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Abstract. This work demonstrates encouraging initial results for
increasing the automation of a practical and precise MR brain image
segmentation method. The intensity threshold for segmenting the brain
exterior is automatically determined by locating the choroid plexus. This is
done by finding peaks in a series of histograms taken over regions
specified using anatomical knowledge. Intensity inhomogeneities are
accounted for by adjusting the global intensity to match the white matter
peak intensity in local regions. The results from 20 different brain scans
(over 1000 images) obtained under different conditions are presented to
validate the method which was able to determine the appropriate threshold
in approximately 80% of the data.

1. Introduction
1.1. Significance

Magnetic resonance imaging provides a highly efficacious means for observing brain
anatomy. Morphometric analysis provides quantitative measures of location, volume,
shape and homogeneity of component brain structures. This type of analysis in
conjunction with neuropsychological, neurological, and psychiatric observations and
coupled with functional neurcimaging can then be used to aid in answering broad
classes of questions about brain structure and function for both normal subjects and
patient populations [1, 2]. For example, quantitative brain measurements have
contributed to the study of developmental language disorders and autism [3],
Alzheimer’s disease [4-7], dyslexia[8, 9], attention deficit hyperactivity disorder [9-
12], schizophrenia [13], multiple sclerosis [14, 15], Huntington’s disease [16], and
obsessive compulsive disorder [17].

Segmentation is the Bottleneck. In order to provide quantitative
neuroanatomical measurements, the first step is to classify voxels as belonging to
gray matter, white matter, cerebral spinal fluid (CSF), etc. and to delineate regions of
these tissues in each brain slice image. The next step is to identify subregions as
specific neuroanatomical structures. Thistask is difficult because it requires detailed
anatomical knowledge and careful scrutiny of large amounts of data. This procedure
accomplished manually is very tedious and therefore becomes prone to errors.
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Segmentation is a bottleneck to further volumetric analysis [18], cerebral cortical
subparcellation [19], and anatomic shape analysis [20].

While determination of absolute “accuracy” is problematic since there is no gold
standard, there are many advantages of automating segmentation compared with
performing the task manually. The main ones are: improved repeatability, improved
reliability, and decreased variability. Results will be more repeatable because
automated methods will always produce the same answer given he same data.
Reliability will increase because errors that occur due to fatigue are eliminated. We
have shown that inter-segmentor variability can decrease by automating the
determination of thresholds while intra-segmentor reliability remains high [21].
Therefore consistency will improve both within and across morphometric studies. In
addition to this, automatic routines act as a completely unbiased observer. Also, the
availability of the analysis will increase since a computer program that can perform a
given method is more portable and reproducible than a person. The decrease in human
time necessary to perform a given segmentation task will allow a trade-off between
the amount of time necessary for a study and the completeness of the morphometric
analysis because more complete segmentations can be performed at the same cost.
The use of automation can then lead to new classes of questions whereas previously
the time commitment would have been prohibitive.

1.2. Task Definition

Much of the MR brain segmentation research focuses on assigning voxels to gray
matter, white matter, and CSF classes. While this can be sufficient for applications
such as 3D visualization, it is not adequate for undertaking quantitative
neuroanatomical studies which hope to uncover correlations between brain structure
and function or disease. Beyond classifying each voxel in the entire brain scan, a
specific label must be assigned to the voxel regions that represent the corresponding
neuroanatomical structure. Furthermore, it can be desirable to subdivide these
structures and even to parcellate gray matter and white matter into meaningful units
[19]. Also, each structure has its own specific problems arising from its
characteristic intensities, shape, position, and its neighboring structures. A complete
segmentation is desirable because it is not always clear which neuroanatomical
structures may be of interest in advance. For instance, Filipek et al. segment cortical
gray matter, subcortical white matter, lateral, third and fourth ventricles, caudate,
putamen, globus pallidus, hippocampus-amygdala complex, thalamus, brainstem,
cerebellum cortex and cerebellar central mass[22] .

