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a b s t r a c t
In Multiple Sclerosis (MS), detection of T2-hyperintense white matter (WM) lesions on magnetic resonance
imaging (MRI) has become a crucial criterion for diagnosis and predicting prognosis in early disease. Automated lesion detection is not only desirable with regard to time and cost effectiveness but also constitutes
a prerequisite to minimize user bias. Here, we developed and evaluated an algorithm for automated lesion
detection requiring a three-dimensional (3D) gradient echo (GRE) T1-weighted and a FLAIR image at 3
Tesla (T). Our tool determines the three tissue classes of gray matter (GM) and WM as well as cerebrospinal
ﬂuid (CSF) from the T1-weighted image, and, then, the FLAIR intensity distribution of each tissue class in
order to detect outliers, which are interpreted as lesion beliefs. Next, a conservative lesion belief is expanded
toward a liberal lesion belief. To this end, neighboring voxels are analyzed and assigned to lesions under certain conditions. This is done iteratively until no further voxels are assigned to lesions. Herein, the likelihood of
belonging to WM or GM is weighed against the likelihood of belonging to lesions. We evaluated our algorithm in 53 MS patients with different lesion volumes, in 10 patients with posterior fossa lesions, and 18 control subjects that were all scanned at the same 3T scanner (Achieva, Philips, Netherlands). We found good
agreement with lesions determined by manual tracing (R2 values of over 0.93 independent of FLAIR slice
thickness up to 6 mm). These results require validation with data from other protocols based on a conventional FLAIR sequence and a 3D GRE T1-weighted sequence. Yet, we believe that our tool allows fast and reliable segmentation of FLAIR-hyperintense lesions, which might simplify the quantiﬁcation of lesions in basic
research and even clinical trials.
© 2011 Elsevier Inc. All rights reserved.

Introduction
Multiple Sclerosis (MS) is an inﬂammatory demyelinating disease of
the central nervous system that affects over 2.5 million people worldwide and is one of the leading causes of serious neurologic disability
in young adults (Confavreux and Vukusic, 2008; Weiner, 2009). The disease is characterized by unpredictable episodes of clinical relapses and
remissions followed by continuous progression of disability over time
(secondary progressive MS) in most instances (Compston and Coles,
2008; Noseworthy et al., 2000). Demyelinating lesions (plaques) within
cerebral white matter (WM) are the hallmark of MS and its detection
by T2-weighted magnetic resonance imaging (MRI) has become a
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crucial diagnostic criterion (Polman et al., 2011). Moreover, T2hyperintense lesion volume has been demonstrated to correlate with
severity of symptoms, progression of disability and gray-matter (GM)
atrophy (Bendfeldt et al., 2010; Chard et al., 2002; Fisher et al., 2008;
Fisniku et al., 2008). Accordingly, T2-hyperintense lesion volume has
been of interest in basic research and has been determined in most
pivotal trials on disease-modifying drugs since the late nineties
(Ebers, 1998; Jacobs et al., 2000; Kappos, 1998).
Automatization of T2-hyperintense lesion volumetry is desirable
with regard to time and cost effectiveness but also constitutes a prerequisite to minimize user bias. Up to now, a number of algorithms
have been proposed (Table 1) but no gold standard has been established. Therefore, in the vast majority of clinical trials, lesions were
traced manually slice by slice — sometimes with the help of semiautomated tools for contour detection.
Here, we aimed at the development and validation of an automated
algorithm for segmentation of T2-hyperintense WM lesions in MS
based on a T2-weighted ﬂuid-attenuated (FLAIR) and a three-
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Table 1
Studies on automated lesion segmentation in MS.
References in chronological order

Method

Sequences

Validation technique

Number of
patients/
controls

(Van Leemput et al., 2001)
(Ferrari et al., 2003)
(Anbeek et al., 2004)
(Ait-Ali et al., 2005)
(Li et al., 2005)
(Wu et al., 2006)
(Herskovits et al., 2008)
(Khayati et al., 2008)
(Wels et al., 2008)
(Freifeld et al., 2009)

EM alg. with MRF and OD
SVM
KNN
Robust EM, trimmed likelihood estimator and OD
EM alg. with MRF
Supervised KNN classiﬁer
Classiﬁcation statistics based on training data
Adaptive mixture model
Probabilistic boosting tree
Constrained Gaussian mixture model and OD

/
/
/

Automatic multimodal graph cuts

10

/

(Akselrod-Ballin et al., 2009)

Decision forest classiﬁer based on training data

Manual segmentation
Manual segmentation
Manual segmentation
Simulated data (BrainWeb)
Visual inspection
Manual segmentation
Manual segmentation
Manual segmentation
Manual segmentation
Mainly simulated data (BrainWeb)
manual segmentation
Simulated (BrainWeb)
and manual segmentation
Manual segmentation

23
18
19
/
6
6
1
20
6
?

