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ABSTRACT
Multiple Sclerosis lesion classifiers are usually based in
anatomical Magnetic Resonance Imaging intensity features.
The intensity overlap between lesions and healthy brain
tissues results in a low sensitivity and specificity lesion
segmentation. We propose a new, extended classifier feature
space that is based in spatial locations, the intensity of which
is abnormal when compared to the expected values in a
healthy population. Validation on the new feature space
shows an improvement in both sensitivity and specificity in
lesion segmentation.
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1. INTRODUCTION
A widely used approach for MS lesion segmentation
involves modeling the distribution of intensities in healthy
brain MRI as a Gaussian Mixture Model (GMM) and then
segmenting lesions as outliers of this model. Van Leemput
[1] pioneered this strategy by introducing typicality weights
for each voxel and class as well as intensity and contextual
constraints to segment MS lesions as outliers.
Lesion and normal tissue MRI-derived intensity values
overlap, thus making the MRI-derived intensity feature
space a poor choice for discriminating brain tissue types in
the case of MS patients. Despite these limitations, all
proposed classifiers for MS rely on this kind of feature
space. Since MRI-derived intensity features are sensitive,
but not specific to MS lesions, brain tissue classifier results
are affected by an increased number of lesion false positives.
Several approaches have been proposed to mitigate this
phenomenon. Algorithms modeling lesions as intensity
outliers as in [1], apply a set of ad hoc neighboring rules to
reject those voxels classified as outliers, but which do not
correspond to MS lesions. In [2], the classifier feature space
is extended with a distance map generated from an
anatomical template. Although this approach reduces the
number of false positives; it is also sensitive to
misregistration error that may exist between the anatomical
template and the MS patient. In a similar way, Shiee et al.
[3] propose the use of a topological atlas to infer brain
regions where lesions are more likely to occur within the
classifier. More recently, Geremia et al. [4] applied a multichannel and context-rich random forest classification that
also makes use of a discriminative symmetry feature.

In this paper, we propose a novel, multichannel local
characterization of MS lesions based on a voxel-level
intensity profile across a set of MRI scans. In contrast to the
classical approach where lesions are characterized by their
intensity distribution along the brain; our new MS lesion
model aims to distinguish locations in the brain with an
abnormal intensity level as compared to the expected value
in the same location in a healthy subject population. To
incorporate this knowledge into a tissue brain classifier, we
propose a novel feature space created by extending the
common intensity classifier feature space using a measure of
the typicality of a brain location intensity value. This is
accomplished by comparing, voxel-by-voxel, the intensity
level in a MS patient with the expected level in a set of
healthy subjects by means of the Mahalanobis distance. We
evaluate the specificity and sensitivity of this new, extended
feature space with a set of clinical images provided by the
MS Challenge segmentation at MICCAI08 database which
shows that the proposed MS lesion characterization enables
an improved discrimination among tissues when compared
to the original intensity feature space.
2. METHODS
2.1. Overview
We propose a novel approach to local MS lesion
characterization for segmenting MS patients brain MRI. Our
goal is to take aligned T1w, T2w, and FLAIR MR images of
an MS patient, detect voxels with an abnormal intensity
level when compared to the expected value in a population
of healthy subjects.
Our algorithm starts with a library of MRI images
representing typical healthy subjects comparable in age to
the study subject. Each reference subject image is then
registered to the MS patient being segmented. Because MR
image intensity varies from scan to scan due to the MRI
acquisition process, intensity levels from each reference
subject were normalized to match the intensity distribution
in the MS patient. Finally, intensity levels between the study
subject and the reference population were compared, voxelby-voxel, by means of the Mahalanobis distance.
The local comparison between the study subject and a
reference population of intensity values yields a
measurement of the MS subject voxel intensity typicality
that outlines brain locations with an unexpected intensity
value such as MS lesions.

