 
useful for voxel based morphometry (VBM) paradigms. 
VBM paradigms allow for the group analyses of a large 
number of images, with the statistics being applied to the 
overlapping voxels. Warping the atlas to fit the brain allows 
the brain to be referenced to an atlas, without distorting the 
underlying anatomy.  
 The most common atlas used in imaging software is the 
Talairach Atlas [7]. Landmarks, including the anterior 
commissure (AC), posterior commissure (PC), and a 
bounding box surrounding the entire brain are used in a 
piecewise linear algorithm to create a relationship between 
the brain and the Talairach Atlas. Once the atlas is fit to the 
brain, it allows a general description of the spatial location 
within the brain. Since there is considerable variability 
between individual brains, however, it does not pinpoint the 
exact coordinates of boundaries between specific brain 
structures. The general spatial information is sufficient to 
describe probability information of anatomical localization 
which may be used in subsequent steps of the pipeline.  
 Higher dimensional warping algorithms like those using 
image features  including landmarks [8, 9], lines [10], and 
signal intensity [11] attempt to remove anatomical 
variability between subjects by allowing regions of the brain 
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to expand and contract. If one was able to generate a perfect 
mapping between subjects, the two brains would look 
identical. The resulting deformation field generated from 
warping an atlas image onto an individual brain can be used 
to transform other information associated with the original 
atlas such as anatomical labels (see automated labeling 
below).  
 2) Image Registration: To enhance the segmentation 
of brain structures or tissue, different MRI sequences may 
be obtained and used jointly in the analysis. Depending on 
the acquisition sequence used in the MRI session, specific 
sequences, such as a T1 may enhance the contrast between 
GM and WM, whereas a T2 or PD may enhance the contrast 
between CSF and the other tissues. The contrast is 
dependent on a number of variables, including the field 
strength of the magnet. Diffusion Tensor Imaging (DTI) 
acquisitions provide a measure of the cohesiveness of nerve 
fibers that course together. Different sequences can be 
spatially overlapped, or registered, using energy minimizing 
or least squared algorithms [12].  
 3) Segmentation: The goal of segmentation is to parse 
the brain image into its principle tissue components. 
Typically this includes GM, WM and CSF, although the 
skull and other extracranial components, including blood, 
can also be tissue classified and segmented. The voxels 
defined as the scalp can be utilized to spatially orient the 
EEG/MEG sensors (Figure 1). 

Fig. 1.  Surface representation of the human skull generated  
from a T1 weighted MR scan.

  
 One approach to segmentation is to randomly sample 
small clusters of voxels, or plugs, and build a histogram 
based on the gray scale value for each plug [13].  Even at 
the highest resolution, some voxels contain more than one 
tissue component, referred to a partial voluming. Based on a 
minimum variance assumption for pure tissue, the ‘pure’ 
plugs are identified for GM, WM and CSF. The gray scale 
value for these tissue plugs are entered into a discriminant 

function analysis, which corrects for spatial variation in 
signal intensity by using a second order polynomial fit. 
After the discriminant function analysis is run on the tissue 
plugs, it can be spatially applied to the entire image. The 
result can be either a discrete image, having one gray scale 
value for each image type, or a continuous, or fuzzy 
classification, which allows for partial voluming of tissue. 
Many other methods have been employed for tissue 
classification including neural networks [14], Markov 
random field models [15] utilized in FSL and expectation-
maximization algorithms [16, 17] which are used in SPM,  
 4) Measurement of Brain Surface Morphology: 
Gyrification, or the process by which the brain develops its 
folding patterns, also allows for the quantification of this 
process. Measures of the surface morphology of the brain 
include the regional curvature of the gyri and sulci, cortical 
thickness, and total surface area of the brain. These 
calculations are performed on the cortex, or the ribbon of 
GM that encircles the outer layer of the brain. Once the 
extracranial tissue has been extracted, a triangular isosurface
is constructed at the parametric center of the cortical GM. 
The 3-D triangle isosurface, constructed using the Wyvill 
method [18], can contain over 300,000 triangles. The 
isosurface is decimated using the Turk algorithm [19] to 
contain approximately 100,000 triangles per hemisphere. 
The algorithm replaces regions of lower curvature with 
larger triangles, while retaining more triangles in areas of 
greater curvature.  
 The surface area for each hemisphere is calculated using 
as the sum of the triangular areas. In addition, four vectors 
normals are generated for each triangle in the isosurface, 
one at each corner and in the center. These vector normals 
are used in conjunction with angle of neighboring vectors to 
calculate localized curvature indices of gyrification. In 
addition, the distance of the shortest vector for each triangle 
to the 50% GM/WM interface is utilized to calculate 
localized measures of cortical thickness. In sum, these 
measures provide detailed and quantified measures of the 
surface morphology of the brain. 
 This approach to surface generation is similar to the 
methods employed by VanEssen in the CARET software 
[20]. Other groups allow a separate surface to evolve for 
both the grey/white boundary and the grey/csf boundary. 
The grey/white surface constrains the outer surface avoiding 
the problem of this surface not reaching the bottom of a 
sulcus when two abutting gyri touch. Dale et al. [21] have 
employed this approach in the FreeSurfer tool. 
 5) Automated Labeling: In solving the forward 
problem, researchers are often interested in defining brain 
from extracranial components as well as labeling specific 
brain structures, such as the hippocampus or thalamus. In 
the past, the identification of these structures involved the 
manual tracing of these structures. This was time consuming 
and tedious work, and raters would often drift in their 
reliability over time. Thus, an artificial neural network 
(ANN) has been developed to learn to identify brain 
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structures after being provided the ‘gold standard’ human 
manual tracings [22]. The ANN is a fully connected feed 
forward, three layer ANN that consists of an input layer, a 
hidden layer, and an output layer.  
 Other approaches including markov random fields [23] 
and high dimensional image registration [24] have been 
used to automate brain labeling. This is one of the most time 
consuming tasks in brain imaging.  Once the brain has been 
labeled, the labels can be be used to generate volumetric or 
surface based models for visualization or additional 
processing steps (Fig 2).  Tools such as FreeSurfer [25] and 
MindBoggle [26] now provide methods for automated 
labeling of the cerebral cortex.  