(Garcia-Lorenzo et al., 2009)

T1, T2, PD
T1, T2, FLAIR
T1, T2, PD, FLAIR
T1, T2, PD
T1, T2, FLAIR
T1, T2, PD
T1, T2, FLAIR
FLAIR
T1, T2, FLAIR
T1, T2, PD or
T1, T2, PD, FLAIR
T1, T2, PD

/

(Geremia et al., 2010)

Spatial decision forests

25
16
20

T1, T2, PD
FLAIR
T1, T2, FLAIR

Manual segmentation

/
/
/
/
2
/

/

Note. In two online libraries (http://apps.isiknowledge.com, http://www.ncbi.nlm.nih.gov/), we searched for the combination of the following terms: Multiple Sclerosis, MRI,
automated (or automatic), lesion. The retrieved articles including their references were then studied. alg., algorithm; EM, expectation maximization; KNN, K-nearest neighbor;
MRF, Markov random ﬁeld; OD, outlier detection; SVM, support vector machine.

dimensional (3D) gradient echo (GRE) T1-weighted sequence derived
from a 3 Tesla (T) scanner. Such protocols have increasingly been
used in clinical practice, since evidence suggests superiority of 3 T scanners over those with lower ﬁeld strength (Wattjes and Barkhof, 2009;
Wattjes et al., 2006a) and superiority of FLAIR sequences over conventional T2-weighted sequences (Bakshi et al., 2001; Filippi et al., 1996;
Stevenson et al., 1997; Wattjes et al., 2006b; Woo et al., 2006).
Materials and methods
Subjects
The study was performed in accord with the Helsinki Declaration
of 1975 and approved by the local ethics committee. Beforehand,
written informed consent was obtained from the control subjects to
participate and from the patients to subject their MRI scans, acquired
in routine clinical practice, to scientiﬁc studies.
We obtained MRI scans from 18 control subjects (age in years:
23–58; median, 30; 32.6 ± 10.6), and 52 MS patients (age in years:
23–64; median, 41; 32.6 ± 11.4; EDSS: 0–4; median, 2). Five of the
52 MS patients were also included in another group of 10 MS patients
with posterior fossa lesions according to their medical records (age in
years: 24–64; median, 36; 37.9 ± 13.1; EDSS: 0–4; median, 2).
Magnetic resonance imaging
All brain images were acquired on the same 3 T scanner (Achieva,
Philips, Netherlands). We used a 3D GRE T1-weighted sequence (orientation, 170 contiguous sagittal 1 mm slices; ﬁeld of view,
240 × 240 mm; voxel size, 1.0 × 1.0 × 1.0 mm; repetition time (TR),
9 ms; echo time (TE), 4 ms), and a 3D FLAIR sequence (orientation,
144 contiguous axial 1.5 mm slices; ﬁeld of view, 230 × 185 mm;
voxel size, 1.0 × 1.0 × 1.5 mm; TR,10 4 ms; TE, 140 ms; TI, 2750 ms).
For additional analyses (see Evaluation section), FLAIR images were
also resliced to 3 and 6 mm in axial and sagittal orientations.
Lesion segmentation algorithm
For better understanding, we give a conceptual overview of the
three major steps of our algorithm in this paragraph (Fig. 1). First (for
details see Preprocessing with already available software section), preprocessing is performed with the standard software of SPM8 and its extension VBM8. To surpass smoothing of the individual images by
warping, the algorithm operates in the space of the original T1-

weighted image, i.e. in native space. Each voxel of the individual native
T1-weigted image is assigned to one of the three tissue classes of GM,
WM, or CSF. The FLAIR image is bias-corrected for MR ﬁeld inhomogeneity and coregistered to the T1-weighted image. Since a-priori probability of each voxel of belonging to WM, the tissue class containing the
lesions, is utilized later, the SPM tissue probability map of WM
(TPMWM) is warped into native space. Second (for details see Lesion
belief maps and initialization section), FLAIR intensity distributions
are calculated for each of the three tissue classes to detect FLAIRhyperintense outliers which are further weighed according to their spatial probability of being WM. This results in lesion belief maps (BWM,
BCSF, BGM). Now, the three lesion belief maps are summed up (B). The binary version of the GM lesion belief map is used as a seed, the initial lesion map (Linit). Third (for details see Lesion growing section), the lesion
growth model expands the Linit, a conservative assumption for lesions,
toward the lesion belief map (B), a liberal assumption for lesions. To
this end, neighboring voxels are analyzed and assigned to lesions
under certain conditions. This is done iteratively until no further voxels
are assigned to lesions. Herein, the likelihood of belonging to WM or GM
is weighed against the likelihood of belonging to lesions. Two model parameters had to be set (for details see Determination of the initial
threshold and of the ﬁnal threshold section). The algorithm was programmed in MATLAB (www.mathworks.de/products/matlab/). We
provide a pseudo-code description of our algorithm in Appendix A1
and performance parameters in Appendix A2. In the following subsections, we describe our algorithm in detail. Alternatively, the reader
may continue with the Evaluation section.
Preprocessing with already available software
We use SPM8 (http://www.ﬁl.ion.ucl.ac.uk/spm/) and its VBM8
toolbox (http://dbm.neuro.uni-jena.de/vbm). At option, VBM8 can
provide images of the same modality which are bias-corrected for
MR ﬁeld inhomogeneity either in native space or normalized to MNI
space; further, partial volume estimate (PVE) images (Tohka et al.,
2004) can be generated which are either in native space or normalized to MNI space. In this protocol, images are corrected for biasﬁeld inhomogeneity, registered using linear (12-parameter afﬁne)
and nonlinear transformations, and tissue-classiﬁed into GM, WM,
and CSF within the same generative model (Ashburner and Friston,
2005). This segmentation procedure is further reﬁned by accounting
for partial volume effects (Tohka et al., 2004), by applying adaptive
maximum a posteriori estimations (Rajapakse et al., 1997), and by
applying hidden Markov random ﬁeld (MRF) model (Rajapakse
et al., 1997) as proposed recently (Lüders et al., 2009).
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Lesion Segmentation Algorithm
Preprocessing
with SPM8/VBM8

native space

Bias
cor.

