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Abstract.  We describe a fully automated method for tissue classi cation, which is
the segmentation into cerebral gray matter (GM), cerebral white matter (WM) , and
cerebral spinal uid (CSF), and intensity non-uniformity (INU) correction in brain
magnetic resonance imaging (MRI) volumes. It combines supervised MRI modality
speci ¢ discriminative modeling and unsupervised statistical expectation maxmization
(EM) segmentation into an integrated Bayesian framework. While both the parametric
observation models as well as the non-parametrically modeled INUs are estimedl via
EM during segmentation itself, a Markov random eld (MRF) prior model regular izes
segmentation and parameter estimation. Firstly, the regularization takes into account
knowledge about spatial and appearance related homogeneity of segments in termé o
pairwise clique potentials of adjacent voxels. Secondly and more importaty, patient-
speci ¢ knowledge about the global spatial distribution of brain tissue is incaporated
into the segmentation process via unary clique potentials. They are based on strong
discriminative model provided by a probabilistic boosting-tree (PBT) for cl assifying
image voxels. It relies on surrounding context and alignment-based features derived
from a probabilistic anatomical atlas. The context considered is encoded by 3-D Har-
like features of reduced INU sensitivity. Alignment is carried out fully automatically by
means of an a ne registration algorithm minimizing cross-correlation. Both types of
features do not immediately use the observed intensities provided by the MRI modali
but instead rely on speci cally transformed features, which are less sensitived MRI
artifacts. Detailed quantitative evaluations on standard phantom scans and standard
real world data show the accuracy and robustness of the proposed method. They also
demonstrate relative superiority in comparison to other state-of-the-art approaches
to this kind of computational task: our method achieves average Dice coe cients &
0:93 0:03 (WM) and 0:90 0:05 (GM) on simulated mono-spectral and 094 0:02
(WM) and 0:92 0:04 (GM) on simulated multi-spectral data from the BrainWeb
repository. The scores are 1 0:09 (WM) and 0:82 0:06 (GM) and 0:87 0:05 (WM)
and 0:83 0:12 (GM) for the two collections of real-world data sets|consisting of 20 and
18 volumes, respectively|provided by the Internet Brain Segmentation Repository.
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1. Introduction

Several inquiries in medical diagnostics, therapy planninghd monitoring, as well as in
medical research, require highly accurate and reproducildbeain tissue segmentation in
3-D magnetic resonance imaging (MRI) data. For instance, stuek of neurodegenerative
and psychiatric diseases often rely on quantitative measurestaimed from MR scans
that are segmented into the three common tissue types present ihet human brain:
cerebral gray matter (GM), cerebral white matter (WM), and crebral spinal uid
(CSF). There is a need for fully automatic segmentation toolproviding reproducible
results in this particular context. Automatic tools face a ch#ienging segmentation
task due to the characteristic artifacts of the MRI modality, seh as, among other
things, intra-/inter-scan intensity non-uniformities (INU) (W ells et al., 1996; Jager
and Hornegger, 2009). The human brain's complexity in shape é&matural intensity
variations additionally complicate the segmentation task ahand. Once a su ciently
good segmentation is achieved it can also be used in enhancing image quality, as
intra-scan INUs can be easily estimated due to the knowledge of ttissue type and the
associated image intensities to be observed at a speci ¢ spatialesitVells et al., 1996).

Most approaches in the eld of MRI brain tissue segmentation aredsed on Bayesian
modeling, which typically involves providing a prior modelnd a generative observation
model. With these models the most likely tissue class being respdisifor the observed
intensity values at a certain voxel can be inferred. O ine geerrated observation models
(Held et al., 1997; Wells et al., 1996), that is, models genegat from annotated training
data, are usually very sensitive to MRI artifacts. (Han and Fischl,2007) For this
reason parametric models are typically estimated online, i,esimultaneously with an
associated segmentation maximizing an a posteriori probabylidistribution density by
means of expectation maximization (EM) (Bricq et al., 2008 Scherrer et al., 2008,
2007; Ashburner and Friston, 2005; Pohl et al., 2002; Fischl et.aR002; Zhang et al.,
2001; van Leemput et al., 1999b; Kapur et al., 1998). Apart fro EM, optimization
methods comprise max- ow/min-cut computation (Song et al. 2006b,a), segmentation
by weighted aggregation (Akselrod-Ballin et al., 2007), andnding the maximizer of the
posterior marginals (MPM) in a maximum a posteriori (MAP) setting Marroquin et al.
(2002). Also non-parametric (Akselrod-Ballin et al., 2007; Heldt al., 1997) approaches
for generating observation models within Bayesian framewakand entirely learning-
based (Akselrod-Ballin et al., 2006) approaches to brain tissuéassi cation have been
proposed.

Some of them (Akselrod-Ballin et al., 2006, 2007) do not taketm account INUs
and scanner-speci ¢ contrast characteristics present in the datsets used for model
generation, which may result in model over- tting and poor geeralization capabilities.

Commonly used prior models comprise, next to the assumption of gjdly uniform
prior probabilities, spatial interdependencies among neigbring voxels through prior
probabilities modeled as hidden Markov random elds (HMRF) §cherrer et al., 2008,
2007; Marroquin et al., 2002; Zhang et al., 2001; Kapur et all998; Held et al., 1997),
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Hidden Markov Chains (HMC) (Bricq et al., 2008), or non-paramgic adaptive Markov
priors (Awate et al., 2006). They are sometimes combined withripr probabilities
derived from probabilistic or anatomical atlases (Awate et al.2006; Marroquin et al.,
2002; Pohl et al., 2002; van Leemput et al., 1999b) or replatky them (Bazin and Pham,
2008; Ashburner and Friston, 2005) that can also be integratedtonthe overall MRF-
based formulation as external eld energies (Scherrer et aR008; Pohl et al., 2002).
The same holds for prior knowledge encoded by fuzzy localimat maps (Scherrer et
al., 2007) that can also be integrated into the overall framewk via external elds.
Alignment of the atlas can be achieved either by rigid (Bazinrad Pham, 2008; van
Leemput et al., 1999b), a ne (Scherrer et al., 2008; AkselrodBallin et al., 2007; Awate
et al.,, 2006), or non-rigid (Bricq et al., 2008; Marroquin etal., 2002; Pohl et al.,
2002) registration algorithms, either before optimization losimultaneously (Bazin and
Pham, 2008; Ashburner and Friston, 2005). Bazin and Pham (Bazend Pham, 2008)
additionally incorporate prior knowledge obtained from adpological atlas into a fuzzy
classi cation technique for topology preservation. Cuadra eal. (2005) compare and
validate di erent statistical non-supervised brain tissue classcation techniques in MRI
volumes.

While some of the papers mentioned above address further segtagon of cerebral
gray matter into individual structures (Scherrer et al., 208, 2007; Akselrod-Ballin et
al., 2007; Bazin and Pham, 2008), which is beyond the scope bfst paper, only some
of them additionally address INU correction (Bricq et al., 208; Song et al., 2006a,b;
Ashburner and Friston, 2005; Zhang et al., 2001; van Leemput elt a1999b; Wells et al.,
1996; Held et al., 1997). INUs are usually modeled as multiplice¢ noise corrupting the
images in the intensity domain and as additive noise in the lodemain. They can be
described either non-parametrically as bias or gain elds ithe literal sense (Zhang
et al., 2001; Held et al.,, 1997; Wells et al., 1996) or parametally by polynomial
basis functions (Bricq et al., 2008; van Leemput et al., 1999aby means of cubic B-
splines (Song et al., 2006b,a) or through the exponential oflimear combination of low
frequency basis functions (Ashburner and Friston, 2005). Even RF modeling can be
applied to model an a priori probability distribution on a nonparametrically represented
gain eld (Held et al., 1997).

Conceptually, our approach aligns with the mentioned EM-bged approaches using
MRF priors and aligned probabilistic atlases. Our method hower makes use of more
general prior knowledge in terms of a strong machine learnimased discriminative
model initializing and continually constraining the segmerdtion process. We present
an extended Hidden Markov Random Field Expectation Maximizgon (HMRF-EM)
approach with simultaneous INU correction. It is, in contrast tothe method of Zhang
et al. (2001), consistently formulated to work on multi-spectral 3-D brain MRI data.
Further, we demonstrate a mathematically sound integrationfgorior knowledge encoded
by a strong discriminative model into the statistical framework The learning-based

y Although not detailed in the original publication a multi-spectral implementati on of Zhang et al.'s
method (Zhang et al., 2001) already exists and can be downloaded from www.fritr.ox.ac.uk/fsl.
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component, that is, a probabilistic boosting-tree (PBT) (Tu, D05), providing the
discriminative model exclusively relies on features of reded sensitivity to INUs and
therefore makes this approach MRI modality-speci c.

