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Abstract

We demonstrate that simulated MR images obtained from Brainweb do not model the partial volume
effect in a realistic fashion, and therefore cannot be used to evaluate medical image segmentation algorithms that rely on models of intensity distributions and incorporate partial volume effects. However,
we make two observations; first, evaluation of segmentation algorithms on simulated data can only prove
consistency between the assumptions incorporated into the simulation and segmentation algorithms,
and second, given this constraint, a method for producing approximately noise-free MR images is all
that is required to draw any conclusions that could be drawn through the use of Brainweb simulated
images. We use these observations to motivate an alternative method for evaluating medical image
segmentation algorithms, based on the use of the multi-dimensional segmentation algorithm provided
by TINA. This method uses segmentations of multi-dimensional data to reconstruct noise-free MR
images; these can then be used in Monte-Carlo experiments to measure the parameter stability of the
segmentation, and also to assess the presence of most forms of potential bias.
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Introduction

Simulated MR image volumes play an important role in the development of some types medical image analysis algorithms, notably segmentation algorithms, as they allow evaluation of absolute segmentation accuracy by
comparison with the phantoms or atlases used to produce them. Performing the corresponding experiment with
clinical1 data would require the production of gold-standard segmentation results by an expert observer, which
would be both time consuming and expensive. However, if the evaluation is to be meaningful, the simulation must
model all of the major effects seen in real MR images in a realistic fashion. These include, in order of priority:
• spatial locations of the relevant tissues;
• tissue intensities, calculated through application of the Bloch equations to the T1 time, T2 time and proton
density (PD) of the tissues and the parameters of the scan (e.g. field strength, repetition time, echo time
etc.);
• the partial volume effect at tissue boundaries;
• additive image noise;
• the point spread function of the MR scanner
• inhomogeneity effect.
These requirements must be interpreted in the context of the known statistical properties of MR images and capabilities of available pre-processing algorithms: the simulation need not incorporate features that can be dealt with
effectively by existing algorithms, and approximations may be used where their effects are known to be minimal.
For example, efficient skull-stripping algorithms are available, and the intra-cranial volume consists predominantly
of grey matter (GM), white matter (WM), and cerebro-spinal fluid (CSF); therefore, simulations incorporating
1 We

adopt the phrase “clinical” MR to denoted MR image volumes acquired from subjects, as opposed to simulated images.

