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Abstract

This memo describes the stability testing of the TINA medical image segmentation algorithm described in Memo 2004-009. The performance of the algorithm when applied to a common medical
image segmentation problem, the segmentation of structural MR image volumes of the brain into CSF,
grey matter and white matter regions, was evaluated. We examine the stability of the optimised tissue
model after the optimisation is initiated from multiple random starting points. This method allows
comparative evaluation of the results without the need to define a gold-standard segmentation. A
straw-man algorithm, based on simplex optimisation of a χ2 histogram fit of the model to the images,
is used to provide a baseline for this comparison. The superiority of the EM-based algorithm over this
simpler alternative, and the improvements gained through the inclusion of gradient information in the
tissue model, are demonstrated.
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Introduction

One of the most common tasks in medical image analysis is that of segmentation: separating an image into regions
representing the various tissues it contains. The TINA software contains a medical image segmentation algorithm,
described in [8], which fits a model consisting of Gaussian distributions, describing pure tissues, and Gaussian
distributions convolved with triangular distributions, describing partial volume contributions i.e. voxels containing
more than one tissue, to medical image volumes. The fit to the image data is optimised using the ExpectationMaximisation algorithm. The algorithm accepts input data of arbitrary dimensionality i.e. multiple images of the
same scene, acquired using different modalities. In addition, the algorithm can use image gradients, as well as
grey levels, to increase the separability of pure tissue and partial volume contributions. The development of the
algorithm through the addition of each of these capabilities is described in [7], [3], [9], and [5].
In order to evaluate the stability of the TINA medical image segmentation algorithm, a common medical segmentation task was used: the identification of CSF, grey matter and white matter in structural MR image volumes of
the brain. The evaluation was performed by collecting MR image volumes from a large number of normal subjects,
segmenting them, and calculating the standard deviation of the final model parameters for the tissue means. The
drawback of this approach is that it supplies no quantitative measure of the accuracy of the segmentation, such as
would be obtained through comparison with a gold-standard segmentation. However, the results can be evaluated
by comparing the stability of the model parameters across several different segmentation algorithms, and thus
provide a qualitative measure of the accuracy of the algorithms in comparison with one another, without having
to address the problem of defining a gold-standard result.
Three segmentation algorithms were compared in the work described here. The main goal of the work was to
compare the EM-based algorithm with and without the inclusion of image gradient information. The inclusion
of image gradient information increases the separability of pure tissue and partial volume components. Consider
images containing three tissue types: partial volume voxels containing mixtures of the tissues having the highest
and lowest mean grey-level values can themselves have grey-levels at any value between the pure tissue mean greylevels. The third tissue must also have a mean grey-level value somewhere within this range, leading to confusion
between these pure tissue and partial volume components. However, pure tissue voxels will occur within tissue
regions, at locations of low image gradient, whereas partial volume voxels will occur at the boundaries of tissue
regions, at locations of high image gradient. Therefore, the inclusion of gradient information will increase the
separability of pure tissue and partial volume components.

Figure 1: Typical image histogram of the data used in the stability analysis, showing peaks for CSF (at the lower
end), grey matter (in the middle) and white matter (at the upper end).
A straw-man algorithm was included in the evaluation, in order to provide a base-line for the comparison. This
consisted of fitting the same model used in the EM-based algorithms to the histogram of an image volume. A χ2
goodness-of-fit metric was calculated, and optimised using the simplex algorithm [4].
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Method