In order to produce statistically significant results, the segmentation boundary in
the image must precisely represent the boundary of the anatomical structure even if
the information present in the image is corrupted or missing. Since practical MR
image data often comes from a variety of sources and has variable scan quality, the
procedures which convert raw image data into useful statistics must be robust. They
must also be reliable enough to alow the quantitative comparison of brain volumes
across multiple studies. And finaly, the entire procedure must use only a reasonable
amount of time and effort.

These constraints pose significant difficulties for the currently available methods
to satisfy without human intervention. Therefore, while the ultimate goal is
completely automatic MR brain segmentation, the interim and more practical goa of
the research described here isto increase reliability and repeatability while decreasing
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variability and cost. We seek to automate the segmentation and identification tasks
which are necessary to precisely measure neuroanatomical structures of interest. In
this paper, the specific structure of interest is the exterior of the brain.

1.3. Previous and Related Work

There is currently no completely automatic method for segmenting a given
neuroanatomical structure or even separating gray and white matter that has been
shown to work with the precision of a human expert on large numbers of brain scans.
For surveys on segmentation of brain images, see [23-26]. For a general image
processing reference (and specifically for finding peaks in histograms as described
below) see [27].

There are many descriptions of manual or semi-automatic methods in the literature
(for a survey involving schizophrenia, see [28]). Some recent work includes [11, 29-
31]. While there are no completely automatic methods which can precisely segment a
complete set of specific neuroanatomical structures, there are a number of recent
techniques that provide solutions and produce good results for specific problems [32-
39]. Dueto its cost in time and effort, many demonstrations are presented in the
literature but a thorough validation is rarely performed. In this work, we attempt to
present favorable results using a significant amount of practical data.

2. M ethod

2.1. Overview

This paper focuses on increasing the automation of segmentation of the exterior of
the brain. In the sections below, we describe the currently established segmentation
method, the techniques developed to automate part of the segmentation task, and
finally, how the automated results are incorporated into the segmentation method.
The remaining sections in the paper describe and discuss the results of applying this
method to 20 test brains.

2.2. Positional Normalization and Cropping

In studies performed at the Center for Morphometric Analysis, coronal T1-weighted
volumetric MR scans are used because they provide good contrast for the visualization
of brain anatomy. The first step in their quantitative analysis is to normalize the
position of the brain in 3D. Thisis done by trained experts who reposition the scan
using the midpoints of the decussations of the anterior and posterior commisures
(“AC” & “PC") and the midsagittal plane at the level of posterior commisure. The
repositioned scans are then resliced into a normalized coronal scan which is used for
subsequent analyses. This translation and rotation places the brain in the orientation
of the Talairach coordinate system [40, 41].

The next step is to manually crop the normalized scan. In this step, the slice
range where brain tissues are seen is determined by examining representative coronal
and sagittal images. The horizontal and vertical extents of the brain are also
determined using these images. All data outside of these locations are ignored and
subsequent analysisis performed on the cropped and positionally normalized data.
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2.3. Established Segmentation Method

The goal of the this paper is to automate part of the general semi-automated
segmentation method which has already been established. This method involves a
skilled operator using a computer program to produce outlines around each
neuroanatomical structure of interest by choosing appropriate isointensity contours
and making manual refinements and corrections [18, 22]. Corrections can become
necessary when the data is too noisy, has low contrast, is skewed by intensity
gradients, has extensive partial volume voxels (when avoxel includes multiple tissue
types resulting in an intermediate intensity), or because part of the structure is too
small to make a sufficient appearance. Moreover, manual drawing is aways
necessary when there is no contrast difference between neurocanatomical structures
because they are composed of similar tissues.