only these three tissues may still be useful. Effective inhomogeneity correction algorithms are available (see [7]
and references therein), and so simulations with 0% inhomogeneity effect can be useful. The noise in MR magnitude images is known to be Rician [6], the result of addition in quadrature of the Gaussian noise on the real and
imaginary images; however, the Gaussian and Rician distributions are identical to a good approximation at if the
signal-to-noise ratio is greater than 3, and so Gaussian noise may be used in the simulation in cases where only the
brain tissues are considered. These observations limit the required features of the simulation considerably; it need
only incorporate realistic tissue locations (in order to allow the use of spatial information in the segmentation),
incorporate realistic modelling of the tissue intensities, together with additive Gaussian noise (in order to allow
the use of intensity information in the segmentation) and incorporate the partial volume effect in order to provide
a realistic challenge for segmentation.
Including the partial volume effect in the above list may prove contentious since many popular medical image
segmentation algorithms, e.g. those provided by the SPM [1] and FSL [17] software packages, do not incorporate
it. This may be valid in certain situations. Partial voluming is the result of the combination of several tissue within
a single voxel, when both tissue contribute to the resulting intensity. Therefore, it is largely relevant only to MR
images (and not, for example, to CT where the intensity of the voxels is dictated primarily by a single tissue), and
becomes increasingly significant with increasing voxel dimensions; in thick slice acquisitions it may account for up
to 30% of the voxels [13]. It is only observed as a separate contribution to the intensity histogram when the means
of the two corresponding pure tissues are widely separated compared to their standard deviations. Under these
circumstances, the partial volume voxels will be observed as an approximately uniform distribution between the
peaks produced by the two pure tissues. The uniform nature of the distributions is the result of two effects. First,
in general the locations of tissue boundaries is not correlated with the locations of voxel boundaries. Therefore,
all possible fractional combinations of tissue are equally probable i.e. the distribution of fractional combinations
is uniform. Second, the Bloch equations that govern the image formation process in MR are linear, and so the
intensity of a voxel containing a mixture of pure tissues is given by a linear combination of the intensities of the
pure tissues it contains, weighted by their fractional contributions. Therefore, all possible partial volume intensities
are equally probable i.e. their distribution is uniform 2 .
The importance of partial voluming in MR image segmentation under the circumstances outlined above has led
to the development of segmentation algorithms that incorporate it. Initial developments focused on models of
the intensity histogram incorporating uniform distributions for partial volume voxels [15, 16, 11, 12], although
non-uniform distributions have also been investigated [3, 8]. The TINA software also contains such an algorithm,
which is also capable of analysing multi-dimensional data (i.e. where several MR images of the same anatomical
region have been acquired using different pulse sequences) and incorporating intensity gradient into the intensity
histogram (to aid in the disambiguation of pure tissue and partial volume contributions, since the latter occur
at tissue boundaries i.e. locations of high intensity gradient); the development of the algorithm is described
in [14, 13, 20, 2, 18]. The development of such algorithms requires validation, and if this is to be performed
by measuring the absolute segmentation accuracy on simulated images, through comparison to the phantoms or
atlases used to produce them, then the simulations must incorporate realistic models of partial volume effects.
The Brainweb MRI simulation package [4, 10, 9, 5] has become a de-facto standard in medical image analysis
validation over recent years, due in part to its availability over the Internet (www.bic.mni.mcgill.ca/brainweb/).
However, if the considerable body of literature based on Brainweb simulated images is to have any relevance,
we must be sure that the simulations meet the requirements listed above. In this report, we demonstrate that
the modelling of partial volume effects in Brainweb simulated images is not performed in a realistic fashion, and
therefore segmentation algorithms that incorporate partial volume effects, and so would have increased accuracy
on real MR data where such effects are significant, may show inconsistent or even reduced performance when evaluated on Brainweb images. This observation implies a clear requirement for an alternative method for evaluating
segmentation algorithms when the partial volume effect is to be considered.
In order to suggest such an alternative, we must first clearly identify the evaluation methodology we wish to adopt.
The general aim is to perform a segmentation on real MR data to obtain a set of tissue phantoms describing the
locations of each pure tissue, use these to produce simulated images, add noise, segment the simulated images
to produce maps of the tissue locations, and compare these maps to the tissue phantoms in order to measure
the absolute accuracy of the segmentation. This can be incorporated into a Monte-Carlo experiment. Since the
2 Note that this simple model is an approximation: e.g. in 2D where a tissue boundary passes through a voxel, it intersects with two
of the voxel boundaries, and it is the position of both of these intersections that have uniform distributions. The area of each pure tissue
is therefore dictated by the product of two uniform distributions i.e. an exponential distribution, and so we would expect the partial
volume distribution to peak at either end, close to the pure tissues. However, since the intensity model used in the segmentation will
also incorporate pure tissue distributions at these locations, these distributions will take up the excess contribution above uniformity
from the partial volume voxels. The effect on accuracy will be minimal, as the voxels concerned consist predominantly of one pure
tissue. The error introduced in this way will therefore be dictated by the ratio of the frequencies of occurrence of the two pure tissues,
weighted by the ratio of frequencies of occurrence of pure tissue to partial volume voxels
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segmentation inevitably involves fitting a model of some form to the data, we can interpret it as a maximumlikelihood process, and this makes clear the significant implicit limitations of such an evaluation. We can only
evaluate two aspects of the system as a whole: the effects of image noise on stability, and the goodness-of-fit of the
model used in segmentation to that used in simulation. The former can be evaluated through the standard deviation
of the tissue volumes, overlap, or fitted parameters i.e. random errors: the latter through consistent under- or
over-estimation of tissue volumes or fitted parameters i.e. systematic errors or bias. We can therefore draw one
of only two conclusions. If there is no evidence of bias, we can conclude that the models used in segmentation
and simulation are consistent and, to the (unknown) extent that these models are also consistent with the image
formation process in real MR images, the random errors describe the dependence of segmentation accuracy on
image noise, and can be used in comparative evaluations (“shoot-outs”) of multiple segmentation algorithms. If
there is evidence of bias, we can only conclude that the simulation and segmentation algorithms are inconsistent.
In this circumstance, at least one of the models must also be inconsistent with the image formation process in
real MR images, but we will not know which. In addition, the well-known properties of maximum-likelihood (e.g.
asymptotic efficiency) are only guaranteed if the model is a good fit to the data; in this case, if the model used in
the segmentation is a good fit to that used in the simulation. If this is not the case, as will be demonstrated by the
presence of bias, then the results of maximum-likelihood are unknown, and so the random errors on the evaluation
results tell us nothing about the performance on real data. We can even assume that when a researcher develops
a new segmentation algorithm based on fitting a model of image intensities to the intensity histogram of the data,
they will use the most accurate model available at the time, and furthermore that the segmentation algorithm will
be developed subsequently to the simulation algorithm used to evaluate it. Any bias in the evaluation results is
therefore more likely to indicate failures in the simulation package than failures in the segmentation algorithm.
The limitations in the standard approach to evaluation of segmentation algorithms using simulated data can suggest
an alternative approach that is at least as powerful. We need to evaluate three features of any new segmentation
algorithm:
• Is there any bias (i.e. consistent over- or under-estimation of the tissue volumes) on the segmented tissue
maps or, equivalently, the fitted parameters? If the answer is yes, we can ignore the next two aspects, since
the algorithm is fundamentally unusable in its current form, and requires more development work.
• What are the random errors on the segmented tissue maps? This information will feed through to any
subsequent analysis.
• Are the spatial locations of the segmented voxels correct (i.e. we could in theory develop an algorithm that
identified a volume of white matter, equal to the volume of CSF, as CSF: the measured volume might appear
to have low random errors and no bias, but the result would be fundamentally wrong).
The primary perceived advantage of the standard approach to segmentation evaluation using synthetic data, namely
segmenting real MR data to produce a set of tissue phantoms, using these to generate noise-free simulated MR
images, adding noise (perhaps in a Monte-Carlo process), segmenting the simulated images with the algorithm
we wish to test, and measuring the overlap of the resulting tissue maps with the phantoms, is that it provides a
direct measurement of the third of these aspects. However, this is clearly not the case in practice: it only measures
the degree to which the assumptions used to generate the algorithm under test match those used to generate the
phantoms, and in comparison tells us little about the performance on real data. With this primary advantage of
the existence of the phantoms removed, we need not have them at all, except to generate the simulated images.