The stability analysis was performed by comparing the results from three segmentation algorithms: the EMbased algorithm applied to grey-levels alone i.e. without gradient information, the EM-based algorithm applied to
both grey-levels and image gradients, and the straw-man algorithm. The model was the same in all three cases,
and consisted of three pure tissue components (CSF, grey matter and white matter) represented by Gaussian
distributions, and three partial volume components (for mixtures of each pair of tissues) represented by Gaussian
distributions convolved with triangular distributions. Each component contained parameters for the mean, the
standard deviation, and a prior term representing frequency of occurrence, giving a total of twelve parameters. All
three segmentation algorithms required a starting point or initial model. Therefore, a standard initial model was
defined for all three algorithms, with the CSF, grey matter and white matter peaks set to -1800, -650 and -120
grey-levels respectively.
The data used in the evaluation consisted of structural MR image volumes of the brain obtained from 67 normal
volunteers (33 male and 34 female) ranging in age from 19 to 85 years, with a mean age of 66.5 years. The
youngest nine of these, ranging in age from 19 to 53 years with a mean age of 35.4 years, were each scanned four
times: two scans an hour apart, followed by another two scans an hour apart a year later. All other patients
were scanned once. All subjects underwent MR imaging with a 1.5-T system (ACS-NT, with PowerTrack 6000
gradient subsystem; Phillips Medical Systems, Hamburg, Germany) with a birdcage head coil receiver. Fast spinecho inversion-recovery images (repetition time, 6850 msec; echo time, 18 msec; inversion time, 300msec; echo
train length, 9) were acquired. The image volumes consisted of 3-mm thick sections throughout the brain, with an
in-plane resolution of 0.89mm2 (matrix, 256 × 204, field of view, 230 × 184mm). All MR volumes were coregistered
to a single standard volume using rigid Mutual Information based coregistration [1, 2], allowing the definition of
consistent regions across all image volumes.
The image volumes consisted of 50 images of 256 by 256 voxels, covering the whole head. A sub-region was defined
in the standard coordinate system, containing only CSF, grey matter and white matter, spanning the front six
slices containing the ventricles. The sub-region consisted of a total of 46,200 voxels. Its purpose was to limit the
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Figure 2: The average difference between the CSF, grey matter and white matter tissue means after 100 iterations,
and the means at each iteration of the optimisation, averaged over ten data sets, for the EM-based segmentation
with (a) and without (b) gradient.
number of model components required to fit the data, reducing the required processor time and simplifying the
analysis of the results. A typical histogram of the data contained in the sub-region is shown in Fig.1: the peaks
representing CSF, grey matter and white matter are clearly visible.
The stability analysis consisted of several experiments, involving segmentation of sub-sets of the MR image data,
followed by calculation of the standard deviations of the final model parameters for the tissue means. In each case,
outlier filtering was performed in an iterative manner, through calculation of an initial estimate of the standard
deviation, then removal of results which deviated from the mean result by more than two standard deviations i.e.
at the 95% confidence limit, followed by a calculation of the final standard deviation from this reduced data set.
This procedure removed any results representing fit failures.
Several preparatory experiments were performed in order to test various aspects of the implementation of the
algorithms. The first evaluated the stopping criteria of the EM optimisation. The simplex-based segmentation
incorporated a stopping criteria based on the step-to-step change in the model parameters during the optimisation,
terminating when this quantity fell below a user-defined accuracy goal (set to 1 × 10−6 in terms of the proportional
difference between the highest cost and lowest cost points of the simplex). However, due to the considerable
computational load of the EM-algorithm it was impractical to implement such an accuracy goal. Therefore, a
stopping criteria defined on the basis of processor time was defined empirically. Ten image volumes were selected
at random from those collected, and the EM-based segmentation was applied both with and without the use of
gradient information. The algorithm was run for 100 iterations, and the model recorded after each iteration. Figure
2 shows the absolute difference between the final tissue mean parameters and those recorded after each iteration,
averaged over all ten data sets. It is immediately clear that the inclusion of gradient information leads to faster
convergence. In the experiments where gradient information was included, the model parameters for CSF and white
matter converged to within one grey-level of their final value within 40 iterations of the algorithm. Convergence of
the peak for grey matter was slower, due to the greater width of the grey matter peak as seen in Fig.1. However,
convergence to within 20 grey-levels of the final result occurred within 40 iterations for both algorithms. Therefore,
in subsequent experiments the EM-based segmentation algorithms were run for 40 iterations.
The second preparatory experiment evaluated the effects of applying smoothing to the data in order to stabilise the
histogram. Iterated tangential smoothing [6] was applied in order to avoid significant broadening of the peaks in the
histogram. Various numbers of iterations of tangential smoothing were applied to the data prior to segmentation,
and all image volumes were segmented with all three algorithms. The standard deviations, after outlier rejection,
for the CSF, grey matter and white matter tissue means, and the mean of the standard deviations for all three
tissues, are shown in Fig.3. It is clear from the results that the optimal blurring level occurs at between one and
two iterations of smoothing. Therefore, in all subsequent experiments, one iteration of tangential smoothing was
applied to the data prior to segmentation.
Once the implementation of the segmentation algorithms had been optimised in this way, two experiments were
performed in order to evaluate the stability of the algorithms. The first involved repeated segmentations of the same
data set. The initial tissue mean parameters were perturbed through the addition of a random offset, distributed
uniformly between µt ± n where µt was the initial tissue mean, and n was a constant. 40 segmentations were
performed with each algorithm, for each of several values of n between 50 and 200 grey-levels. The standard
deviations of the optimised tissue means were then calculated for each level of initial model randomisation. The
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Figure 3: Standard deviations of the CSF, grey matter, and white matter tissue means of fits to all 97 image
volumes, and the mean of the three sets of results, plotted against the number of iterations of tangential smoothing
applied to the data prior to model fitting. The curves show quadratic fits to the results.
experiment was repeated across ten data sets, chosen at random from the 97 data sets collected, and the average
standard deviations of the final tissue means across the ten data sets were calculated. The aim of this experiment
was to evaluate the inherent stability of the algorithm, by eliminating the biological variability that would be
present in segmentations of multiple data sets. The maximum level of randomisation applied was chosen such that
it was less than the differences between the tissue means, in order to avoid interchanging the components.
The second experiment was designed to demonstrate the improvements gained by using gradient information in
the EM-based algorithm in a scenario which more accurately reflected practical medical image analysis tasks.
All 97 image volumes were segmented both with and without the inclusion of gradient information. The standard
deviations of the CSF, grey matter and white matter peaks, after outlier rejection, were calculated. The experiment
was repeated at levels of initial model randomisation between 0 and 225 grey-levels.
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Results