Exhaustive quantitative evaluations of our method on publily available simulated
and real world MRI scans are performed and compared to other $taof-the-art
approaches (Scherrer et al., 2008; Bazin and Pham, 2008;dgriet al., 2008; Scherrer et
al., 2007; Akselrod-Ballin et al., 2007, 2006; Awate et al., 260Ashburner and Friston,
2005; Marroquin et al., 2002; Zhang et al., 2001; van Leempat al., 1999b). While
other methods may reach particular high values on a particat database we present
comparable and mostly better results in terms of segmentationceuracy on a variety
of benchmarking databases from di erent sources. This demonates the increased
robustness of our approach.

2. Method

2.1. Pre-Processing and Processing Pipeline

Our method consists of four steps: rst, the whole brain is extraed from its

surroundings with the Brain Extraction Tool (BET) (Smith, 2002) working on the T1-
weighted pulse sequence. Then, an initial spatially variant prior of the brain soft

tissue on dierent tissue classes is obtained by means of a strong mbty specic

discriminative model, that is to say, a PBT probability estimator. This also gives an
initial segmentation of the brain soft tissue. Subsequently, thenal segmentation and
the multi-spectral INU elds are estimated via an extended HMRFEM approach that

operates on multi-spectral input data. We will refer to our mehod as the discriminative
model-constrained HMRF-EM approach (DMC-EM). The whole proessing pipeline is
depicted in Fig. 1.

In the following we will focus our presentation on the last stepfahis four-step
bottom-up processing pipeline as it theoretically links PBT pbability estimation and
HMRF-EM optimization. The DMC-EM optimization subsumes the man contributions
of our work. While the rst two steps, BET skull stripping and FLIRT probabilistic
atlas alignment, can be considered pre-processing steps thedhstep, PBT probability
estimation and hard classi cation, serves both as an initializeon step as well as a pre-
computation step. It initializes the subsequent EM optimizaton procedure and provides
probability estimates that are later on repeatedly used durig optimization.

y As BET skull stripping fails on some of the data sets we use for evaluationwe extended the
original preprocessing tool BET. We introduced thresholding for background exclusin, morphological
operations and connected component analysis to generate initializations (center andadius of initial

sphere) for the BET main procedure that are closer to the intra-cranial surface to & computed.
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Figure 1. The processing pipeline of the proposed DMC-EM method for multi-
spectral brain tissue segmentation and INU correction.

2.2. DMC-EM Brain Tissue Segmentation

Image or volume segmentation by means of the DMC-EM approaclwhich extends
the HMRF-EM approach of Zhang et al. (2001), is closely relatetb learning nite
Gaussian mixtures (FGM) via the EM algorithm. For both cases le6 = f 1;2;:::;N g,
N 2 N, be a set of indices to image voxels. At each indesx2 S there are two random
variables Ys and X ¢ that take discrete valuesys 2 Y = f1;:::;Kg, K 2 N, and
Xs 2 X = f1;:::;29¢g-. The former, Ys, denotes the hidden class label, that is, the
underlying tissue class, at voxe$, whereas the latter,X s, states the vector of observed
intensity values taken from theL 2 N aligned input pulse sequences each having a bit
depth of d 2 N. The observable intensities at every voxed are assumed to be causally
linked to the underlying class labels by parameterized Gausaialistribution densities
p(Xsjys = k) = N(Xs; ) with class specic parameters = ( ; «), x 2 R*,

« 2 R L and symmetric positive-de nite. Starting from initial values for those
parameters and some prior probabilitiep© (k) for the occurrence of each class label
a proper statistical model in terms of prior probabilitiesp(k), k 2 Y, and parameters

=( kkey can be estimated by means of EM iteratively in an unsupervised maer.

In contrast to the FGM model that considers every voxel's classtation isolated
from its local neighborhood the DMC-EM model assumes externial uences and spatial
interdependencies among neighboring voxels. Both can beangorated into the existing
model by describing the familyY = (Ys)s2s Of unknown class labels as an MRF.
According to Li (2001), within an MRF every voxel at indexs is associated with a subset
Ns Snf sgof neighboring indices having the properties62 N ands2 N, t2Ng
forall s;t2S.

The graph G = (V; E) with vertices V = f vgjs2 Sg and edgesE = f (vs; ) |S 2
S;t 2 N4 g associated with an MRF contains multiple sets of cliques, whiclr@asets of
complete sub-graphsG, denoting all the sets of vertices' indices within cliques of €z
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Under these circumstances, according to the Hammersley-Cli orchéorem, the
joint probability density function (PDF) p(y) canpeqlﬁjvalently be described by a Gibbs
distribution p(y) = Zlexp( U(y)). HereU(y) = | ¢ 22 V., (y) denotes the energy
function, which is a sum of clique potentials/,,, andZ = | exp( U(y)) denotes the
partition function, which is a normalization constant.

In contrast to Zhang et al. (2001) our model considers both unai(n = 1) as well as
pairwise (0 = 2) clique potentials as we want to introduce an MRF prior tha constrains
segmentation by an external eld, provided by a strong discrinmative model, and by
mutual spatial dependencies among pairs of neighboring vdéseln this case the energy

function can be stated as |

X X
U(y) = Vs(ys) + 2 Vst(Yss V) - (1)

s2S t2N s

Thus, by applying Bayes' rule and by marginalizing over the podde class labels,
we have

P(YsiY ne) = P(Ysi(Yt)iasnt sg)
P P(Ys; (Ye)t2snf sg)
oy P(Ys = K; (Yt)tzsnbsg)
exp( Vs(Ys) i Vet (Ys; V1))
oy OXP( Vs(ys = K)  on, Vsi(Ys = Kiw))
with the labelsy  understood as observable evidence.

Due to the fact that Equation (2) can be formulated dependenton unary
and pairwise clique potentials it is possible to introduce prioknowledge into the
classi cation process. In order to make a strong discriminative nu@l constrain
expectation maximization we will later de ne unary clique mtentials based on tissue
class probability estimations from PBT classiers. With regardsto the pair-wise
clique potentials, which are de ned on fully labeled data, tB best segmentation
arg max, p(yjx; (" D) that is needed to properly evaluatéV/s (ys; y:) in iteration i is not
available during iterative expectation maximization. Ths means, in accordance with
Zhang et al. (2001), a currently best segmentation using the MAP

(@)

y =argmaxp(yjx; ¢ ) 3)
y
where
oyix: 0 Dy= PeaYE © Dpky)
) .
_ lY P(Xs)Ys; ( 1)) exp( Vs(ys) IZNSVst(ys;yt))
Z P(Xs)
Y 0 X
/ N (Xs] ¢ )) exp( Vs(Ys) Vst (Ys; V1))
S t2N g

(4)
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has to be found in every iterationi of the overall expectation maximization procedure
to form the complete dataset where we assume the intensitiésg to be i.i.d. In our
method forming the complete dataset is done by iterated cortdinal modes (ICM) as
proposed by Besag (1986) and adapted for brain tissue segmentatinsy Zhang et al.
(2001) and Held et al. (1997).

Once a suciently good approximation of the currently best segrantation is
computed the parameters of the intensity model can be updatday

P i - Lot
© _  s25 P(Ys = KiXs;¥nes  T)Xs -
ke o T — iy - .t
s2S p(yS - kJXs,yNs, K )

and

t — i s2s P(Ys = KjXs Yy, ; C s s )T (6)
‘ : s2s P(Ys = ijs;yNs; (kt 1))

The complete DMC-EM procedure can be summarized as follows: dbag from
initial values y©@ and @, in each iteration i the current segmentationy(® is
approximated and used to compute the posterior probabilitiep(ys = KjXs;yy.; (ki =)
for each voxels 2 S. Subsequently, the parameters ) are updated.