2

Brainweb Simulated Images

We have identified several problems with the use of Brainweb simulated images in performance evaluation of
medical image segmentation algorithms:
• confusion of partial voluming with image noise in the generation of the phantoms;
• generation of histogram artefacts in the simulation of the images;
• non-stationarity of the simulator;
• lack of relevance to performance on genuine MR data.
The following sections demonstrate each of these issues in turn.
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2.1

The Construction of the Brainweb Simulator

The Brainweb simulator is described in [4], [10], [9], and [5]. It is based on a set of tissue phantoms generated
from 27 high-resolution (1mm3 isotropic voxels), low-noise, T1-weighted gradient-echo acquisitions of the same
individual, which were registered into a common stereotaxic space where they were sub-sampled and intensity
averaged [5]. Intensity non-uniformity was reduced by deconvolution with the non-uniformity blurring kernel
derived from the intensity histogram of the image. The image was then segmented: a trained neuroanatomist
identified points within pure tissues and a fuzzy minimum distance classifier was applied to identify the tissue
contents of each voxel (see below). Manual editing and masking were then applied to produce the final set of tissue
phantoms.
The simulation process includes up to four steps. NMR parameters for each tissue and the Bloch equations are
used to generate a zero-dimensional simulation describing the intensity of each pure tissue. The tissue intensities
are weighted by the tissue proportions in each voxel in the phantoms to produce synthetic images. The effects
of sampling in the Fourier domain are addressed, followed by addition of Gaussian noise fields to the real and
imaginary components of the images and magnitude image reconstruction. Finally, intensity inhomogeneity fields
are applied to generate the final simulated image volumes.