native space

MNI space

Coreg.

native space

Inverse
warping

native space

native space

Initial
lesion map

Calculation of lesion belief maps

thresholding

Lesion
growth model
(2.3.3)

Fig. 1. The ﬂow diagram of the lesion segmentation algorithm is shown. Preprocessing with the standard software of SPM8 and VBM8 is illustrated in the gray box. At ﬁrst, the individual
native T1 image is used to generate a partial volume estimate (PVE) label. To this end, some normalization is necessary. To surpass smoothing of the individual images by warping, the
algorithm operates in native space exclusively. Thus, preprocessing includes the coregistration of FLAIR images to T1 images, PVE label estimation but output in native space, as well as
inverse warping of the white matter (WM) tissue probability map (TPMWM) to native space by the use of the inverse deformation matrix derived from PVE label estimation. Next, FLAIR
intensity distribution is calculated for each of the three tissue classes to detect FLAIR-hyperintense outliers which are further weighed according to their spatial probability of being WM
resulting in belief maps (BWM, BCSF, BGM). Now, the three lesion belief maps are summed up (B). The binary version (threshold κ = 0.3) of the GM lesion belief map is used as initial lesion
map (Linit). Finally, the lesion growth model expands the Linit, a conservative assumption for lesions, toward the lesion belief map (B), a liberal assumption for lesions (see text for details).

For tissue classiﬁcation, the T1-weighted image is used to estimate
a PVE image in which a number in the range between 1 and 3 is
assigned to each voxel. In accordance with image intensity, the

integers (1, 2, 3) stand for CSF, GM and WM, respectively. Values between those integers indicate the partial volume effect. Of note, voxel
values are estimated primarily on the basis of intensity values. Yet a-
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priori (i.e. spatial) information on tissue-classes is used for scalp editing so that some normalization is necessary although our algorithm
only uses the PVE image in native space. For normalization, we
choose the option of low-dimensional warping since visual inspection
of the PVE images, normalized this way, did not yield a single case in
which MS lesions disturbed normalization. Next, the FLAIR image is
bias-corrected by the same routine of VBM8 and coregistered to the
native T1-weighted image by the standard routine of SPM8. Since apriori probability of each voxel belonging to WM, the tissue class containing the lesions, is utilized later, the SPM tissue probability map of
WM (TPMWM) is warped into native space by the use of the inverse
deformation matrix derived from PVE label estimation. We will
refer to this image as native TPMWM.
Lesion belief maps and initialization
By the use of the PVE image, we estimate the distributions of FLAIR
intensity for each tissue class. Of note, we expect lesion voxels to behave as hyperintense outliers from these distributions. Let xi denote
the estimated PVE label of voxel i, we then assign a discrete label zi
to each voxel as follows:
8
< CSF;
zi ¼ GM;
:
WM

if xi b1:5
if 1:5≤ xi b2:5
if xi ≥2:5:

ð1Þ

Next, FLAIR images are scaled via voxel-wise division by the mean
FLAIR intensity of the GM class (zi = GM). Let y = (y1, …, yn) denote
the scaled FLAIR intensities. Further, we denote the means of y
along the three tissue classes by y k , k ∈ {CSF. GM, WM}. The lesion belief value for voxel i represents the amount of hyperintensity in terms
of the distance from the class mean y k weighted by the estimated PVE
label and by the a-priori (i.e. spatial) probability for WM:
þ
bk;i ¼ ðyi −y k Þ  xi  Pr ðzi ¼ WMÞ

Here ðyi − y k Þþ is yi − y k if yi > y k and zero otherwise and Pr(zi =
WM) is the probability that voxel i belongs to WM according to
the native TPMWM. In this way, we obtain lesion belief maps Bk =
{bk1, …, bkn} for all tissue classes k. Voxel values of BGM increase
with (1) a high a-priori (i.e. spatial) probability for WM, (2) medium intensity at T1, and (3) hyperintensity at FLAIR. Hence, increasing BGM
values support the assumption that the respective voxel belongs to a
WM lesion. Similar interpretations can be made for BCSF. Voxel values
of BCSF increase with a high a-priori probability for WM, hypointensity
at T1, and hyperintensity at FLAIR. Hence, increasing BCSF values support
the assumption that the respective voxel belongs to a WM lesion
(“black holes”). Likewise, voxel values of BWM increase with a high apriori probability for WM, hyperintensity at T1, and hyperintensity at
FLAIR. Hence, increasing BWM values support the assumption that the respective voxel belongs to a WM lesion (“dirty WM”). Besides the lesion
belief maps for the three tissue classes, we compute a total lesion belief
map B={b1,…, bn} by summing up the three maps: bi =bCSF,i +bGM,i +
bWM,i.The lesion belief map B can be interpreted as a liberal assumption
of lesion voxels.
The proposed lesion growth algorithm requires initialization, i.e.
seed regions from where the lesions are expanded. Since extensive
preliminary experiments and analyses did not yield lesions without
any part assigned to GM according to the PVE label, we choose BGM
for initialization of lesions after application of the threshold κ so
that we obtain the initial lesion map Linit = {linit, 1, …, linit, n} by
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we investigate the impact κ on the ﬁnal segmentation in the
Evaluation section.
Lesion growing
Now, the lesion growth model expands the Linit, a conservative assumption for lesions, toward the lesion belief map (B), a liberal assumption for lesions. Each voxel in the neighborhood of the
initialized lesions is labeled lesion (Les) or other. This latter class consists of the three main tissue classes CSF, GM and WM. Thus, the discrete label zi for voxel i can be either Les or other. We approximate the
distribution of Les by a gamma distribution with shape and scale parameters α and β, respectively, and the distribution of other by a mixture of three Gaussians:


2
pother ðyi jθÞ ¼ ∑ π k  ϕ yi jμ k ; σ k :
k

In this notation, ϕ stands for the probability density function of the
Gaussian (normal) distribution with mean μk and variance σk2 and πk
is the proportion of the kth class. The vector θ collects the parameters
μk and σk2 for all tissue classes. Since the classiﬁcation of voxel i in respect to the three tissue classes CSF, GM, and WM is known from
Eq. (1), the unknown parameters in θ can be estimated using the
maximum likelihood estimators:
μ^ k ¼

1
∑ y
nk i:zi ¼k i

2
σ^ k ¼

1
2
∑ ðy −μ^ k Þ :
nk −1 i:zi ¼k i

The mixture proportions are estimated by π̂k ¼ nk =n where n is the
total amount of brain voxels that belong to either CSF or GM or WM.
The parameters of the gamma distribution are also estimated by maximum likelihood as it is implemented in the MATLAB function gamﬁt.
Next, we describe the way in which the initialized lesions are allowed
to grow toward the ﬁnal lesion map.
We use an iterated growth algorithm. In each iteration, voxels that
share a common border with a lesion voxel are considered to be a lesion. Instead of accepting or rejecting the proposed value (zi = Les)
the algorithm assigns the following value to the ith voxel:
0
Les
πi

¼ Pr ðzi ¼ LesÞ ¼ min@1;



1
ð
Þ
ð
Þ
pLes yi jα ̂ t−1 ; β̂ t−1  bi
A


pother yi jθ ̂ ðt−1Þ

ð2Þ

linit;i ¼ 1⇔bGM;i > κ:

Here, i stands for indices of voxels with at least one neighbor j
with πjLes > 0. The value bi in Eq. (2) ensures that a lesion could only
grow along those voxels which have a positive lesion belief value.
With other words, lesions are only allowed to grow within our liberal
lesion assumption. After each iteration, the parameters in θ and α and
β are re-estimated. For the estimation of α and β only those voxels
with πiLes ≥ 0.5 are considered. Likewise, the updating of θ̂ is based
on voxels with πiLes b 0.5. For initialized lesion voxels, we set πiLes = 1.
The algorithm stops when no more voxels with πiLes > 0.01 are observed. This results in a lesion probability map. Next, we expand our
algorithm by incorporation of the information of neighboring voxels.
Assuming that a voxel, which is completely surrounded by lesion
voxels, is more likely to be part of a lesion than of the other classes,
we utilize a MRF. We will brieﬂy summarize the important aspects
of MRFs that have been extensively reviewed elsewhere (Winkler,
2003). In a random ﬁeld, the labels z = (z1, …, zn) are viewed as a realization of a collection of random variables Z = (Z1, …, Zn) in which
each random variable has the domain L, or L = {Les, other} in this
case. Z is a MRF if the following two conditions are met

This map can be interpreted as a conservative assumption of lesion voxels. Since the choice of the threshold κ is potentially critical,

1. p(z) > 0 for all possible realizations z,
2. p(zi|z|zi) = p(zi|zNi)
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While the ﬁrst assumption is required for technical reasons, the
second states that the probability of zi, given all other labels, depends
only on voxels that are in the neighborhood Ni of zi. Here, zNi is the set
of voxels that are in the neighborhood Ni, zNi = {zi′|i′ ∈ Ni}. According
to the Hammersley–Clifford-Theorem (Hammersley and Clifford,
1971), a MRF is equivalent to a Gibbs Random Field. Thus, its distribution follows a Gibbs distribution and the conditional distribution
of zi for a given neighborhood can be written as


p zi jzNi ¼

n

o
exp −U zi jzNi
n

o :
∑k∈L exp −U kjzNi

ð3Þ

Here, U(k|zNi) is the so-called energy function that is primarily
responsible for the resulting segmentation. One simple choice for
this energy function leads to the Ising model that has been extensively studied in the context of brain image segmentation by others
(Zhang et al., 2001; Woolrich et al., 2005):