At this current point our method equals the HMRF-EM approach Zhang et al.,
2001). In the following sections we will derive unary and pairse clique potentials
that take into account probability estimations from a strong MRI modality-speci c
discriminative model, i.e. a PBT, and spatial coherence in ters of observed intensities
and current classi cation labels, respectively. This combinan of discriminative
modeling via the PBT algorithm and MAP tissue classi cation via the EM algorithm
through the formulation of appropriate unary clique potenials is what we consider
the major contribution of our work. It is also what makes the derence between our
DMC-EM algorithm and the HMRF-EM algorithm (Zhang et al., 2001). Further we
will extend the approach from its theoretical point of view m order to simultaneously
estimate multi-spectral INUs similarly to Zhang et al. (2001) wharesented a mono-
spectral extension of their method for this purpose.

2.3. MRI INU Estimation

As shown by Zhang et al. (2001) the HMRF-EM as well as our DMC-EM ntieod can
be extended to simultaneously estimate the INU eld according tthe method of Wells
et al. (1996). The INUs are modeled by a multiplicative gain a g = (gs)s2s that
disturbs the true intensitiesi = (ig)s2s. That is

iS = is gs (7)
for one of the MRI channels at voxek 2 S wherei = (is)s2s are the disturbed and
observed intensities. Although less appropriate for modeling INUsaused by induced

currents and inhomogeneous excitation within the acquisdn device the multiplicative
model adequately describes the inhomogeneous sensitivity bétreception colil. (Sled et
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al., 1998) After logarithmic transformation of intensities tte gain eld can be treated
as an additive bias eldb = (b)ss and

Xs = Xg + by, (8)

wherexs = log(is), X =log(i,), and bs = log(gs). In the case of multi-spectral images
we have

Xs= X+ b. 9)

For DMC-EM this means that the class-conditional probabilites are no longer only
dependent on the parameters of the Gaussian distributions but also of the bias eld
b, that is,

P(Xsjys;bs) = N(Xs  bs; k). (10)

Following Wells et al. (1996) the joint probability of intensities and tissue class
conditioned on the bias eld can be stated as

P(Xs; Ysibs) = P(XsjYs; bs)p(Ys)- (11)
Marginalization over Y yi)((elds
P(Xsjbs) = P(XsjyYs = K; bs)p(ys = k), (12)

k2Y
which is a class-independent PDF consisting of a mixture of Gaussigopulations. By
applying the MAP principle to the posterior probability of the bias eld, which can
be derived from Equation (12), an initial expression for the lis eld estimate can be
formulated. Then, a zero-gradient condition with respect td leads to a non-linear bias
eld estimator ful lling a necessary condition for optimality

h I
b= T4 b 1 r, (13)
wherer = (Ts),,, are the mean residuals
X
s = P(Ys = KjXs;bs)(Xs DT k(s K) (14)
k2Y
and 1= (_13)325 are the mean inverse covariances with entries
X
1= P(ys = KjXs;bs) ! (15)

k2Y
written down as a family of L L matrices. Please refer to Wells et al. (1996) for a
detailed description of the mathematical assumptions and desdtion steps involved.
Using an approximation instead of the optimal estimator the biaseld at every
voxels 2 S is given by

b= F[ 1 (FID, (16)

whereF is a low-pass Iter working component-wise on the matrix- or w&or-valued, in
our case, volumes and ! (Wells, 1986).
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Algorithm 1 : DMC-EM algorithm

Input : (Multi-spectral) MRI volume x, parameters @ =( (ko) =( ﬁo); (ko) Nk2y , initial

segmentationy ©
Output : Parameters (), segmentationy®), and bias eld [
begin
t 0
(t) ©) :
b 0;
repeat
t t+1;
/I 1. Estimate the class labels by MRF-MAP estimation (see Equation (3))
y® argmax, p(yjx;  V;b);
/I 2. Calculate the posterior distributions for the corrected and non-corrected
intensities
forall voxelss do
forall class labelsk do
Ly - L. _ N(xs bs; ' P)plys=kiyn,)
p(ys - kJXSuyNsa k ,bs) g L N(Xs be: I(( 1))p(ys:|ijs),
. (1) =Kij )
= Kixs: S D p N(Xsi o “IP(Ys=KiYng ;
P(Ys = KiXsi¥ngi k) NG T T )ptamlive )
end
end
/I'3. Ungate the parameters of the observation model (see Equations (5) and ()
(t) gz POs=KIXsiy ¢ xs
K os PYe=kixsiyy o &)
0) a2s POSZkiXsiyng: & Dxs - y(xs )T
k T s POYSKiXsiyy g ¢ D) '
/I 4. Estimate the bias eld (see Equation (16))
forall vo>r<]elss do.
I
bs= F( b . [Frig
end
until t=T ;
end

The DMC-EM algorithm for simultaneous brain tissue segmentatio and INU
correction of multi-spectral data with a prede ned numberT of iterations can be stated
as depicted in Algorithm 1.

As pointed out by Zhang et al. (2001) and originally discoverely Guillemaud and
Brady (1997) the method of Wells et al. (1996), which serves &ise base of our INU
correction system, does not adequately work on image segmentsoge actual intensity
distribution is not Gaussian. Such a tissue class usually has a largariance, which
prevents the mean from being representative. In our system this the case for the CSF
tissue class that does not only include the ventricular system i@ but also around
the brain. Especially at the outer bounds of the automaticayl generated brain mask,
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this class may include several other non-brain structures irdgducing intensity values
di erent from the ones expected from true CSF, which corresplingly increases intra-
class variance.

Inspired by Wells et al. (1996), where everything but GM and WMs excluded both
from the INU estimation as well as from the segmentation, we thefore estimate the
bias eld only on the current GM and WM segments assuming the cuent CSF segment
to be part of the background. However, in contrast to Wells et a1996), we do address
CSF segmentation, together with GM and WM segmentation, durig iterative tissue
classi cation.

In the following we will derive appropriate higher dimensioal feature vectorsz
for PBT training and PBT probability estimation. In order to k eep the discriminative
models MRI modality-speci ¢ we have to make sure that the feates z used are not
sensitive to inter- and intra-scan INUs as probability estimationwill be performed on
the non-corrected input data. We will therefore rely on 3-D Har-like (Tu et al., 2006a)
features of reduced INU sensitivity and probabilistic atlas-basewhole brain anatomy
features. Both types of features are the result of specic transfmations and do not
immediately use the observed intensities provided by the MRI naality.

2.4. MRI Modality-Speci ¢ Discriminative Model-Based UnaryClique Potentials

2.4.1. Probabilistic Boosting-Tree The discriminative classier PBT (Tu, 2005)
recursively groups boosted ensembles of weak classiers to a tr&eucture during
learning from expert annotated data. (see Appendix Appendix A) & every tissue
class we learn a voxel-wise discriminative PBT probability eshator relying on higher
dimensional feature vectorszs, which are derived from the surrounding 3-D context
of a voxel of interests. We use the class-wise probability estimategtH1jz),

Vs(ys = k) = logp¥(+1jzs) (17)

used in our system.

2.4.2. Haar-like Features of Reduced INU Sensitivity In the case of a 1-D signat (t),
t 2 R, as well as for any higher dimensional signal Haar-like ltersan be interpreted
as non-normalized child wavelets (:—) of the classical Haar mother wavelet

8
21 if0o t<i,
(t) = S 1 if % t< 1, (18)
0 otherwise.

As normalization does not aect linear independence the famhyi of non-normalized
child wavelets spans the same in nite-dimensional vector spa@s their normalized
counterparts. Feature responses, which are comparable to watetoe cients, typically
are only computed for discrete + max and 0< max - This equals
projecting a transformed signal to a nite-dimensional subspacehere only certain
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position and frequency characteristics are taken into accoun As seen above, MRI
inter-scan intensity inhomogeneities can be modeled as gaields (Wells et al., 1996)
where a spatially varying factor multiplicatively disturbs the observed intensitiess at
voxel s 2 S. After logarithmic transformation it can be seen as an additivébias eld
of low frequency and zero mean. The parameter,,x can be chosen su ciently low
such that low frequencies of that kind are attenuated and do n®igni cantly a ect the
signal's projection onto the subspace. The obtained coe ciestare therefore of reduced
bias eld sensitivity when considering the log-transformed sigal and of reduced gain
eld, that is, INU eld, sensitivity in the original domain.

o%F «
~ u T

Figure 2. The 3-D Haar-like feature prototypes used in the DMC-EM algorithm's
discriminative model.