2.2

Confusion of Partial Voluming with Noise

A significant error is contained within the minimum distance classifier used to generate the tissue phantoms used
in the Brainweb classifier. According to [5], in order to deal with partial voluming, each voxel was assigned an
n-dimensional tissue membership vector, where n was the number of tissue classes considered. Each component of
the vector fi represented
P the proportion of the ith tissue within the voxel, and the vectors were normalised such
that 0 < fi < 1 and nj=1 fj = 1. For voxels with intensity equal to the mean intensity mi of any tissue class i,
the ith tissue fraction fi was set to 1 and all other components to 0. For all other voxels, the components of the
vector were estimated to be inversely proportional to the distance between the voxels intensity gi and the class
mean mi
1
fi =
|gi − mi |
again normalised such that the components of the vector summed to unity. Manual intervention and prior anatomical knowledge were used to remove partial volume contributions that were known not to exist.
The problem with this approach is that it confuses partial voluming with image noise. Real MR images contain
two types of intensity distribution, pure tissue distributions (which we may assume to be delta functions if all
non-uniformity has been removed) and partial volume distributions, which take the form of extended distributions
between the pure tissue distributions for any pairs of tissues that share a common boundary. When noise is added
during the image acquisition process, both types of distribution are convolved with a noise distribution. Therefore,
movement of the voxel intensity away from the mean intensity of a pure tissue class may be due either to the effects
of convolution with the noise distribution or to partial voluming with another tissue. The classification process used
in the Brainweb simulation ignores the first effect, effectively assuming that pure tissue classes are not affected by
noise. This has two effects. First, the number of partial volume voxels is considerably overestimated. Second, the
shape of the partial volume distributions is changed compared to that in the underlying images: the excess partial
volume voxels are more likely to occur close to the pure tissue intensities, and so the partial volume distributions
are enhanced at these locations. The result is that the phantoms used in the simulations have non-realistic partial
volume distributions.

2.3

Histogram Artefacts in the Simulated Images

The Brainweb T1-weighted simulation with 1mm thick slices, zero noise and zero inhomogeneity was downloaded
as gzip compressed raw short data, uncompressed using gunzip version 1.3.12, and read into TINA using the raw
image reader. The fuzzy tissue phantoms were also obtained and loaded into TINA using the same procedure,
then scaled to lie between 0 and 1 such that voxel intensity represented the volumetric contribution of the tissue
to each voxel. The T1 simulated image volume was then multiplied by the summed phantoms for grey matter,
white matter, CSF and glial matter to segment these tissues. Figure 1 shows an example slice (number 142) from
the resulting image volume together with the intensity histogram of the volume.
Figure 1 should contain a maximum of five peaks in intensity (background, CSF, GM, WM and glial matter).
The peaks for the background, CSF, GM and WM are clearly visible: there is too little glial mater to produce a
distinct peak. However, the histogram also contains secondary peaks either side of the main peaks for the pure
5

(a)

(b)

Figure 1: The CSF, GM, WM and glial matter from slice 142 of the Brainweb T1 simulated image with 0% noise
and 0% inhomogeneity (a), and the intensity histogram of the whole volume (b).
tissues: these are particularly visible either side of the GM peak. Figure 2 shows the phantoms for the brain tissues,
together with the intensity histograms for the whole phantom volumes, smoothed with one iteration of tangential
smoothing in order to reveal the structure more clearly. Secondary peaks are not apparent in these histograms,
implying that they are generated at some point in the reconstruction (this also eliminates the possibility that the
secondary peaks were generated by a bug in the TINA raw image reader or histogramming routine).
The spatial locations of the voxels in the secondary peaks were crudely identified by thresholding the image. After
masking out the non-brain tissues, the image was scaled lie between 0 and 255 grey levels, such that the CSF, GM
and WM peaks occurred at approximately 75, 180 and 240 grey levels respectively. Figure 3 shows the results of
thresholding between 90 and 105 grey levels, 145 and 165 grey levels, and 190 and 210 grey levels, to locate the
peaks on the high intensity side of the CSF, the low intensity side of the GM, and the high intensity side of the GM
respectively. This process reveals that the secondary peaks correspond to the locations of the tissue boundaries
i.e. they are partial volume voxels.
The image simulation process used by Brainweb, as described in the literature [4, 10, 9, 5] involves only multiplication of the phantoms with mean tissue intensities derived from a simulation of the Bloch equations, resampling
and noise addition, and production of a magnitude image from the Fourier transform of the complex data. Of
these steps, only the resampling could preferentially alter the intensities of some of the edge voxels in order to
produce the secondary peaks observed in the intensity histogram (i.e. side-lobes of the sinc function, generated
by the truncation artefact). However, the lack of the tertiary lobes of the sinc function in the histogram, the lack
of visible ringing in the simulated images, the spatial location of the voxels in the secondary peaks only at the
tissue boundaries (rather than on either side of them) and the height of the secondary peaks all cast doubt on this
interpretation.
As described in the introduction, various models for the intensity distributions of partial volume voxels have been
suggested. Earlier work focused on uniform distributions [15, 16, 11, 12], based on the simple logical arguments
given above. Some researchers have investigated non-uniform models [3, 8], in the case of Joshi and Brady derived
through extensive simulation work. However, these non-uniform models always produce intensity distributions that
peak at either end, close to the pure tissue distributions: there is no support in the literature for partial volume
intensity distributions that feature peaks in the middle, away from the pure tissue distributions. In addition, the
minor peaks appear to be non-symmetric, biased towards the nearest pure tissue. Figure 4 shows a sample slice
from an IRTSE MR image of a young normal subject and, whilst an approximately uniform distribution is present
as a long tail between the locations of the peaks for CSF (-1800 grey levels) and GM (-600 grey levels) there is
no evidence for peaks contained within this partial volume distribution. We must therefore conclude that the
Brainweb simulated data does not incorporate realistic modelling of partial volume effects, and therefore that its
use in evaluating segmentation algorithms that incorporate modelling of these effects is likely to lead to meaningless
results, following the arguments outlined in the introduction.