2.2 Reference Healthy Population Data
To evaluate the typicality of voxel intensity value from
an MS subject, a group of 15 volunteers was used as the
normal reference database.
The data from volunteers were acquired on a 3T
clinical MR scanner from GE Medical Systems (Waukesha,
WI, USA) using an 8-channel receiver head coil. For the
reference database, MR scans were acquired using three
different pulse sequences: a T1-weighted MPRAGE
(Magnetization Prepared Rapid Acquisition Gradient Echo)
sequence; a T2-weighted scan from an FSE (Fast Spin Echo)
sequence; and a FLAIR scan, also run with an FSE
sequence. The T1w sequence was axially acquired; T2w and
FLAIR sequences were sagitally acquired. All sequences
were acquired with a matrix size of 256x256 and a field of
view of 28 cm. Slice thickness was 1.3 mm for the T1wMPRAGE sequence; 1 mm for the T2w-FSE sequence; and
2 mm for the FLAIR-FSE sequence. The MPRAGE
parameters were TR 10/TE 6 ms with a flip angle of 8. For
the FSE, the paramenters were TR 3000/TE 140 ms with a
train length of 15.
After the volunteer was scanned, T2w and FLAIR
images were aligned to the T1w scan. In addition, all
acquired MR images were re-oriented to an axial orientation
and then the intra-crainial l volume was manually segmented
by a radiologist.
2.3 Healthy Population Non-Rigid Registration
To evaluate a voxel's intensity value typicality, both the
study subject and the reference database have to be aligned
to the same reference space. Due to anatomical variability
among subjects and the presence of MS lesions, a robust,
block-matching based non-linear registration was used; this
method extended the rigid registration algorithm proposed
by [5].
The registration algorithm follows an iterative
framework using a multi-resolution scheme. At each
iteration i, pairings are computed between the images using
Block-Matching. A correction displacement field δT is then
interpolated from the sparse pairings Ui using the similarity
values of the pairings as confidence parameters. An outlier
rejection is then performed by comparing δT and Ui. If the
norm of their difference is greater than an automatically
defined threshold, then the pairing is considered an outlier
and removed. A correction is then computed from the
remaining pairings and composed with the current estimate
of the transformation.
2.4 Intensity Normalization
MR image intensity varies from scan to scan due to
variation in the physical state of the scanner hardware,

interactions between the detector and the patient's body and
pulse sequence parameters. This variability makes direct
comparison of intensity levels among scans unfeasible.
Because of the anatomical abnormalities (MS lesions)
present in the scans we want to normalize, an algorithm that
does not rely on any pre specified model was chosen. To this
purpose, we used the intensity normalization method
proposed in [6]. Weisenfeld et al. developed a novel
approach for normalizing the intensities within an image to
best match a supplied histogram model, which can be
generated by any representative subject, allowing to proceed
without assumptions about the shape of the histogram or the
specific contribution of a given class of tissue.
For our purposes, a histogram model was provided to
the intensity normalization algorithm for each of the MR
modalities (T1w, T2w and FLAIR) from the MS patient.
Finally, intensity levels from each reference subject will be
normalized to match the given histogram model.
2.5 Classifier Extended Feature Space Generation
Once the scans from the healthy reference dataset were
aligned to the MS subject, and their intensity levels were
normalized, a voxel-by-voxel comparison of the intensity
levels between the subject under study and the reference
population was performed. Intensity similarity was evaluated
by means of the Mahalanobis distance [7].
Mahalanobis distance is a measure between two data
points in the space defined by relevant features. Since it
accounts for unequal variances as well as correlations
between features; it will adequately evaluate the distance by
assigning different weights or importance factors to the
features of data points. This weighting will assign
components with high variability less weight than
components with low variability. The Mahalanobis distance
is written as:

Equation 1: Mahalanobis distance

where xi is a vector composed by the MS subject, T1w,
T2w, and FLAIR scans intensity values at voxel i, μi is the
mean intensity vector at the healthy reference population,
and Σi is the healthy population intensity covariance matrix
at the location of voxel i. An image based on this equation
is depicted in Figure 1.
3. VALIDATION
To evaluate the performance of this novel extended feature
space, training subjects from the MS MICCAI 2008
database were used. The training database consists of 20
subjects provided by the University of North Carolina at
Chapel Hill (UNC) and Children's Hospital Boston (CHB).
For all subjects, the database contains a T1w, a T2w, and a
FLAIR scan as well as manual lesion segmentation. All

scans were re-oriented to axial orientation. The T2w and
FLAIR scans were rigidly registered to the corresponding
T1w image. Finally, scans were resliced at 0.5x0.5x0.5 mm
resolution with cubic spline interpolation.

Figure 1: Demonstration of the proposed extended feature space.
From left to right: T1w scan, T2w scan, FLAIR scan, and
Mahalanobis distance map. Notice how higher values in the
Mahalanobis distance map correspond with MS lesions (hyper- or
hypo-intensity voxels in anatomical MRI).