U kjzNi ¼ φ ∑ I zj ≠zi
j∈Ni

ð4Þ

in which I(a) is the indicator function that is 1 if statement a is true
and 0 otherwise. This energy function favors the segmentation of
voxel i as a lesion if more voxels in Ni are already marked as a lesion.
Instead of discrete labels the proposed algorithm produces values
π1Les, …, πnLes in the interval [0,1]. Thus, integration of energy function
(4) in our algorithm would require another threshold to produce a binary lesion map. To address this problem, we modify energy function
(4) by using the probabilities of the neighboring voxels instead of the
discrete labels:




Les Les
Les
U π i jπNi ¼ φ ∑ 1−πj :
j∈N i

ð5Þ

We follow the choice of others (Khayati et al., 2008; Li et al., 2005;
Zhang et al., 2001) and choose φ = 1. To include the MRF in the lesion
growth model, we use Eq. (3) as additional information and expand
Eq. (2) to
0
Les
πi ¼

min@1;





1
ðt−1Þ
ðt−1Þ
Les
 bi  exp −∑j∈Ni 1−πj
pLes yi jα ̂
; β̂
A:




pother yi jθ̂ ðt−1Þ  exp −∑j∈Ni π Les
j

Determination of the initial threshold and of the ﬁnal threshold
The initial threshold κ is a cutoff that produces the initial lesion
map, Linit, from the GM lesion belief map, BGM (see Preprocessing
with already available software section). In detail, values near
0 imply many voxels (all voxels of GM with a TPMWM value over
0 and with a FLAIR intensity value above GM average) whereas
values around 1 imply a very conservative initialization. We tested
the images of all patients with values of κ ranging from 0.05 to
0.95 with an increment of 0.05 (Fig. 2A). Applying values below 0.1
led to identiﬁcation cortical hyperintensities which are inherent to
FLAIR images whereas lesions were missed at values above 0.8. In
conclusion, the effect of different κ values seemed to be limited in
the range from 0.1 to 0.8. Yet, we analyzed the inﬂuence of κ on
the agreement with manual segmentation (see Evaluation section)
as measured with the Dice coefﬁcient (DC). As shown in Fig. 2A,
there is a plateau of DC values for κ values between 0.25 and 0.4.
Eventually, we choose the value of 0.3 for κ, as it goes along with
the greatest mean, the greatest minimum and the smallest bandwidth of DCs.
To enable comparison with manual segmentation (see Evaluation
section), the lesion probability maps must be transformed into binary
maps. To this end, we chose the threshold of 1.00. The distribution of

all voxels with lesion probability greater than 0 across all subjects
(Fig. 2B) strongly suggested this threshold since there was a sharp increase in frequency of voxel values in the range from >0.95 to ≤1.00
compared to voxel values in the range from >0.90 to ≤0.95; further,
of the latter class, 99.65% of the voxel values were 1.00.
Evaluation
Since no gold standard for segmentation of T2-hyperintense lesions exists, we compared our algorithm with a semi-automatic manual tracing pipeline, which is based on commercially available
software (Amira 5.3.3, Visage Imaging, Inc.) and which has been
applied for basic research studies (Bendfeldt et al., 2010) and clinical
trials (Li et al., 2006). At ﬁrst, the manual segmentation was independently performed by two investigators, who were blinded to the
study group. Then, a difference image of the two binary lesion maps
was generated for each subject and both experts together decided
which differences were assigned to lesions or not.
We performed a correlation and regression analysis to compare
the volumetric agreement between automated and manual segmentation. For better estimation of intercept, slope, and R2, we included
the data of our control subjects. Since 3D acquisition of FLAIR sequences has not been used commonly, we repeated estimation of
R2 after reslicing of the FLAIR images to 3 and 6 mm slice thickness
in sagittal and axial orientations, respectively.
To determine agreement between automatic and manual segmentation, we used standard validation techniques (Anbeek et al.,
2004; Ashburner and Friston, 2005). We extracted the true positives (TP) and true negatives (TN) as well as the false positives
(FP) and false negatives (FN). Then, we calculated the similarity
measures of sensitivity (SE), SE = TP/(TP + FN), speciﬁcity (SP),
SP = TN/(TN + FP), and accuracy (AC), AC = (TN + TP)/(TN + TP +
FP + FN). Furthermore, we calculated the Dice coefﬁcient (DC),
which equally weighed the number of false negatives and false
positives without accounting for true negatives (Dice, 1945;
Zijdenbos et al., 1994):
DC ¼

2⋅TP
:
2⋅TP þ FP þ FN

All of these similarity measures have values between 0 and 1 with
higher values indicating better quality.
Moreover, we analyzed a group of 10 MS patients with posterior
fossa lesions and 18 control subjects.
Results
Based on T1-weighted and FLAIR images, T2-hyperintense WM
lesions were segmented. Correlation analysis of lesion volumes (52
MS patients and 18 control subjects) derived from automated segmentation with those derived from manual tracing yielded excellent
results with R2 values greater than 0.93 irrespective of orientation
and slice thickness of the FLAIR sequence (Fig. 3, 3 mm slice thickness not shown). The slope of the regression line of 0.948 did
not differ signiﬁcantly from 1.0 (95% conﬁdence interval, 0.892 to
1.004) and the intercept of −0.154 not from 0 (95% conﬁdence
interval, −1.04 to 0.732). Moreover, a high degree of agreement between manual tracing and automated segmentation was demonstrated with regard to sensitivity, speciﬁcity, accuracy, and DC
(Table 2). To further evaluate differences between both methods
with respect to size and location of the lesions, we determined the
DC in the 52 MS patients and related them to the lesion volume indicating decreasing DCs with decreasing lesion volume (Fig. 4).
However, in the patient group, 71% (n = 37) showed an excellent
DC of greater than 0.7 (see Fig. 5 for 2 examples). Of the remaining
29% (n = 15), 10% (n = 5) had a DC below 0.6. Of the latter, the
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Parameters of the lesion growth algorithm
B