2.4

Other Issues

One of the main, perceived advantages of an MRI simulator such as Brainweb is that it provides a standard evaluation problem for medical image segmentation algorithms. Independently derived results from various groups and
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Figure 2: Slice 142 of the Brainweb brain tissue phantoms, and the intensity histograms of the whole volumes:
CSF (a,b), GM (c,d), WM (e,f) and glial matter (g,h)
algorithms can in theory be compared directly. However, the Brainweb web-site (www.bic.mni.mcgill.ca/brainweb)
states that ”the SBD (Simulated Brain Database) is still considered ‘under development’ both in terms of the
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Figure 3: The spatial locations of the voxels in the secondary peaks on the high intensity side of the CSF (a,b),
the low intensity side of the GM (c,d) and the high intensity side of the GM (e.f). The left column shows the
identified voxels: the right column shows them overlaid on the original image.
anatomical model and the simulation itself. What you get today may not be the same as what you get tomorrow!”.
In addition, there is no system of version numbering or list of updates to the simulator. The perception that
Brainweb provides a standard problem is therefore false: evaluation results produced using the simulated images
cannot be directly compared without first confirming that exactly the same set of simulated images were used.
The problems introduced by this lack of stationarity cannot be assumed to be negligible. For example, the
”normal brain database” simulates images with ten tissue classes: background, CSF, grey matter, white matter,
fat, muscle/skin, skin, skull, glial matter and connective tissue. Twenty anatomical models derived from twenty
normal brains are also available on the web-site, but use a different set of tissue classes: background, CSF, grey
matter, white matter, fat, muscle, muscle/skin, skull, blood vessels, connective tissue, dura matter and bone
marrow. The addition and removal of entire tissue classes demonstrates that significant changes may take place in
the procedures used by the Brainweb group.
The glial matter class has been removed and additional classes for blood vessels, dura matter and bone marrow
added. The glial matter class is of particular importance. In the Brainweb simulations, this class is identified as a
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(a)
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Figure 4: A sample slice from an IRTSE MR image of a normal subject (a), and its intensity histogram (b).
thin surface along the inside of the ventricles. It therefore accounts for a significant amount of the partial voluming
present within the images: either partial voluming of glial matter with both CSF and white matter, where the
class is included, or partial voluming of white matter with CSF, if it is removed. Most segmentation algorithms,
applied to clinical MR images, would not include this class and so would treat this tissue as white matter and
white matter partial voluming with CSF. Many users of the Brainweb simulations also ignore the glial matter and
focus only on the grey matter, white matter and CSF, using the phantoms to identify these tissues (e.g. [19]).
However, this procedure introduces a significant difference between evaluation on Brainweb images and application
to clinical MR: a significant amount of partial voluming between CSF and white matter has been removed from
the former in comparison to the latter. Since partial voluming is one of the most significant aspects of the MR
image formation process as regards segmentation, this casts doubt on the relevance of evaluations performed on
Brainweb simulated images to the performance of segmentation algorithms on clinical MR.
Finally, it should be noted that the entire concept of testing segmentation algorithms on simulated images, which
themselves were derived from phantoms generated from segmentations of clinical MR images, is deeply flawed. The
segmentation algorithm being evaluated is attempting to re-generate the phantoms from the simulated images, for
comparison to the original phantoms. Such evaluations therefore address two issues: sensitivity to the image noise
added during the simulation process, and the agreement between the assumptions used in the segmentation algorithm being evaluated and those used in the segmentation algorithm used to generate the original phantoms. This
may be particularly important if the segmentation algorithm being evaluated assumes an intensity model since, as
demonstrated above, the intensity model assumed by the minimum-distance classifier used in the generation of the
Brainweb phantoms confuses partial voluming with image noise, leading to unrealistic partial volume distributions
in the phantoms. It is therefore possible that a segmentation algorithm that assumes a partial volume distribution
that is realistic for clinical MR images will be penalised when evaluated on Brainweb images in comparison to
one that assumes a partial volume distribution unrealistic for clinical MR, but which corresponds closely to that
contained within the Brainweb phantoms.