To evaluate the assumption of MS lesion intensity
values being outliers from healthy tissue, 11 randomly
chosen CHB subjects were semi-automatically classified
into CSF, GM, WM and MS lesion categories by using a
manually trained kNN. The resulting segmentations were
manually corrected for tissue misclassification. Next, for
each of the 11 subjects, the Mahalanobis distance map was
calculated, voxel-by-voxel, using Equation 1, where xi is a
vector composed by the T1w, T2w, and FLAIR intensity
values at voxel i; μGM and ΣGM is the mean intensity value;
and the intensity covariance matrix for GM in the intensity
space is defined by T1w, T2w and FLAIR scans. MS lesions
were defined as locations in the brain where the intensity
level surpassed a Mahalanobis distance of 1.4 when
compared to the estimated GM intensity distribution. The
estimated MS lesion mask was compared to the lesion
manual segmentation to calculate the number of True
Positives (TP), False Positives (FP), True Negatives (TN),
and False Negatives (FN) obtained. Last, the quality of the
estimated MS lesion segmentation was evaluated by means
of sensitivity and specificity, as reported in Figure 2.
MS lesion sensitivity, specificity of the intensity, and
extended feature spaces were assessed for each subject
included within the training set from the MS Grand
Challenge database by using the full-knowledge of MS
lesion intensity distribution provided by the available
manual lesion segmentation. To this purpose end, for each of
the subjects, both lesion and healthy tissue posterior
probabilities were estimated from intensity histograms
derived from the T1w, T2w, and FLAIR (in the case of the
intensity feature space); T1w, T2w, FLAIR, and
Mahalanobis distance map (in the case of the extended
feature space); and from the tissue class for a given voxel's
location obtained from the MS lesion manual segmentation.
These composite histograms represent the number of times a
given feature vector was both labeled as a lesion and not
labeled as a lesion. Using the Bayes optimal decision
boundary on the histograms, the number of MS lesion TP,

TN, FP and FN were estimated. Figure 3 and Figure 4
reports sensitivity and specificity as well as PPV and FDR
values for each patient when the intensity feature space or
the extended version were used.

Figure 2: Intensity outliers MS lesion classification sensitivity and
specificity values.

4. DISCUSSION
Although MRI intensities is the feature of choice in
classifying brain tissue, the obvious overlap between lesions
and healthy tissue intensity values in MS patients raises the
question of whether a classifier feature space constituted by
anatomical MRI (T1w, T2w, and FLAIR) intensities is the
most appropriate choice for this task. By using the optimal
Bayes decision boundary, a full understanding of lesions and
healthy tissue intensity distribution can be achieved. This
forms the basis upon which intensity values are inspected
and precise MS lesion segmentations are obtained. (Figure 4
reports an average PPV of 0.98±0.02 and 0.86±0.05
respectively for the CHB and UNC sets). Tissue intensity
values, however, are not sensitive enough to detect the full
extent of MS lesion volume. (Figure 3 reports an average
sensitivity value of 0.64±0.19 and 0.42±0.13 respectively
for the CHB and UNC training sets). The lack of MS lesion
sensitivity reported by the optimal Bayes classifier clearly
reflects the overlap between lesion and healthy tissue
intensity values.
In spite of the low MS lesion sensitivity reported by
intensity based classifiers, one of the most popular MS brain
segmentation strategies consists of modeling lesions as
outliers when compared to the expected GM intensity
distribution [1]. By applying this strategy we were able to
show a lack of sensitivity (Figure 2 reports a mean
sensitivity value of 0.51±0.30), effectively establishing that
almost half of MS lesion voxels have an intensity level
below the threshold at which outliers are typically defined.
Clearly, this approach fails to detect the entire extent of the
disease burden. Moreover, because of the intensity overlap
that exists among brain tissues, over 90% of voxels labeled
as lesions correspond to healthy tissue whose intensity is
also over the defined threshold. (Figure 2 reports a mean
specificity of 0.08±0.04).

Commonly, intensity-based MS lesion segmentation
methods try to overcome low sensitivity and specificity by
limiting the extent of lesions that appear in the WM.
However, this strategy requires the use of anatomical
templates that are sensitive to alignment error between the
template and the MS patient, and/or post-processing steps
based on experimentally tuned morphological operators,
connectivity rules, size thresholds, etc. As an additional
limitation, these steps often have to be re-tuned and tailored
to each subject, which is time-consuming and inefficient.
Instead, our approach to MS brain tissue segmentation does
not rely on prior anatomical information or ad-hoc rules but
rather on mimicking the manual segmentation of MS lesions,
effectively producing a highly novel tool by which locations
in the brain with abnormal intensity levels may be identified
and easily compared to values expected in a healthy
population.
In summary, our new extended feature space allows to
achieve optimal MS segmentation beyond what is typically
obtained solely by evaluating MRI intensity features.
Further, with this technique, we have shown quantifiable
improvements in sensitivity. (Figure 3 reports an average
sensitivity of 0.65±0.19 and 0.51±0.19 for the CHB and
UNC datasets respectively.) We have also made significant
improvements in the specificity of the resulting
segmentation. (Figure 4 reports an average PPV of
99.36±0.94 and 94.14±5.67 for the CHB and UNC
datasets).
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space results. Consistently along all the subjects, the extended
feature space allows to obtain improve the sensitivity and
specificity of MS lesion segmentation.

Figure 4: MS lesion PPV and FDR values. Reported in blue are
intensity feature space results; in orange, the extended feature
space results. It is obvious that the extended feature space allows
the radiologist to obtain a much more precise MS lesion
segmentation.
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Figure 3: MS lesion sensitivity and specificity values. Reported in
blue intensity feature space results; in orange the extended feature