This is perfectly accompanied by the intuition that small neghboring areas should
have an almost identical additive bias in the log-domain, wbh disappears after
subtraction when computing the Haar-like features.

Fig. 2 depicts the 3-D Haar-like feature prototypes used in ousystem. The
associated features are computed at di erent anisotropic scalef the prototypes with a
xed o set centered at the voxel of interest. For every featureprototype the average of
the log-transformed intensities within the white cuboids is dotracted from the average
of the log-transformed intensities within the black cuboids.

2.4.3. Probabilistic Atlas-Based Whole Brain Anatomy Feafres The second category
of features contributing to the feature vectorszg for PBT training and probability
estimation encode the voxel's probability to be either part bthe CSF, the GM, or the
WM. They are taken from a probabilistic anatomical atlas (Rexet al., 2003), which
is a nely registered (Scherrer et al., 2008; Akselrod-Ballin tal., 2007; Awate et al.,
2006) with the current data set by means of the publicly availale registration software
FLIRT (Jenkinson and Smith, 2001). The objective function fo the registration step
is based on the correlation ratio metric, which is suited for ter-modality registration
purposes by design. It ensures robustness of the registration pedare in the case of
inter- and intra-scan INUs. The choice in favor for a 12-parametea ne registration
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algorithm is motivated by the trade-o between maximum exibility and computational
demand of the underlying registration procedure. Non-rigidagistration algorithms may
lead to more discriminative atlas-based features. (Bricq et al2008; Ashburner and
Friston, 2005; Marroquin et al., 2002)

2.5. Coherence Preserving Pairwise Clique Potentials

Inspired by Boykov and Funka-Lea (2006) the interaction pottials used in our system

are |

(Xe X)2  (Ysi¥o)

Ver(YsiVi) I exp = D (19)
2Ly (wy  dstsY
where vectors Ks,;:::;X%s )" and (xi,;:::; %, )" denote the observed intensities at voxels
sandt taken from L 2 N aligned input pulse sequences and
1 if ys6 vy,
(ysi o) = Ye o N (20)

0 otherwise.

The function dist(s;t) denotes the physical distance between voxets and t, which

varies when working on image volumes with anisotropic voxel aping. The model
emphasizes homogeneous classi cations among neighboringelebut weights penalties
for heterogeneity according to intensity similarities of thevoxels involved. It assumes
the noise among neighboring voxels of an input volume to be diktuted in a

multivariate Gaussian manner without taking into account degndencies among the
spectral channels.

2.6. Summary

Reconsidering the processing pipeline of our DMC-EM approactepicted in Fig. 1
we make use of the results from the PBT probability estimation amh classi cation
step in the subsequent DMC-EM optimization step in two ways: rst, ve use the
PBT hard classi cation as initial segmentationy© where yéo) = arg max, pX(+1jzs)
at the beginning of the EM iterations. Based on this initial had classi cation the
parameters © are initialized via class-wise maximum likelihood estimationSecond,
the probability estimates serve as constraints for the maximagion of Equation (3) via
ICM within every iteration t as well as for the parameter updates given by Equations (5)
and (6). This is achieved by de ning the unary clique potentls as functions of the PBT
probability estimates in Equation (17). We therefore utiliz the discriminative model
involved not only as a preprocessing step but also throughout theghole optimization
procedure to repeatedly regularize model adaptation.
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Table 1. Summary of the publicly available standard databases from the BrainWeb
repository used for evaluation purposes.

Multi-spectral BrainWeb Mono-spectral BrainWeb
Source www.bic.mni.mcgill.ca/brainweb  www.bic.mni.mcgill.ca  /brainweb
Volume Size 181 217 181 181 217 181
Voxel Spacing 1.0 1.0 1.0mm?3 1.0 1.0 1.0mm?3
Spectral Channels T1, T2, PD T1
Number of Scans 10 10

3. Validation

3.1. Experimental Setup

For quantitative evaluation of the proposed method we carrg out experiments both
on mono-spectral as well as on multi-spectral (T1-weighted,ZFweighted, PD-weighted)
publicly available simulated MRI scans from Cocosco et al. (199 (see Table 1). All
the simulated MRI volume sequences share resolution and size @f 1 1:0 1:0 mm?
and 181 217 181, respectively. INU and noise levels vary among 20% and 40%,
and 1%, 3%, 5%, 7%, and 9%, correspondingly. The noise in the slatad images
follows a Rayleigh distribution in the background and a Ricia distribution in the signal
regions. The noise level represents the percent ratio of the stird deviation of the
white Gaussian noise added to the real and imaginary channelsrohg simulation versus
a reference tissue intensity.

Furthermore, our system was quantitatively evaluated on two s¢e of real T1-
weighted MRI scans provided by the Center of Morphometric Angbis at the
Massachusetts General Hospital (see Table 2), which are publiclyadlable on the
Internet Brain Segmentation Repository (IBSR). One of the di&a sets consists of 20
coronal T1-weighted MRI volumes (256 65 256) of normal subjects with a resolution
of L0 31 1.0 mm® (IBSR 20). The other one (IBSR 18) consists of 18 scans
(256 256 128) of normal subjects with varying resolutions (84 0:84 1:5 mm?,
094 094 15 mm’ and 0 1.0 1.5 mm?®). Both the sets are accompanied by
ground-truth segmentations of the three tissue types of intes¢ (CSF, GM, and WM).
All the scans had been subject to a speci ¢ preprocessing includisgatial normalization
before they were released in the IBSR. However, our system does$ make use of the
additional spatial information provided herewith and the scas are treated as if they
were native scans according to the common quality standards cddiological image
acquisition.

All the images were re-oriented to a uniform orientation (\RAI'; right-to-left,
anterior-to-posterior, inferior-to-superior). The discrininative model involved was
trained on one volumetric scan of the IBSR 20 data set, which ih¢refore excluded
from the quantitative evaluations. In order to keep our system @general as possible,
we use the same model for multi-spectral data and carry out PBT pbability estimation
and hard classi cation based on the T1-weighted pulse sequences. e \kheasure
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Table 2. Summary of the publicly available standard databases from the IBSR used
for evaluation purposes.

IBSR 18 IBSR 20
Source www.cma.mgh.harvard.edu/ibsr ~ www.cma.mgh.harvard.edu  /ibsr
Volume Size 256 256 128 256 65 256
Voxel Spacing 0.84 084 1.5 mmS3, 1.0 31 1.0mmd

0.94 094 1.5 mmS3,
1.0 1.0 1.5mm?3
Spectral Channels T1 T1
Number of Scans 18 20

segmentation accuracy by means of the Dice coe cient and theagcard coe cient to
ensure comparability to other work (see Tables 4{7). The quaji of INU correction is
guanti ed by the class-wise coe cient of variation (COV = standard deviation/average)
achieved.

Table 3 summarizes the methods whose accuracy will be compame against the
other later. All of them were evaluated on at least one of the puilly available standard
databases mentioned above.

Due to the larger amount of free parameters involved, espeltyawith regards to the
PBT model, we did not have the ambition to evaluate every posdidchoice of parameter
settings throughout the processing pipeline. For every procesgistep design choices
were based on what can be found in the literature, e.g., (Tu et.a2006a). For example,
we set the weight of the pair-wise clique potentials = 1:2 in accordance with Cuadra
et al. (2005) whose Potts model-based pair-wise clique poteaals have approximately
the same range as ours. The PBT voxel classi ers were built from pgpximately one
million samples randomly selected from one training volume &t set 1 from IBSR 20).
The samples are voxels within the brain of the subject and are tiarmly distributed
over all the input slices of the training scan. Due to the high nmber of voxels within
the brain of the subjects we restricted training sample geneinan to only one data
set. It provides a su ciently large training subset with enough \ariance to entirely
capture the classi cation tasks we are interested in. The maxinm number of features
selected by AdaBoost in each tree node was set to 8. The maximum tepf the
trees learned was restricted to 10 and a soft thresholding parater of = 0:05 was
used. Initial experiments showed that di erent parameter chizes for the PBT classi er
are of negligible impact on the nal segmentation results. Fuktermore, we consider
the choice for the PBT algorithm to generate discriminative radels for our DMC-EM
approach to be only one of a multitude of alternatives, such asige AdaBoost (Freund
and Shapire, 1995) or Random Forests (Breiman, 2001). We expesuch alternatives
to yield comparable results. The 3-D voxel context chosen for mputing the 747 Haar-
like features used per individual voxel sample was of size 380 30mn? centered at
the voxel of interest. For PBT probability estimation and classer training the scans
were re-sampled to a voxel spacing of 2.2.0 2.0mn?. This is done to be able to
capture a larger context surrounding the voxels of interest wlle keeping training feasible
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Table 3. Summary of the methods used for benchmarking.