3

An Alternative Methodology

The problems with the use of Brainweb simulated images for performance evaluation of medical image segmentation
algorithms identified above produce a requirement for an alternative methodology. Such a methodology must retain
the primary advantage of Brainweb, namely removal of any need to produce gold-standard data, and avoid the
problems associated with the production of simulated images.
The TINA MR segmentation algorithm [14, 13, 20, 2, 18] fits an intensity model to the histogram of an MR image
volume using EM optimisation, and produces estimates of the volumes of each tissue within each voxel. Therefore,
the segmentation process can be inverted by multiplying the tissue volume fractions by the mean tissue intensities
in the fitted model: the result is a noise-free version of the model that was fitted to the original images. Since this is
available, we can treat it like any other model and evaluate it through two experiments: first, Monte-Carlo testing
of parameter stability (in order to measure the effect of image noise on random errors: this will produce a result
equivalent to applying error propagation to the algorithm) and second testing the goodness-of-fit of the model to
9

the data. The second can be accomplished by measuring the number of voxel values in the reconstructed model that
vary from the voxel values in the original image by more than three standard deviations of the image noise. Since
the number of voxels in this group can be calculated for a perfect model fit (by integrating the noise distribution
from the three standard deviation point to infinity), any excess is a direct measure of the number of voxels for
which the model does not fit the data and thus a direct measure of the systematic error on the segmentation.
Therefore, through the application of this methodology both the systematic and random errors produced by the
segmentation algorithm are evaluated on clinical data, without recourse to gold-standard segmentations. Tina
Memos 2003-007 and 2005-013 demonstrate the application of this approach.

4

Conclusions

Brainweb simulated data exhibits anomalous peaks in the intensity histogram, the spatial locations of which
correspond to tissue boundaries, implying that they represent partial volume voxels. However, whilst there is
disagreement in the literature over whether the intensity distribution of partial volume pixels is uniform, or approximately uniform in the middle with peaks at either end, there is no support for partial volume distributions
that peak in the middle. Real MR data also shows no minor peaks in the middle of the partial volume intensity
distributions. We must therefore conclude that Brainweb simulated MR images incorporate an unrealistic representation of the partial volume process, and that any intensity-based segmentation algorithm that incorporates
modelling of the partial volume effect will give anomalous results when evaluated on Brainweb data. We expect
these anomalies to manifest themselves as biases on fitted parameters, possibly dependent on the level of noise
added to the images.
Since Brainweb data cannot be used to evaluate intensity based segmentation algorithms that include modelling
of the partial volume effect, we have identified an alternative evaluation methodology. This involves a direct test
of the goodness-of-fit of the model used in the segmentation process to the original image data, and therfore has
advantages in terms of statistical interpretation. It retains the primary advantage of the use of Brainweb simulated
data, namely the removal of any need to generate gold standard segmentations, whilst also removing the need for
an image simulation. Since the evaluation is performed directly on clinical MR, it provides a realistic estimate of
the performance that will be obtained in clinical usage.
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