Frequency

Dice coefficient

A

Initial threshold κ

Segmented lesion probability

Fig. 2. Parameters of the lesion growth algorithm are shown. In Panel A, scatter plots of Dice coefﬁcients from all patients over different initial thresholds κ are shown. The κ value of
0.3 goes along with Dice coefﬁcients that show the greatest mean, greatest minimum, and smallest bandwidth. Panel B shows a histogram of the lesion probabilities of all voxels
greater zero across all subjects. Note that 99.65% of the voxels in the range from >0.95 to ≤1.00 as represented by the right bar were 1.00 so that we chose the threshold of 1.00.

Discussion

lowest DC observed was 0.46 (Fig. 6, Panel A) and the highest lesion
volume 13.44 ml (Fig. 6, Panel B). Analysis of posterior fossa lesions
from 10 MS patients yielded that our algorithm detected 11 of 13
posterior fossa lesions and 85% of the lesion volume (overall sensitivity, 0.85; overall DC, 0.94) but no false positive lesions. In the control group, hyperintense foci volume ranged from 0.0 to 1.53 ml
(0.25-Quantil, 0.029 ml; median, 0.058 ml; 0.75-quantil, 0.176 ml)
and was almost exclusively limited to anterior and posterior periventricular capping, as well as septal hyperintensity as illustrated
by the images of the control subject with the highest hyperintense
foci volume (Fig. 6, Panel C).

We developed and evaluated an algorithm for automated segmentation of T2-hyperintense lesions in MS. We will review the strategy
of our algorithm, assess the results of its evaluation, and, ﬁnally, speculate on its potential opportunities.
Our algorithm (Fig. 1) requires high-resolution T1-weighted images, which have been regarded most suitable for VBM (Ashburner
and Friston, 2000) and which have become broadly available not
only in neuroimaging research but also in clinical practice. It also requires FLAIR images, which have increasingly been used in MRI
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Manual Lesion Segmentation
At Different Slice Thickness
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Fig. 3. Manually traced lesion volumes are plotted over automatically segmented lesion volumes at different orientations and slice thickness of the FLAIR sequence. Data from 52 MS
patients and 18 control subjects are included. The respective R2 values are given.
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Table 2
Statistics of similarity between automated segmentation and manual tracing derived from 53 MS patients.
Lesion
volume

Sensitivity
TP / (TP + FN)

Speciﬁcity
TN / (TN + FP)

Accuracy
(TN + TP) / (TN + TP + FN + FP)

Dice coefﬁcient
2TP / (2TP + FP + FN)

(ml)
b5
5–10
10–15
>15
Total

(min. mean max.)
0.4289 0.7332 0.9673
0.3889 0.7592 0.9497
0.7359 0.8870 0.9655
0.9012 0.9494 0.9841
0.3889 0.8033 0.9841

(min. mean max.)
0.9997 0.9999 1.0000
0.9994 0.9998 1.0000
0.9991 0.9996 0.9999
0.9990 0.9994 0.9997
0.9990 0.9997 1.0000

(min. mean max.)
0.9995 0.9998 1.0000
0.9990 0.9995 0.9999
0.9986 0.9993 0.9997
0.9990 0.9993 0.9997
0.9986 0.9995 1.0000

(min. mean max.)
0.4658 0.6665 0.8025
0.5243 0.7594 0.8910
0.6738 0.8157 0.8727
0.7838 0.8498 0.9253
0.4658 0.7531 0.9253

Note. FN, false negative; FP, false positive; min., minimum; max., maximum; TN, true negative; TP, true positive.

protocols for MS patients (Filippi et al., 1996; Stevenson et al., 1997;
Wattjes et al., 2006b). Further, T1-weighted images were based on a
GRE sequence as commonly applied at 3 T. In preliminary experiments, we failed to establish a robust segmentation of MS lesions
from a single sequence since the algorithms applied attributed a considerable number of voxels to the lesion compartment in any case
which resulted in tremendous false positive misclassiﬁcation of voxels to the lesion class especially in patients with low lesion volume
and also in control subjects. Inspired by van Leemput et al. (Van
Leemput et al., 2001), we surpassed lesion misclassiﬁcation by incorporating two sequences in our algorithm. At ﬁrst, we assigned all voxels to one of the three tissue classes of GM, WM, and CSF by the use of
PVE labels derived from T1-weighted images, then, estimated the distribution of FLAIR intensities for each tissue class separately, and, ﬁnally, detected FLAIR hyperintense outliers within each tissue class.
This way, the number of voxels correctly assigned to lesions can
vary from zero to large values. To account for variable intensity within FLAIR images with regard to both normal tissue and lesions, we
created an iterative algorithm that expanded the lesion belief from a
conservative assumption toward a liberal assumption by voxel-wise
weighed the likelihood of belonging to gray or white matter against
the likelihood of belonging to lesions. Further, a hidden MRF segmentation model as well as a priori knowledge on WM location was