Method

Characteristics

INU
correction

Multi-
spectral

DMC-EM

Parametric EM-based approach with MRF prior
and integrated discriminative model relying on
MRI-speci c Haar-like features and rigidly aligned
probabilistic atlas-based features

Yes

Yes

Awate et al. (2006)

Iterative approach with adaptive, non-p  arametric
MRF prior and a nely aligned probabilistic atlas-
based initialization and regularization

No

Yes

van Leemput et al. (1999b)

Parametric EM-based approach wit h MRF prior,
rigidly aligned probabilistic atlas-based initializa-
tion and regularization

Yes

Yes

Bazin and Pham (2008)

Fuzzy classi cation approach with rigi  dly aligned
probabilistic and topological atlas-based initial-
ization and simultaneous rigid re-alignment and
topology preservation

Yes

Yes

LOCUS-T
(Scherrer et al., 2007)

Parametric EM-based approach with MRF prior
and integrated FLM-based regularization, Fuzzy
C-Means initialization and regular image volume
decomposition

No

No

FBM-T
(Scherrer et al., 2008)

Parametric EM-based approach with MRF prior
with integrated anely aligned probabilistic
atlas-based initialization and regularization and
integrated parameter regularization across image
sub-volumes

No

No

Akselrod-Ballin et al. (2006)

Support vector machine-based  voxel classi cation
relying on intensity, texture, shape, and rigidly
aligned probabilistic atlas-based features

No

No

Akselrod-Ballin et al. (2007)

Bayesian multiscale segmentat ion framework with
a nely aligned probabilistic atlas-based initializa-
tion and regularization and non-parametric tissue
class modeling

No

No

HMRF-EM
(Zhang et al., 2001)

Parametric EM-based approach with MRF prior
with thresholding-based initialization

Yes

No

Bricq et al. (2008)

Parametric EM-based approach with HMC pri  or
and non-rigidly aligned probabilistic atlas-based
initialization and regularization

Yes

No

Ashburner and Friston (2005)

Parametric EM-based approach  with simultaneous
non-rigid alignment of probabilistic atlas priors for
regularization

Yes

No

Marroquin et al. (2002)

Parametric MPM-MAP-based approach with
MRF prior and non-rigidly aligned probabilistic
atlas-based initialization and regularization

Yes

No

16

on standard hardware and to establish a uniform compromise beter the di erent
resolutions of the benchmarking data sets used. After initiallyassigning probability
estimates to the down-sampled voxels the data is up-sampled agand DMC-EM is
carried out on the original resolution.
In a standard C++ implementation of our segmentation framewadk, it takes about
12 minutes to process one mono-spectral MRI volume (181217 181) without brain
extraction and a ne alignment on a Fujitsu Siemens notebook guipped with an Intel
Core 2 Duo CPU (2.20 GHz) and 3 GB of memory. Pre-processing in &dttakes
about 3 minutes (brain extraction: 1 minute, atlas alignmen 2 minutes) on the same
hardware. Training one PBT classi er takes about 1 hour and 15 mutes. During all
our experiments, mono-spectral and multi-spectral, we keep aiform parameter setting
for all the free parameters involved both for PBT training al probability estimation as
well as for DMC-EM optimization including pre-processing. Wean therefore exclude
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over-adaptation to one particular set of MRI scans.

Table 4. Average segmentation accuracy for multi-spectral (T1-weighted, T2-weight-
ed, and PD-weighted) simulated BrainWeb data of varying noise and INU levels. Fom
left to right the columns contain the tissue class and the segmentation accuracin terms
of the average Dice coe cient achieved by the alternative method and by DMC-EM.
For a reliable comparison the average values for DMC-EM are computed for exalst
the same noise and INU levels as the ones for the other methods.

Method Tissue Class  Accuracy DMC-EM
Marroquin et al. (2002) WM 095 0.02 0.94 0.02
GM 094 0.02 092 0.04
CSF - 0.77 0.03
van Leemput et al. (1999b) WM 0.92 0.03 0.94 0.02
GM 0.93 0.02 0.92 0.04
CSF - 0.77 0.03
Bazin and Pham (2008) WM 094 0.02 0.93 0.02
GM 092 0.02 091 0.04
CSF 0.92 0.01 0.80 0.06
Awate et al. (2006) WM 0.95 0.01 0.94 0.02
GM 0.91 0.01 0.92 0.04
CSF - 0.77 0.03

3.2. Quantitative Results on Multi-Spectral Simulated BiaWeb
Data

Results on multi-spectral BrainWeb data obtained by DMC-EM ae comparable to
those of Bazin and Pham (Bazin and Pham, 2008)and van Leemput et al. (1999
as depicted in Table 4. They are close to those of Awate et al. (Z)& and worse than
those of Marroquin et al. (20024.

Fig. 4 shows that INU, measured by the average coe cient of varian, is reduced
for all the spectral channels. It also gives an visual impression tife obtained INU
elds in comparison to the ground-truth bias elds.

3.3. Quantitative Results on Mono-Spectral Simulated BraiWeb
Data

As Table 5 shows, the results achieved for mono-spectral BrainWedhta are comparable
to those of other state-of-the-art approaches to brain tissue adsi cation (Awate et
al., 2006; Scherrer et al., 2007, 2008; Bazin and Pham, 208&rroquin et al., 2002;

y Averaged over \varying levels of noise and inhomogeneity" (Bazin and Pham, 208); we assume all
possible noise (0{9%) and INU (0{40%) levels.

z Average over noise levels 1{9% and INU level 40%

X Average over noise level 0{9% and INU level 40%

k Average over noise levels 1{9% and INU levels 0% and 40%
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Original MRI Segmented MRI Ground-truth Estimated INU

(@) (b) (© (d)

(e) (f) (9) (h)

@) 0 (k) o

Figure 3. Axial slices of original images, the segmentation results, the ground-truth
and the estimated INU eld for one mono-spectral T1-weighted BrainWeb volume (5%
noise, 20% INU) (a{d), one volume of the IBSR 20 Normal Subjects data set (e{h),
and one volume of the IBSR 18 Subjects data set (i{l) .

Ashburner and Friston, 2005). The results of Ashburner and Fristor20Q05) are reported
by Tsang et al. (2008). The results are better than those of van benput et al. (1999b)
and the original HMRF-EM approach (Zhang et al., 200%). Awate et al. (2006), and
Bazin and Pham (2008) average over the same BrainWeb data setsraentioned above
for their experimental results. The methods of Awate et al. (2@) and van Leemput
et al. (1999b) are evaluated on BrainWeb data sets corruptedynoise levels 0%, 1%,
3%, 5%, 7%, and 9% and an INU level of 40%. Scherrer et al. (20@D08) present
average values for noise levels 1%, 3%, 5%, 7%, and 9% and INIe20% and 40%.
For Ashburner and Friston (2005) and Zhang et al.'s HMRF-EM (Zhag et al., 2001)
the values are averaged over noise levels 1%, 3%, 5%, and 7% I&td level 20%. For
Bricq et al. (2008) the values are averaged over noise levet%,01%, 3%, 5%, 7%, and
9% and INU level 20%, for Marroquin et al. (2002) over noise ldgel%, 3%, 5%, 7%,

{ Reported by Tsang et al. (2008)
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Table 5. Average segmentation accuracy for mono-spectral (T1-weighted) simulated
BrainWeb data of varying noise and INU levels. From left to right the columns contain
the tissue class and the segmentation accuracy in terms of the average Dice coe@t
achieved by the alternative method and by DMC-EM. For a reliable comparison he
average values for DMC-EM are computed for exactly the same noise and INU levgl
as the ones for the other methods.