Fig. 2.  Surface models of the brain including both cerebral hemispheres 
(right side transparent), cerebellum (aqua), caudate(silver), putamen(pink), 

thalamus (red), hippocampus (green), amygdala (yellow), and ventricles 
(blue) generated using the BRAINS2 image processing toolkit.

III.  RESULTS 

A.  Reliability 
 The time required to analyze one brain is dependent on 
the software used and can take as few as two hours and over 
ten hours. The workups have not yet reached the stage that 
they are completely independent of human input, although 
most have significant portions that are automated. The 
potential for errors occur at each point along the image 
processing pipeline, especially those steps involving human 
manipulation of the data.  
 Placing the brain in stereotactic space requires a user to 
identify specific landmarks on the brain. The placement of 
these anchor points may differ and small, millimeter 
variations in the placement of the AC and PC anchors, may 
result in larger variations when measuring distant structures 
that are defined by these points. Through rater training, the 
identification of these anchor points are highly reliable.  
 When evaluating a reproducibility index, Intraclass R 
(ICC), for the for the discrete segmentation for total GM, 
WM and CSF the values are 0.98, 0.97, and 0.98 
respectively. This is contrasted to an expert manual 
segmentation that yields ICCs of 0.90, 0.93, and 0.94 for 
GM, WM, and CSF respectively. Thus although not perfect, 

the combination of automation and manual steps produce 
data that has high reliability. 
 Reliability for the ANN is variable and is dependent on 
the structure to be measured. The ICC between an expert 
rater and the ANN for the cerebellum, a larger structure, is 
0.98 [27]. The ICCs for the thalamus, caudate, and putamen 
range from 0.71 (right putamen) to 0.93 (left caudate). The 
results of the ANN are equal or better than the ICC rating 
between two expert technicians. Whereas expert raters have 
required periodic training to prevent drift in their ratings 
over time, this is not a problem with the ANN.  

B.  Validity 
 Several approaches have been used to assess the validity 
of the volumetric or surface measures obtained through 
structural brain imaging. These include comparison with 
known measures obtained from post-mortem brains, 
comparison with phantoms with known tissue or liquid 
characteristics, and through testing the sensitivity to 
measure known brain changes associated with development, 
ageing, or illness.  
 Although one need not be concerned about motion 
artifact when scanning a post-mortem brain, brains that have 
undergone cell death can not be directly compared to the 
living brain. However, the range of volume and surface 
measures attained through imaging are equivalent to those 
measured manually on post-mortem brains.  
 Validity for measuring surface morphology was 
performed using phantoms with two simple geometrical 
structures (a sphere and a cube). The signal intensity 
decreased linearly from the center of the phantoms. The 
cube consisted of a radius of 62.5 mm and of 31.25 voxels 
and the cube of 124x124x124 mm. The measurements 
obtained from the phantoms were compared to the known 
measurements with the surface area differing by ≤1.0% from 
the known surface area of the  phantom. 
 Finally, validity was determined by assessing known 
brain changes associated with ageing and illness. Known 
progressions, such as a thinning of the cerebral cortex have 
been shown in both ageing and in schizophrenia were 
reproduced using these structural imaging algorithms [2, 
28]. In addition, these image analysis processes have been 
shown to track changes in GM, WM, and CSF throughout 
the lifespan. 

IV. DISCUSSION 

 Using a series image processing steps, data collected 
from a clinical MRI scanner can be used to quantify a series 
of brain volumes, structures, and surface measures. These 
steps have been shown to be both reliable and valid and 
provide an in vivo glimpse into the dynamics of brain 
changes during both typical development and neurological 
and psychiatric illnesses.  
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V.  CONCLUSION 

 Work involving quantification of the living brain has 
changed over the last three decades. The research has 
evolved from paper and planimeter analysis of a projected 
slice from a CT image, to high computational research 
algorithms that accurately define brain volumes and 
morphology. Parallel to this work, there have also been 
tremendous gains in algorithms to identify 
electrophysiological sources using forward and inverse 
solutions.  Several groups have worked to merge these two 
lines of research, by applying data obtained from structural 
imaging to data EEG/MEG imaging to enhance the accuracy 
of source localization [1]. It is safe to say that we are at the 
early stages in the advancement of this merger, and the 
merging of various imaging modalities will provide a much 
better understanding of the human brain in both sickness and 
health. 
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