Specifically, we seek to automate the segmentation of the exterior boundary of the
brain. Thisborder is defined as the outermost edge of the cortex that underlies the pia
mater. This boundary should include all gray matter and exclude all dura mater,
meninges, and other cerebral extra-cerebral CSF and tissues. The optic chiasm isalso
considered to be outside of the brain. The expert segmentor produces outlines for the
cerebral exteriors using isointensity contours in the coronal view. However, sagittal
and axial views are also inspected to resolve spatial ambiguities regarding the extent
of the brain. First the screen is brightened so that the low range of intensities
becomes visible. An intensity value is chosen such that the isointensity contour
produced is definitely outside of the brain. Then, the intensity is increased to
“tighten” the outline around the hemispheres. Lastly, meninges and connections with
other tissues must be removed by manually drawing outlines that exclude them from
the final exterior outline. Each cerebral hemisphere is extracted independently. When
corpus callosum is present, it is necessary to separate the hemispheres by manually
drawing along the midline. At the frontal-temporal junction, if the contour
encompasses the entire hemisphere, but the white matter between the lobes is not
continuous, it is necessary to separate them as well.

After segmentation, the final step in a quantitative brain volume study is to
calculate the volumes of the structures of interest. This is done by counting the
number of voxels that belong to each structure as prescribed by the outlines. The
outline voxels themselves are considered to belong half inside and half outside of the
structure.

2.4. Rationale: Choroid Plexus Indicates Brain Exterior Threshold

The method described above involves many different judgments by the segmentor.
The most significant is the determination of the intensity threshold which defines the
majority of the outline — i.e. how “tight” to make the exterior border around the
brain. To automate this decision, we base our method on the observation (described
in an unpublished report [42]) that since the choroid plexus is composed of tissues
and fluids which are similar to those found in the subarachnoid space (dura and pia
mater, vessels, and cerebral spinal fluid), the MR signal intensity should also be
similar. Figure 1 shows the choroid plexus as it appears in a T1-weighted coronal
slice. Since the subarachnoid space separates the exterior of the brain from the
exterior CSF and since this area should have an MR intensity that is between CSF
and gray matter, a border may be placed at this location using an isointensity contour
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Fig. 1. Choroid plexus (circled) as seen in a coronal T1 MR image.

defined by the intensity of the choroid plexus. However, because there is usually a
drift in intensity both between and across slices, this threshold must be adjusted for
each local sliceregion. The next section describes the series of automatic procedures
necessary to determine the intensity of the choroid plexus and how this intensity is
locally adapted for usein each dlice.

2.5. Determination of Automated Exterior Threshold

Before it is possible to determine the intensity of the choroid plexus, approximate
global thresholds for gray matter, white matter, and CSF must be determined. Thisis
done by finding the peaks in a histogram of the entire brain. After classifying all
voxels using global thresholds determined using the peaks, a histogram of the
ventricles is taken so that accurate thresholds may be determined within the CSF.
The new thresholds allow a more accurate classification of voxels, and a second
histogram taken over CSF voxels finally contains a peak for the choroid plexus.
These steps are now described in detail.

Take Global Histogram. In order to get a general idea of the intensity values for
gray matter, white matter and CSF, a histogram is taken over the intracranial region
defined by a series of boxes accounting for Talairach atlas sections “B” through “H”
which are completely inside the skull [40]. Only the data in these “intracranial
boxes’ is considered so that when a histogram is taken, it will represent primarily
brain tissues and CSF and will not be influenced by other non-brain tissues with
similar intensities. This atlas technique is accurate enough for the central brain
regions and it is only necessary that most of the non-brain intensities be excluded so
that they do not have a significant effect on determining the peaks in the histogram.
To emphasize the homogeneous tissue intensities, voxels that are part of strong edges
are excluded (as measured by their Sobel edge magnitude, see [27]).

Find Peaks in Histogram. The derivative of the histogram is taken by
convolving it with the derivative of a Gaussian and then the peaks are found by
locating negative-going zero crossings. Very small peaks in the original histogram
do not survive in the derivative of the histogram (the derivative never actually goes
below zero) since the derivative of a Gaussian convolution kernel also smoothes the
result by an amount that depends on the standard deviation of the Gaussian. This
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standard deviation is determined from the width of the histogram; it is calculated as
0.04 times the difference between the intensities at 10% and 90% of the cumulative
histogram. Other slightly larger peaks are ignored if their areais less than 1/30th of
the total area of the histogram. This incorporates a priori knowledge about the
occurrence of these primary tissues of interest.