Dice Coefficients
Over Lesion Volumes
(52 MS Patients)
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Fig. 4. Dice coefﬁcients (DCs) of 52 patients are plotted over lesion volumes derived
from manual tracing. The points indicated by numbered arrows correspond to Panels
of Figs. 5 and 6.

incorporated. It may seem surprising that our algorithm starts with
the binary lesion belief map derived from the GM tissue class since
this implies the assumption of, at least, some T1-hypointense voxels
within every lesion. In contrast, evidence suggests that not all T2hyperintense MS lesions are T1-hypointense (Bagnato et al., 2003;
Sahraian et al., 2010). However, respective studies on these T1hypointense lesions, also called black (or dark) holes, have almost exclusively been performed at ﬁeld strengths of up to 1.5 T with turbo
spin echo sequences whereas we applied a GRE sequence at 3 T and
did not observe lesions without a T1-hypointense part. Of note, the
initial lesion estimate is allowed to expand toward voxels, which
are not T1-hypointense so that a lesion must only display a T1hypointense part rather than complete T1-hypointensity. Based on
our experience of possibly tremendous misclassiﬁcation particularly
in patients with low lesion volume, we also evaluated our algorithm
with real data including control subjects, and patients with lesion volumes ranging from low to high.
Intriguingly, evaluation of an algorithm on MS lesion segmentation is hampered by the lack of a commonly accepted gold standard
so that we compared the results derived from our algorithm with
those derived from manual tracing by the use of a contour detection
tool as suggested by others (Bendfeldt et al., 2010; Li et al., 2006).
Mere correlation analyses of both methods showed excellent results
(Fig. 3). The high R2 value indicates that both results share more
than 93% of their variability. Furthermore, neither the slope differed
signiﬁcantly from 1 nor the intercept from zero suggesting that the lesion extent determined by our algorithm largely resembles what an
experienced examiner assigns to be a lesion. Yet mere correlation
measures of global lesion volumes are insufﬁcient for evaluation
since they measure association of overall volume but not spatial
agreement (Bartko, 1991). Therefore, we calculated the standard validation parameters of sensitivity, speciﬁcity, accuracy, and Dice coefﬁcient (Table 2). Of note, the validation parameters as determined
here are based on volumes, i.e. 3D data, so that they may seem to understate the quality of our algorithm. For example, since lesion borders are often fuzzy, it is well conceivable that the radius of a small
lesion is measured to be 3 mm by the algorithm under investigation
and 4 mm by the algorithm taken as the gold standard resulting in a
sensitivity of 0.42 (3 3/4 3). This value nearly equals the lowest sensitivity measured in our patients (0.43); hence, sensitivity of our algorithm can be regarded to be very good. On the other hand, the
measures of speciﬁcity and accuracy are excellent with regard to
the mere numbers but still of little value since these parameters are
strongly inﬂuenced by the number of true negatives, which is inherently very large as is the volume of the whole brain compared to
the lesion volume. Only the DC equally weighed the number of false
positives and false negatives without accounting for the absolute
number of true negatives so that this similarity measure seems
most suitable to evaluate the overall quality of our lesion segmentation algorithm. Nevertheless, the DC has two limitations. 1) In our
study, DC determination becomes more critical with decreasing lesion volume which was also reported by others (Anbeek et al.,
2004; Wu et al., 2006). This is well conceivable assuming that lesion
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Lesion Segmentation –Examples of 2 MS Patients
B

A

Lesion volumes (ml):
manual

4.8

17.7

automated

4.1

14.7

0.73

0.80

Dice coefficients:

Fig. 5. Exemplary lesion segmentation is displayed from two MS patients with Dice coefﬁcients over 0.7 (Panels A and B). Two axial slices are shown for each patient (upper row,
FLAIR images; middle row, lesion maps; lower row, T1-weighted images). Panel letters correspond to arrows in Fig. 4. Lesion volumes and Dice coefﬁcients are given at the bottom.

borders are determined with equal absolute errors irrespective of lesion size. This is likely to apply for our algorithm and, possibly even
more so, for manual tracing (Woo et al., 2006) as also illustrated by
our outlier patients (arrows in Fig. 4, Panels A and B of Fig. 6) in
whom low DC values result from both false positives and false negatives. Further, in the extreme case, in which no lesion exists and no lesion is detected, as was the case in 1 of our 18 control subjects, the DC
is not even deﬁned (division by zero), although the result is perfect.
2) Apart from the fact that higher DC values imply better agreement,
no commonly accepted rules on the interpretation of the DC exist.
Some authors regard DC values over 0.7 as “excellent” (Anbeek et
al., 2004; Bartko, 1991) others regard DC values over 0.4 as “moderate”, over 0.6 as “substantial”, and over 0.8 as “almost perfect”
(Landis and Koch, 1977) while others emphasize that “conventional
interpretative guidelines” may be misleading as DC values “obtained
from samples with different base rates may not be comparable”
(Uebersax, 1987). In addition, we evaluated our algorithm separately
with regard to lesions in the posterior fossa because two studies
found FLAIR imaging to be less sensitive here (Filippi et al., 1996;
Stevenson et al., 1997). Although this ﬁnding lacked signiﬁcance in
a later study at 3 T (Wattjes et al., 2006b), we speculated that difﬁculties in detecting posterior fossa lesions could come more into play