Alternative Method Tissue Class  Accuracy DMC-EM
Bricq et al. (2008) WM 0.95 0.02 0.94 0.03
GM 0.95 0.03 0.92 0.04
CSF - 0.77 0.04
LOCUS-T (Scherrer et al., 2007) WM 0.94 0.93 0.03
GM 0.92 0.91 0.05
CSF 0.80 0.76 0.04
FBM-T (Scherrer et al., 2008) WM 0.94 0.93 0.03
GM 0.92 0.91 0.05
CSF 0.80 0.76 0.04
Bazin and Pham (2008) WM 0.94 0.01 0.93 0.02
GM 0.92 0.02 092 0.04
CSF 0.92 0.01 0.80 0.07
Ashburner and Friston (2005) WM - 0.94 0.03
GM 0.92 0.91 0.04
CSF - 0.76 0.04
Marroquin et al. (2002) WM 0.93 0.03 0.93 0.03
GM 0.92 0.03 0.90 0.05
CSF - 0.76 0.04
Awate et al. (2006) WM 095 0.01 0.930.03
GM 091 0.01 0.91 0.05
CSF - 0.76 0.04
van Leemput et al. (1999b) WM 090 0.03 0.93 0.03
GM 0.90 0.02 0.90 0.05
CSF - 0.76 0.04
HMRF-EM (Zhang et al., 2001) WM - 0.94 0.03
GM 0.89 0.91 0.04
CSF - 0.76 0.04

Table 6. Average INU correction accuracy in terms of the coe cient of variation
before and after INU correction for the mono-spectral BrainWeb data set (a), he
IBSR 18 Subjects data set (b), and the IBSR 20 Normal Subjects Data set (c).

Label COV Org. COV Label COV Org. COV Label COV Org. COV
WM 0.06 0.08 WM 0.08 0.09 WM 0.08 0.10
GM 0.12 0.13 GM 0.16 0.17 GM 0.16 0.18

@) (b) ()

and 9% and INU level 40%. Fig. 3 gives a visual impression of the résuobtained
for mono-spectral input data. With regards to INU correction,it can be seen from
Table 6(a) that the average coe cient of variation is reducel.
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T1-weighted T2-weighted PD-weighted
(a) (b) (c)
(d) (e) ()
(9) (h) 0)
Label COV Org. COV Label COV Org. COV Label COV Org. COV
WM 0.07 0.09 WM 0.17 0.18 WM 0.07 0.08
GM 0.12 0.13 GM 0.21 0.23 GM 0.07 0.09
) (k) U]

Figure 4. Coronary slices of original multi-spectral (T1-weighted, T2-weighted, and
PD-weighted) BrainWeb images of 5% noise and 20% INU (a{c), estimated INU els
(d{f), and ground-truth INU elds (g{i). Average INU correction accuracy on multi -
spectral BrainWeb data in terms of the coe cient of variation before and aft er INU
correction (j{l).

3.4. Quantitative Results on Normal Subjects Mono-Spectr&cans

With regards to experimental comparison our method shows beit results in terms of
segmentation accuracy (Jaccard coe cient) than the methodsf Akselrod-Ballin et al.
(2006) and Marroquin et al. (2002) (see Table 7) for the IBSR 2@ata set.

In terms of the Dice coe cient DMC-EM reaches a higher accurey for GM
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Table 7. Average segmentation accuracy for IBSR 20 with exclusion of data set no.
1 that has been used for training. From left to right the columns contain the tissue
class and the achieved average Dice and Jaccard coe cients.

Method Tissue Class Dice Coe. Jaccard Coe.
DMC-EM WM 081 0.09 069 0.12

GM 082 0.06 0.71 0.08

CSF 0.83 0.05 0.71 0.07
Akselrod-Ballin et al. (2006) WM - 0.67

GM - 0.68

CSF - -
Marroquin et al. (2002) WM - 0.68

GM - 0.66

CSF - 0.23
Ashburner and Friston (2005) WM - -

GM 0.79 -

CSF - -
HMRF-EM (Zhang et al., 2001) WM - -

GM 0.76 -

CSF - -

segmentation than the method of Ashburner and Friston (200%)and the original
HMRF-EM (Zhang et al., 2001y. Table 6(b) shows that all the data sets were, on
average, successfully corrected for INU.

As depicted in Figs. 5 and 6 DMC-EM constantly gives better resust than
pure HMRF-EM with zero-valued unary clique potentials and pobabilistic atlas-based
initialization. Except for a few cases it also gives better reis than the HMRF-EM
approach with probabilistic atlas-based unary clique poterdils and probabilistic atlas-
based initialization.

On the IBSR 18 data set our method performs comparably to othestate-of-the-
art approaches with regards to segmentation accuracy (see Tal8). The statistics are
mostly better than the ones of the competing methods when we@wude outlier data set
10 from the evaluation. In this case DMC-EM segmentation su erfrom a poor result
of the initial brain extraction procedure: while the brain 5 su ciently well extracted
from the upper part of the skull the whole neck and face area rexmed in the brain
mask after skull stripping.

Figs. 7 and 8 show that the introduction of discriminative modetlependent unary
clique potentials and PBT initialization improves segmentdon accuracy for the IBSR
18 data set. In comparison to the HMRF-EM approach with zero-vaked unary clique
potentials and probabilistic atlas-based initialization andto the HMRF-EM approach
with probabilistic atlas-based unary clique potentials and mbabilistic atlas-based
initialization DMC-EM usually reaches a higher segmentatiomccuracy in terms of the

y Reported by Tsang et al. (2008)
z Reported by Tsang et al. (2008)
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Figure 5. Achieved accuracy for GM segmentation in terms of the Dice coe cient
for the IBSR 20 data set by the DMC-EM algorithm, the HMRF-EM algorithm
with probabilistic atlas-based unary clique potentials and probabilistic atlas-based
initialization, and the HMRF-EM algorithm with zero-valued unary clique poten tials
and probabilistic atlas-based initialization.
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Figure 6. Achieved accuracy for WM segmentation in terms of the Dice coe cient
for the IBSR 20 data set by the DMC-EM algorithm, the HMRF-EM algorithm
with probabilistic atlas-based unary clique potentials and probabilistic atlas-based
initialization, and the HMRF-EM algorithm with zero-valued unary clique poten tials
and probabilistic atlas-based initialization.
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Dice coe cient for GM and WM.

In our last experiments we intend to illustrate the accuracy ofour method in
particular brain regions on real-world data. For the IBSR 18data collection there
are more detailed ground-truth annotations available thatidentify individual brain
structures, which together form the three common segments (WMGM, and CSF)
our method aims to segment. These annotations allow computirrggion speci c false
negative rates (FNR) achieved by our trinary segmentation atgithm. In Figs. 9{12 we
studied regional misclassi cations for the caudate nucleus, theppocampus, the whole
cerebral cortex, and the internal ventricular system. In all he scenarios, except for
the caudate nucleus, DMC-EM achieves a lower FNR than the HMRFM approach
with zero-valued unary clique potentials and probabilisti@atlas-based initialization and
to the HMRF-EM approach with probabilistic atlas-based unary dbjue potentials and
probabilistic atlas-based initialization.

Table 8. Average segmentation accuracy for IBSR 18. From left to right the columns
contain the tissue label and the achieved average Dice and Jaccard coe cients foall
the data sets and for data sets 1{9 and 11{18 with outlier data set 10 removedn

brackets.
Method Label Dice Coe. Jaccard Coe .
DMC-EM WM 087 0.05(0.88 0.01) 0.77 0.06 (0.79 0.02)
GM 0.83 0.12(0.86 0.04) 0.73 0.13(0.76 0.06)
CSF 0.76 0.09 (0.77 0.08) 0.62 0.11(0.63 0.10)
Bazin and Pham (Bazin and Pham, 2008) WM 0.82 0.04 -
GM 0.88 0.01
CSF -
Akselrod-Ballin et al. (2007) WM 0.87
GM 0.86
CSF 0.83
Awate et al. (2006) WM 0.89 0.02
GM 0.81 0.04
CSF -
Bricq et al. (2008) WM 0.87 0.02
GM 0.80 0.06
CSF -