The method for determining intensity model parameters using histograms and
their derivatives works well even for awide variety of brain scan data sets obtained at
different times from different scanners under different protocols: in aninitial study,
the correct peaks were identified in arepresentative slice in 59 out of 79 brains scans
attempted and the failures occurred in very noisy and large intensity gradient data
which was far worse than the data used in the current study [21].

Set Global Thresholds and Label Voxels. After finding the peaks in the
histogram, the lowest intensity peak is assumed to be CSF, the second to highest
peak is gray, and that the highest peak found is white matter. Next, the gray-white
and CSF-white matter thresholds are calculated by taking the intensity midway
between their respective peaks:

CSFGthresh = (CSFmean * WMmean )/2,

GWihresh = (GMmean + WMmean )/2.
This “mid-peak histogram method” was devised because the regions over which
histograms are taken are often too small to provide significant estimates of the
variances of the tissue intensities. Using only the peaks makes the procedure
repestable and robust.
The next step is to use these global thresholds to classify each voxel in the whole
data set as belonging to the following classes: “CSF”, “gray”, “white”, and “ other”.

Find Real CSF peaks, Calculate New Thresholds, Reclassify Voxels.
Next, a histogram is taken over only those voxels which are classified as CSF. Also,
by defining a box around the center of the brain, only ventricle CSF will be included
in this histogram. This box is defined to be half of the horizontal width of the
cropped data (in the coronal view) and vertically extends from the level of the anterior
commisure (AC) to one third of the distance between the AC and the top of the brain.
Only the coronal dlices between and including the AC and posterior commisure (PC)
are in this box to minimally include CSF-gray partial volume voxels (since the main
axes of the lateral ventricles in these slices are perpendicular to the coronal plane).
Peaks are found in this histogram as was done previously and again CSF is assumed
to be the lowest intensity peak. A new CSF threshold is calculated to be midway
between this new CSF peak and the previously determined gray peak. This new
threshold allows a more accurate classification of every voxel.

Find Choroid Plexus Intensity. With this new voxel classification, a more
accurate histogram can be taken over CSF voxels in the ventricle box (defined above).
This histogram should include choroid plexus because choroid plexusis found inside
the ventricles at an intensity that is between CSF and gray matter but closer to CSF
intensities. The last (highest intensity) peak found in this histogram (using the
previously described zero-crossing method) is assumed to represent choroid plexus
intensities. Thisintensity value is the desired global value for defining isointensity
contours to outline the brain exterior. Figure 2 shows an example of the peaks and
histogram after this step. The small bump in the middle of the histogram in Figure 2
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Fig. 2: Plot showing a smoothed histogram taken over voxels classified as CSF in the
ventricle region. The 4 peaks shown correspond (from left to right) to ventricle CSF,
choroid plexus, gray matter, and white matter. Peaks heights are arbitrary. The gray and
white peaks were obtained from an earlier histogram (not shown).

is ignored since it is the highest intensity peak in the ventricle histogram that
corresponds to choroid plexus.

Adjust Global Exterior Intensity for Each Slice. Due to intensity drift in
the image data, the global intensity which defines the cerebral exterior outline must
be adjusted in each half of the brain in each dlice. Thisis done by locally finding the
white matter peak in this region of each slice. First, the brain region is located by
finding the largest connected region of voxels classified as “gray” and “white” that is
in the middle of the left (or right) half of the image. Peaks are found in a histogram
taken over this brain region and the highest intensity peak is assumed to be white
matter. Thelocal threshold for the brain exterior is calculated as:

|Exterior = (9N =9CF)  (\y_ ocer) 4 gosr

(QW - gCSF)

where “|” means local and “g” means global. The result is a threshold that can be

used to segment the exterior of the brain. If there were any problems (i.e. if no local

white matter peak could be found), then the global threshold is used. The “localness”

of this calculation can range from one threshold per slice to a continuous field of
thresholds (one for each voxel).
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2.6. Incorporation of Automated Results

The intensity threshold results are provided to the segmentor as the first step towards
segmenting each slice. The threshold is available as a button which generates
intensity contours over the entire slice at that intensity. The segmentor then
incorporates this pre-calculated intensity contour into the normal segmentation
method. If the pre-calculated thresholds are accurate, this saves time because it
obviates the need to pick an intensity and adjust it by hand. However, the automated
threshold provides no assistance where the boundary needs to be hand-drawn or if the
pre-calculated threshold isincorrect.