when applying an automated tool which was the case to some degree
as 2 of 13 lesions were missed. Yet our patients with posterior fossa
lesions were selected according to their medical records which were
also based on conventional T2-weighted images. Our examiners
may have detected posterior fossa lesions more easily at FLAIR images
knowing that lesions are likely to exist. Hence, sensitivity values for
posterior fossa lesions possibly reﬂect lower sensitivity of FLAIR compared to conventional T2-weighted sequences to some degree. Moreover, we applied our algorithm in 18 control subjects. Here, the
hyperintensities identiﬁed were almost exclusively limited to anterior and posterior periventricular capping, as well as septal hyperintensity. These results are well in accordance with a study on normal
ﬁndings on FLAIR images at 3 T (Neema et al., 2009). In conclusion,
our degree of agreement with manual tracing is remarkably good
given that most DC values exceeded 0.7, that the DC values below
0.6 were observed almost exclusively in patients with low lesion volume, that most posterior fossa lesions were detected, and that no
misclassiﬁcation occurred in control subjects.
Finally, we repeated our evaluation analyses with the same images
after reslicing of the FLAIR images to larger slice thickness at different
orientations, since 3D FLAIR sequences have not been broadly established. This yielded highly comparable R2 values. These results
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Outliers
A

B

C

automated

manual

automated

MS patients
Lesion volumes(ml)
manual
automated
Dice coefficients

0.7
1.5
0.47

Healthy control
with the highest
hyperintense foci
volume of 1.5ml

13.4
6.5
0.52

Fig. 6. Outliers of lesion segmentation are shown. Panel letters correspond to arrows in Fig. 4. Panel A shows the patient with the lowest Dice coefﬁcient (DC), which results from
posterior periventricular lesions detected by automated segmentation but not by manual tracing. Panel B shows the patient with the highest lesion volume among those with a DC
below 0.6; the lesion volume results from many lesions, of which the manually segmented lesions appear to be larger. Panel C shows the control subject with the highest hyperintense foci volume which is restricted to anterior periventricular capping and septal hyperintensity. Lesion volumes and Dice coefﬁcients are given at the bottom.

suggest that our algorithm may also operate well on data derived
from protocols of other 3 T scanners based on a 3D GRE T1weighted and a conventional FLAIR sequence. In this way, our tool
may help to eventually take advantage of modern MRI protocols for
MS patients in basic research and even clinical trials. However,
these potential opportunities require validation with data from
other protocols based on a conventional FLAIR sequence and a 3D
GRE T1-weighted sequence at 3 T. Currently, we are programming
an SPM toolbox of our algorithm, including the opportunity to adapt
κ, which will be freely available to the scientiﬁc community.
In summary, we have developed a promising tool for automated
detection of T2-hyperintense lesions in MS based on a modern 3 T
MRI protocol including a 3D GRE T1-weighted and a FLAIR sequence.

Appendix A1. Pseudo-code description of the lesion
growth algorithm

L ¼ Linit
DO WHILE stopping criterion not satisfied
FOR all voxels i with πiLes = 0 that have at least one voxel in
their neighborhood Ni with πjLes > 0, j ∈ Ni
0
Les
πi

Disclosure statement

¼ min@1;





1
^ ðt−1Þ ; β ̂ ðt−1Þ  bi  exp −∑j∈N 1−πLes
pLes y i jα
j
i
A




pother y i jθ̂ ðt−1Þ  exp −∑j∈N i π Les
j

END FOR
^ α
^
^ and β
UPDATE θ,
UPDATE stopping criterion
END DO
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B:
yi:

lesion belief map with values bi, i = 1, …, n (Lesion belief
maps and initialization section)
normalized FLAIR intensity of voxel i (Lesion belief maps
and initialization section)
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pLes:

gamma probability density function for the lesion class
with shape and scale parameters alpha and beta, respectively (Lesion growing section)
pother:
mixture of three Gaussians for the other tissue classes
(CSF, GM and WM) with parameter vector θ = {μCSF , μGM ,
2
2
2
μWM, σCSF
, σGM
, σWM
} (Lesion growing section)
Linit:
initialized lesion map (Lesion belief maps and initialization
section)
L:
lesion probability map with values πiLes, i = 1, …, n
Ni:
ﬁrst order neighborhood of voxel i
Stopping criterion: maximal number of iterations or greatest new lesion probability b0.01.

Appendix A2. Performance parameters
The algorithm performs well on a computer with a 3.2 GHz processor and 8 GB RAM. Preprocessing by SPM8 and VBM8 takes
about 10 min, the lesion growth algorithm another 2–3 min depending on the number of iterations. In our analysis, the median number of
iterations was 16, the maximum 50. We assume that performance is
similar on computers with less memory capacity and processing
power. However, we recommend the use of at least 2 GB RAM.
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