4. Discussion

Our newly proposed DMC-EM approach to fully automated 3-D Bran MRI tissue
classi cation and INU correction makes use of two di erent typesf spatial priors: the
rst one, which contributes the unary clique potentials of tre hidden Markov random
eld's Gibbs distribution, is derived from a strong discrimingive model, in our case a
PBT classi er, that has been built from annotated training data. It only makes use of
features of reduced INU sensitivity and therefore prevents theodel from over- tting
to scanner speci c tissue contrast characteristics, which is experentally validated by
detailed evaluations on publicly available data sets from dirent sources and scanners.
Usually, if the set of features is not carefully chosen, using supered learning for MRI
brain tissue classi cation ties a method to the exact acquisitioprotocol the classi er is
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Figure 7. Achieved accuracy for GM segmentation in terms of the Dice coe cient
for the IBSR 18 data set by the DMC-EM algorithm, the HMRF-EM algorithm
with probabilistic atlas-based unary clique potentials and probabilistic atlas-based
initialization, and the HMRF-EM algorithm with zero-valued unary clique poten tials
and probabilistic atlas-based initialization.
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Figure 8. Achieved accuracy for WM segmentation in terms of the Dice coe cient
for the IBSR 18 data set by the DMC-EM algorithm, the HMRF-EM algorithm
with probabilistic atlas-based unary clique potentials and probabilistic atlas-based
initialization, and the HMRF-EM algorithm with zero-valued unary clique poten tials
and probabilistic atlas-based initialization.
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Figure 9. The FNR for the segmentation of the caudate nucleus in IBSR 18 by
the DMC-EM algorithm, the HMRF-EM algorithm with probabilistic atlas -based
unary cligue potentials and probabilistic atlas-based initialization, and the HMRF-

EM algorithm with zero-valued unary clique potentials and probabilistic atl as-based
initialization.
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Figure 10. The FNR for the segmentation of the hippocampus in IBSR 18 by
the DMC-EM algorithm, the HMRF-EM algorithm with probabilistic atlas -based
unary cliqgue potentials and probabilistic atlas-based initialization, and the HMRF-
EM algorithm with zero-valued unary clique potentials and probabilistic atl as-based
initialization.
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Figure 11. The FNR for the segmentation of the cerebral cortex in IBSR 18 by
the DMC-EM algorithm, the HMRF-EM algorithm with probabilistic atlas -based
unary cligue potentials and probabilistic atlas-based initialization, and the HMRF-
EM algorithm with zero-valued unary clique potentials and probabilistic atl as-based
initialization.
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Figure 12. The FNR for the segmentation of the internal ventricular system in IBSR

18 by the DMC-EM algorithm, the HMRF-EM algorithm with probabilistic a tlas-based
unary cliqgue potentials and probabilistic atlas-based initialization, and the HMRF-

EM algorithm with zero-valued unary clique potentials and probabilistic atl as-based
initialization.
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trained for: the method of Akselrod-Ballin et al. (2007), formstance, relies on stationary
observation models that have been derived in a cross-validaticetting from separate
training volumes, which all origin from the same source of datalheir method might

therefore be highly biased to uniform contrast characteristi&cpresent in the IBSR 18
data collection and the results may not necessarily adequatelg ect the performance
of the method when applied to a larger variety of data sets inidical practice. Han

and Fischl (2007) try to weaken this e ect by introducing an intiensity renormalization

procedure into the method of Fischl et al. (2002, 2004). As seanaur experiments an
appropriate choice of features can help to circumvent thissppendency without the need
for additional pre-processing.

Our experimental setup did not allow specially adapted paranter settings for any
of the data sets. All free parameters were kept xed during expenentation. By not
only including prior knowledge from an a nely preregisteredprobabilistic atlas our
discriminative model is capable of producing external eldshat are more specic to
the data at hand. The second prior used, constituting the pairnse clique potentials, is a
smoothing prior that penalizes certain con gurations in loal neighborhoods depending
on similarity of observed intensities, physical distance betweeimage voxels, and
estimated image noise. This makes the approach robust againstedent levels of noise,
which is also shown by quantitative experimental evaluation.

From the theoretical point of view, in contrast to Zhang et al. (2001), a
consistent multi-spectral formulation of our DMC-EM framewok both for brain tissue
segmentation as well as for INU correction is presented. Accondly, evaluation is
carried out on mono- and multi-spectral data. On all the data 48 our method achieves
a segmentation accuracy that is either higher or comparable the state-of-the-art even
though progress in this highly investigated branch of researdls dicult due to the
well-established competitiveness of the methods available.

In accordance with Marroquin et al. (2002) and Bricq et al. (208) we only observe a
limited gain in segmentation accuracy when going from mono-sgtral to multi-spectral
data. This e ect may be due to the fact that the three tissue typs of interest can already
be almost perfectly separated from the mono-spectral T1-weigll pulse sequences only.
Therefore, the additional information about the phantom'strue composition provided
by further pulse sequences may be rather redundant than of angditive value.

From visually inspecting our segmentation results and from ourxperiments on
individual brain regions we observe that our method seems toveal weaknesses when
it comes to individual GM structure segmentation. Even thougtthe FNRs are low for
the caudate nucleus and the hippocampus in Figs. 9 and 10 ancetlsM area covering,
for instance, the caudate nucleus and the putamen could to mogarts be successfully
segmented in all the images depicted in Fig. 3, the globus pdlis and the thalamus
were misclassi ed in all the three image volumes. As both structuseappear brighter
than most of the other GM structures our observation model that mdels tissue classes
as single Gaussian distributions seems too restrictive in this cas&he problem may
be solved by trying to model individual tissue classes, and not onthe whole brain,
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by mixtures of Gaussians. In addition, more complex discriminate models could be
considered that further decompose cervical GM into individuastructures (Wels et al.,
2009). By doing so the dominance of the prior model over the olpgation model could
be steered separately for individual anatomical entities. Figll shows that the positive
e ect of DMC-EM is less apparent at the boundary of the brain whkre the cerebral
cortex is located.

It has to be mentioned also that particular high values for segemtation accuracy
on the BrainWeb data sets (see Tables 4 and 5) do not necessarilyanea particular
method is giving anatomically correct segmentation results. Adepicted in Fig. 3(c)
the associated ground-truth annotation su ers from obvious waknesses in the area of
the globus pallidus and the thalamus.

Concerning PVEs our method is conceptually predisposed to eigily handle the
e ect that individual voxels may be composed of dierent tissuetypes due to the
limited resolution of the acquisition devices. The inherent mture model estimation
of our algorithm provides an insight on how or to which degreei drent tissue types
contribute to a certain voxel. However, we decided not to fosuon handling PVEs
and rather transform our results into hard classi cations for e&luation purposes after
algorithmic processing.

Similarly to, for instance, the method of Marroquin et al. (202) our method seems
not to be of high accuracy with respect to CSF estimation. This ay be caused by the
fact that we consider the complete uid lled space outside andnside the brain to be
the CSF segment. It includes both the ventricular system as wedls the subarachnoid
space. Especially the segmentation of the latter may be subjead errors originating
from imperfections of the initial skull stripping procedure. However, our method is
carried out completely automatically without any user inteaction. Results for CSF
segmentation might be better if a \perfect" initial skull stripping was assumed. When
considering the internal ventricular system segment only, Figl2 shows that DMC-EM
performs mostly better than comparable methods for this paitular part of the CSF
segment.

In principle, our method is also able to be applied to patholag data. Fig. 13 shows
the results obtained when segmenting T1-weighted data (512k®x20) acquired from a
patient su ering from a pediatric brain tumor. As the pathologc tissue types have not
been modeled explicitly in our approach|we assume three tissuel@sses to be present
in the image region to be segmented|they need to be excluded dm the GM, WM,
and CSF segmentation procedure. This can be done by fast braimnbor segmentation
techniques like, for example, the one to be found in referen¢Wels et al., 2008).

With regards to INU correction our method su ers from the same tnitations as
the method of Wells et al. (1996) does due to the fact that it fons the base of our
approach. In a broader context, focusing on the method of Welet al. (1996) can be seen
as an exemplary choice. Other more robust techniques that @anetrically constrain
estimated INU elds might in fact bene t in an equal manner if they were embedded in
our modality-speci c discriminative model-constrained HMRFEM approach. DMC-EM
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Original MRI Segmented MRI Estimated INU

@) (b) ()

Figure 13. Axial slices of the original image (a), the segmentation result (b), and he
estimated INU eld (b) for one mono-spectral T1-weighted volume data set where the
patient su ers from a pediatric brain tumor.

is comparable fast when compared to other state-of-the-art ppaches and it takes only
a few minutes to process a data volume. We did not address subigmal segmentation
as it is beyond the scope of this paper. On the other hand, any rgric state-of-the-
art approach to organ segmentation will prot signi cantly from classwise intensity
standardized and INU corrected MRI input volumes.