Figure 4 shows the standard deviations, after outlier rejection, of the final CSF, grey mater and white matter tissue
means for 40 segmentations of single data sets at each of various levels of initial model randomisation, averaged
over ten data sets. Since the underlying data remained the same across all segmentations, any variation in the
results reflects the ability of the segmentation algorithm to converge to a stable result. A clear difference between
the three algorithms is demonstrated: the EM-based algorithm without gradient information is roughly an order
of magnitude more stable than the straw-man algorithm, and the EM-based algorithm with gradient information
is roughly an order of magnitude more stable than that without gradient information.
The two EM-based algorithms were identical in every respect except for the inclusion of gradient information, and
the differences between them were greater than could be accounted for due to the slower rate of convergence in the
algorithm without gradient information (as shown in Fig.2). Therefore, the difference between them must reflect
the additional stability gained through the inclusion of that information, and so these results demonstrate the
importance of the inclusion of partial volume components in models used for medical image segmentation.
The EM-based algorithm without gradient information and the straw-man algorithm were based on identical
models: therefore the difference between these two algorithms must reflect the superiority of the EM-based approach
over naive histogram fitting segmentation algorithms. The most probable cause of the difference in the results is
premature convergence in the straw-man algorithm i.e. the simplex optimisation terminates on locating a local
minimum, representing a peak in the histogram due to a noise fluctuation, rather than the global minimum
representing the true tissue mean. This behaviour would be expected, given that the EM-based approach has a
greater ability to move around the cost function space.
The superiority of the EM-based approaches over naive histogram fitting were demonstrated in the first experiment.
5

Figure 4: Standard deviations of the CSF (a), grey matter (b), and white matter (c) tissue means for 40 fits
to a single MR image volume, plotted against the level of randomisation applies to the initial model. In each
case, the upper curve shows the results from the χ2 fit optimised using simplex, the middle curve the results from
the EM-based segmentation without gradient, and the lower curve the results from the EM-based algorithm with
gradient. The curves show linear fits to the data (note that the abscissa is plotted on a logarithmic scale).
Therefore, the second experiment was limited to comparisons of the EM-based segmentation with and without
gradient information. The experiment involved the segmentation of all 97 MR data sets, with various levels of
initial model randomisation. The results therefore reflect the expected improvements, gained through the inclusion
of gradient information in the segmentation, for large medical image analysis projects which involve a segmentation
stage.
The standard deviation of the optimised CSF, grey matter and white matter tissue means, after outlier rejection,
plotted against the level of initial model randomisation, are shown in Fig5. The results show that the inclusion of
gradient information results in roughly a 50% reduction in the standard deviations: again the difference is larger
than could be accounted for by differences in rates of convergence.
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Conclusions

Segmentation of structural MR images of the brain is a common task in medical image analysis, and a large variety
of segmentation algorithms intended to address this task have been described in the literature. Evaluation of
the accuracy of such algorithms usually requires data accompanied by gold-standard segmentation, against which
the algorithmic results can be compared. However, the definition of such gold-standard results is problematic.
In the work presented here, this issue has been avoided by comparing segmentation results from several different
algorithms when applied to a large data set.
The work described here evaluated three segmentation algorithms: an EM-based algorithm applied both with
and without the inclusion of gradient information, and a straw-man algorithm consisting of simplex optimisation
of a χ2 goodness-of-fit measure of the partial volume model to the histogram of the image data, providing a
baseline for the comparative analysis. The first stability analysis experiment involved repeated segmentations of
single data sets with various levels of randomisation applied to the initial model. The results indicated that the
TINA medial image segmentation algorithm, based on the Expectation-Maximisation algorithm, was roughly an
order of magnitude more stable than naive histogram fitting approaches, and furthermore that the inclusion of
gradient information resulted in a further order of magnitude improvement in stability. The inclusion of gradient
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Figure 5: Standard deviations of the CSF (a), grey matter (b), and white matter (c) tissue means for fits to all
97 MR image volumes, plotted against the level of randomisation applied to the initial model. In each case, the
upper curve shows the results from the EM-based segmentation without gradient, and the lower curve the results
from the EM-based algorithm with gradient. The curves show linear fits to the data.
information is significant only at positions in the images representing boundaries between tissues: therefore, this
result demonstrates the importance of the partial volume components on the stability of the tissue means.
Practical medical image analysis projects that include a segmentation component typically involve a large number
of data sets, and the second experiment was designed to reflect this scenario. The variance of the mean tissue
parameters of the final segmentation results in this experiment represented the convolution of two distributions: one
representing the inherent inter-subject biological variability of the underlying parameters, and a second representing
the additional variance introduced by the segmentation algorithm. As an aside, it should be noted that the result
of the first and second experiments combined do not provide any quantitative estimate of the accuracy of the
segmentation algorithms studied: the sum and difference of two numbers do not provide enough information
to calculate those numbers. However, the number of data sets included in the second experiment (≈ 100) is
representative of the typical number of subjects included in significant medical image analysis projects. Therefore
the results, combined with error propagation, can be used to estimate the reduction in segmentation errors that
would be gained through the inclusion of gradient information in the segmentation in such projects.
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