3. Results
3.1. Data

The coronal MR brain slice images in this study are obtained using T1-weighted
“spoiled GRASS’ (SPGR, GE MRI Systems), “FLASH” or “MP-RAGE” (Siemens
MRI Systems) images. The segmentation task becomes easier with increasing scan
quality and resolution, and by using multispectral images [26]. However, we focus
on segmentation using only a single structural image because this data provides a
good balance between contrast, spatial resolution, and scanning time, and is routinely
available. Furthermore, since the problem is defined as the detailed segmentation of
specific neuroanatomical structures, the difficulties which we overcome here are till
important when using less noisy and multispectral data.

Scans were typically acquired at the NMR Center of the Massachusetts General
Hospital with a 1.5 Tesla General Electric Signa. Contiguous 3.0 mm three-
dimensional coronal T1-weighted SPGR images of the entire brain were attained with
the following parameters: TR = 50 msec, TE = 9 msec, flip angle = 50 degrees, field
of view = 24 cm., matrix = 256x256, and averages = 1. Some scans were acquired
using a similar protocol at the McLean Hospital. The scans were taken of twelve
females and eight males who were roughly divided between controls and patients. The
patients were diagnosed with obsessive compulsive disorder, Trichotillomania,
schizophrenia, or with stroke.

Figure 3 shows an example of using the automated threshold to segment the brain
exterior. Theinitia outlines produced with this threshold (b) must usually be edited
to obtain the desired final outline (c). This manua drawing can be to add a boundary
that is not present (e.g. the right/left division), remove meninges (e.g. a the upper
right of the slice), or possibly to include some brain material that was missed (not
shown).

3.2. Complete Evaluation of One Brain

In order to evauate the effectiveness of the automatic threshold determination method,
the exterior was segmented in a single brain with and without using the automated
threshold. After the global thresholds were determined, only one local threshold was
calculated for each dlice, and this was taken over only the right half of the image (the
left half of the brain) to explore the sensitivity of this method to gradients within
each dice. The resulting average overlap (number of pixelsin both outlines divided
by 1/2 the sum of the number of pixelsin each) was measured to be 94% and 93% for
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Fig. 3: Example Results. The raw image (a) the outlines produced using the
resulting threshold (b), and the final image after being edited by the expert
segmentor (c).

the left and right exteriors (respectively). Thisindicates that the segmentor performed
basically the same segmentation with and without using the automated threshold and
that there was little effect of |eft-to-right gradients within the slices. The amount of
time necessary for segmenting without the automatic threshold was 91 minutes and
73 minutes when using the automated threshold. This is a time savings of about
20%.

3.3. Appraisal of 20 Brains

After the complete segmentation of one brain scan, it became clear that the other
scans had similar results. In order to save time by not performing the complete
segmentation, 20 scans were evaluated by estimating the number of changes that
would be needed to finish the segmentation. This was done by giving two scores for
each brain: the percentage of slices where the intensity was correctly chosen, and (in
these dlices) the percentage of the outlines that were useful. Using all 20 scans, the
intensity threshold was correctly chosen for approximately 80% of the images.
Because hand drawing needs to be done in most slices (as can be seen in Figure 3
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above) the outlines in each dlice are approximately 80-95% useful. By multiplying
the usefulness of each correctly thresholded slice by the percentage of useful slicesin
each scan, and by assuming that the image slices where the threshold was not chosen
correctly contain no useful outlines (which is not the case), in the 20 scans we
obtained an average “usefulness’ of 74%. In fact, many of the scans where the
threshold was slightly miscalculated do contain useful outline information, so this
number is slightly low.