5. Conclusions

We have presented an MRI modality-speci ¢ discriminative modeconstrained HMRF-
EM (DMC-EM) approach to brain tissue segmentation and INU correon in multi-
spectral 3-D MRI. The major contribution of our work is a strongdiscriminative model
obtained by a PBT classi er that is integrated into the framewak by means of unary
cligue potentials in a mathematically sound manner. The discninative model used is
MRI modality speci c as it only relies on features of reducedNU sensitivity taking into
account the particularities of the MRI modality.

As experimentally validated the choice of features preventsur method from
being tied to a particular acquisition protocol at a specic sie or scanner. Detailed
guantitative evaluations on publicly available benchmaring databases demonstrate this
increased robustness of our approach. At the same time the segnatian accuracy
achieved is comparable to those of other state-of-the-art amgaches to brain tissue
classi cation in MRI data.



3-D MRI Brain Tissue Classi cation and Intensity Non-Uniformity Correction 30

Appendix A. Discriminative Modeling

Appendix A.1. Probabilistic Boosting-Trees

Training a PBT resembles inducing a multivariate binary regession tree from a set
of weighted labeled training examplesT = f (zn;yn;Wn)jn = 1;:::;Ng 2 T,

N 2 N, with feature vectlgrs z,2Z = RM, M 2 N, labelsy, 2 f 1;+1g, and

weights w, 2 [0;1] with Ezl w, = 1. Within each node v of the tree a strong
discriminative model H,(z) 2 ( 1;+1) for feature vectorsz 2 RM, M 2 N, is

generated. By construction, all those modeld (z) asymptotically approach an additive
logistic regression model (Friedman et al., 1998)

1, ply=+1jz)

H(z) 5 In oy = 1j2) (A1)
wherey 2 f 1;+1 g denotes the outcome of the associated binary classi cation task.
Accordingly, at each nodev of the resulting PBT there are current approximations
of the posterior probabilitiespy(+1jz) = q,(z) = exp(2H (z))=(1 + exp(2H (z))) and
B( 1z)=1 q,(z). During classi cation those values are used to guide tree trax&@ng
and combined propagation of posteriors in order to get a nal@proximation p(yjz) of
the true posterior probability p(yjz) at the tree's root node.

While training the classi er, those probabilities are used to suessively split the set
of training data relative to the prior probability p,(y = +1) associated with the current
training (sub-)set in nodev into two new subsets. We writep, instead ofp,(y = +1)
in the following for simplicity. The soft thresholding parameer > 0 sees to pass on
training samplesz that are close to the current node's decision boundary, that i® say,
ifq(z)2[(2 )pv;(1+ )py], to both of the resulting subsets and associated subtrees.
See Algorithm 2 for details on how a PBT is built.

During classi cation the values for g,(z) are used to guide tree traversing and
combined propagation of posteriors in order to get nal apprximations py(yjz) of the
true posterior probabilities p,(yjz) at each tree nodev: for outgoing edges, ! and r!
associated with the possible classi cations the approximatiop, fyjz) can be computed
via the recursive formulg

2 P, yliz) if a(z)<@ )p,
rIZ) = p P )(yiz) it a(z)> 1+ )py, (A.2)
P ep(iz) alijz) otherwise,
where (r) denotes the vertex where edge ends andq,(+1jz) = q,(z) and q,( 1jz) =
1 q(2).

Appendix A.2. AdaBoost

Probabibilistic boosting-trees can be built in combination vth several strong learning
algorithms providing the strong classi er within each tree nod. In the following we
give a concise description of the most commonly used one, whichAdaBoost (Freund
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and Shapire, 1995). It is called Discrete AdaBoost by Friedmart al. (1998). In the

weighted labeled training data,N 2 N, with feature vectorsz, 2Z = RM, M 2 N,
labelsy, 2f 1;+1 g, and weightsw, = 1=N. The purpose of Discrete AdaBoost is to
nd a strong classi er
XT
Hz)= ), (A3)
t=1

that is, a linear combination of T 2 N weak classi ersh;(z) giving hard classi cation
outcomes with weights ; 2 R; the corresponding prediction of this strong classi er is
sgnH (z)). The procedure builds weak classi ers on weighted trainingamples in turn
giving higher weight to those that are currently misclassi ed . Adetailed description of
Discrete AdaBoost is given in Algorithm 3.

For the purpose of discriminative brain tissue modeling, we use amgralized version
of AdaBoost, which is called Real AdaBoost (Friedman et al., 1998see Algorithm 4).
One of the major di erences to Discrete AdaBoost is the fact thathe weak learners
return class probability estimated (z) = p(y = +1 jz) instead of hard classi cations. We
generate class probability estimates by means of decision stusnghich are inductively
learned decision trees of depth 1, returning the probabilitglistributions ofy 2f 1;+1 g
after only one split of a training data setT . A splitis found by choosing a feature vector
componentz,, and an accompanying threshold ,, that \best" separates the positive
from the negative samples. We refer to Quinlan (1986) for detsion this.
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Algorithm 2 : PBT

Input : set of weighted labeled training examplesT = f (zn;yn;Wh)jn=1;:::; Ng2T,

N 2 N, with featurerectors zn2Z = RM, M 2N, labelsy, 2 f 1 +1 g, and
weights wy, 2 [0;1], -, Wy =1, a strong discriminative probability estimator

L:T N!f f:z! (0;1) with f(z)= p(y =+1jz)g, the number of weak
classiers S 2 N per tree node, the current tree depthd 2 N (initially d = 0), and the
maximum tree depth D 2 N

Output : Probabilistic Boosting-Tree node
begin

end

Let v be the current tree node;

/I Comypute the empirical distribution
Pv r’:‘:l Wy (+1;yn);

/l Train a strong discriminative model
o L[T;Sf

/I Initialize subsets

if d=D then
| return v

else
Add new tree nodes (r,*)and (r{');
T =5,
T =
for n=1;:::;N do
if qw(zn)< (@ )py then
T T M (ZniYeiWa) G
else
if qu(zn)> (1+ )py then
‘ T T M [f (ZniyniWn)G;
else
T 1T f (Za;YniWa)G;
T T 2 [f (ZnYn;Wa) O
end

end
end

/I Increase tree depth and normalize

d d+1;
for n=1;:::;jT % do
‘ Wh Wp = " 1JW)
n=1 nj
end
for n—l"::;j'll;‘”ljdo
i +1
‘ Whn Wh = g—lj n);
end

/I Repeat procedure recursively
(r,) PBT[T *L;S;d;DJ;
(rs*)y  PBT[T*Y;L;S;d;DJ;

return v;
end
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Algorithm 3 : Discrete AdaBoost

Input :

Output
begin

end

for

end

N 2 N, with feature vectorsz, 2Z = RM, M 2 N, labelsy, 2 f
weights w, = 1=N, a weak learning algorithmL : T !f h:zZ!f
the number of weak classi ersT 2 N

:strong classier H : Z! Rwith H(z)= [, (h(z2)
t=1;:::;T do
/I Build weak classi er

ht L[T];

/I Compute error rate
0;

if hi(xn) 6 y, then
‘ + Wp;

end
end

/I Adapt sample weights

if h¢(xn)= yn then

‘ Wh wy =1 );
end
end
for n=1;:::;N, do
‘ Whn Wi =( E:l Wh);
end

/I Compute weights of weak classi ers
m logi—;

Pq
return H(z)= ., th(2);

1;+1 g, and
1;+1 gg, and
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Algorithm 4 : Real AdaBoost

Input

Output
begin

end

for

end

. set of weighted labeled training examplesT = f (z;yn;Wn)jn=1;:::; Ng2T

N 2 N, with feature vectorsz, 2Z = RM, M 2 N, labelsy, 2f 1;+1 g, and
weights w, = 1=N, a discriminative probability distribution estimator

L:T!f f:z! (0;1) with f(z)= p(y =+1jz)g, and the number of weak
classiersT 2 N

P
- strong classier H : Z! Rwith H(z)= [, hi(2)
t=1;:::;T do
/I Build probability estimator
fy L[T];

8:h(z) 05 log4ZLs;

1

/I Adapt sample weights

| Wy whoexp( ynhi(2));

end

for n=1;:::;N,do

| own Wa=(C N Wh);
end

P
return H(z) = ., he(2);
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