Three of the scans had intensity thresholds chosen correctly for every sliceimage.
In the majority of the other scans, around 95% of the outlines were correct using the
automatic threshold and a few scans were as low as 16% correct. The worst scan had
alarge intensity gradient. Most of the errors occurred at the anterior and posterior
slice extremes. This is understandable since the method adapts the local threshold to
the white matter peak which becomes increasingly effected by partial volume as the
folds of the cortex passin and out of the slice acquisition plane in the extreme dlices.

A number of brain scans were not able to be segmented at all by this method
because the algorithm was not able to determine the location of the initial global
peaks. This occurred in very noisy data with large intensity inhomogeneities or in
data where there was very little grey-white contrast (i.e. these two peaks began to
merge together). A numerical measurement of how close the automatic threshold
comes to the intensity chosen by the expert segmentor presents difficulties due to the
hand drawing which is usually necessary. It is aso not clear that the expert
segmentor’s result should always be treated as the correct answer since that
segmentor’ s state of alertness and amount of training is unknown.

4. Discussion

Theoretically driven approaches found in the literature can claim to segment MR brain
images fully automatically only if they solve aless demanding problem than the one
defined herein. No method can be used for precise segmentation unless it adequately
deals with, among other things: parameter estimation, missing boundary completion,
partial voluming, and intensity inhomogeneities. These problems may not fit well
into the theoretical formalism or else they may make the method intractable. As an
alternative to such theoretically-driven approaches, we pursue the more empirical
direction taken in the present work. We seek to directly address the most significant
problems by incorporating as much available information asis necessary (as have, for
instance [38, 39, 43, 44]). This brute force or ad hoc strategy usually results in
solutions that are detailed, complicated and thereby difficult to understand and
evaluate. The only certain way to judge the effectiveness of any approach is by the
results, and therefore a thorough validation is necessary even lacking a true “gold
standard”. Our emphasis here is to automate an established, precise segmentation
procedure and not to devel op abstract segmentation methods.

However, we also seek to encourage the development of rigorous ways of flexibly
incorporating various kinds of information for segmentation. Since one of the
fundamental problems of all image segmentation methods is to continue to produce
acceptable results as problems become more demanding, the utility of this paper to
the general image processing community is to add evidence for the importance of
dealing directly with problems by using deep domain specific knowledge. This paper
provides an example of the application of structural knowledge (expectations about
tissue response in MR such as histogram peak sizes and knowing which peak to use

10
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in which situation; templates located relative to landmarks such as the intracranial
boxes and knowing where to find the choroid plexus), and procedural knowledge
(specific sequence of successive region of interest refinements), along with image
processing and pattern recognition methods (locating peaks using the derivative of a
Gaussian; and excluding edge voxels from influencing threshold determination).

5. Conclusion

Semi-automated methods are currently the only way to perform a complete volumetric
analysis and (with the appropriate controls and testing) are the only way to insure that
the segmentation boundary in the image precisely represents the boundary of the
anatomical structure of interest. Thisis due to the following reasons. practical MR
image data often comes from a variety of sources and has variable scan quality; the
information which should be in the scan is often corrupted or missing; painstaking,
precise segmentation of MR images requires a lot of time and effort; a great deal of
scans are needed to make a study’s result significant; and also that completely
automatic approaches have not yet been shown to produce sufficiently accurate
segmentation results in all situations.

We have contributed to the automation of MR brain segmentation by
demonstrating an improvement to an existing method for undertaking quantitative
neurological studies using MR images. The methods presented in this paper provide
an automatic determination of thresholds to segment the exterior of the brain in MR
images. We will continue this effort by determining region shapes (such as the
intracranial boxes mentioned above) and parameter settings from previously
segmented brain data sets. We will also extend this method to other neuroanatomical
structures and will combine the entire package in a system which will produce
precise, reliable results with minimal human intervention.
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