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Abstract. In this paper we propose a new generative model for simul-
taneous brain parcellation and white matter lesion segmentation from
multi-contrast magnetic resonance images. The method combines an
existing whole-brain segmentation technique with a novel spatial lesion
model based on a convolutional restricted Boltzmann machine. Unlike
current state-of-the-art lesion detection techniques based on discrimina-
tive modeling, the proposed method is not tuned to one specific scan-
ner or imaging protocol, and simultaneously segments dozens of neu-
roanatomical structures. Experiments on a public benchmark dataset in
multiple sclerosis indicate that the method’s lesion segmentation accu-
racy compares well to that of the current state-of-the-art in the field,
while additionally providing robust whole-brain segmentations.

1 Introduction

Conditions that affect the integrity of the white matter, including small ves-
sel disease and multiple sclerosis, form a significant health concern. Lesions in
the white matter are frequently associated with memory impairment, headaches,
depression, muscle weakness, and many other conditions. Because magnetic reso-
nance (MR) imaging can visualize lesion formation with much greater sensitivity
than clinical observation, the ability to reliably and efficiently detect white mat-
ter lesions from MR scans is of great value to diagnose disease, track progression,
and evaluate treatment. Quantifying the independent contribution of white mat-
ter lesions to clinical disability is also important for enhancing our understanding
of disease mechanisms, and for facilitating efficient testing in clinical trials.
Because of considerable intra- and inter-rater variabilities in manual anno-
tations, and because of the sheer amount of imaging data acquired in clinical
trials, there is a strong need for computational tools that can analyze brain
images with white matter lesions in a fully automated fashion. Although many
partial solutions have been proposed (e.g., [1]), a generally applicable tool that
works robustly across disease states and imaging centers remains an open prob-
lem [2]. Many of the best performing methods for lesion segmentation currently
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use extended spatial neighborhoods to provide rich contextual information, using
a discriminative approach in which the specific intensity characteristics of train-
ing images are explicitly used to encode the relationship between image appear-
ance and segmentation labels (e.g., [3-5]). However, because of the dependency of
MR intensity contrast on the scanner platform and pulse sequence, and because
there exists no standardized clinical MR protocol to study white matter dam-
age, such discriminative methods do not generalize well to cases where the target
and training data come from different scanners or centers. Furthermore, these
methods do not provide segmentations of the non-lesioned parts of the brain into
various cortical and subcortical structures, although regional atrophy patterns
convey vital clinical information in diseases such as multiple sclerosis [6].

In this paper, we propose a novel method for jointly segmenting white mat-
ter lesions and a large number of cortical and subcortical structures from multi-
contrast MR data. The method combines a previously validated method for
whole-brain segmentation of healthy brain scans [7] with a novel spatial model for
lesion shape and occurrence that is conditioned on surrounding neuroanatomy.
In particular we propose to use a restricted Boltzmann machine (RBM) [8] to
provide much richer spatial models than the low-order Markov random fields
(MRF's) that have traditionally been used in the field for spatial regularization
of lesion segmentations [9]. By using a generative rather than a discriminative for-
mulation, the method is able to completely separate models of anatomy (which
are learned from manual segmentations of training data) from intensity mod-
els (which are estimated on the fly for each individual scan being segmented).
Because the intensities of training data are never used, the model can be applied
to images with new contrast properties without needing new training data.

We test our approach on publicly available data from the MICCAI 2008 MS
lesion segmentation challenge [10], demonstrating the feasibility of the method.
Compared to related work for simultaneous whole-brain and lesion segmen-
tation [11], the proposed method segments considerably more structures, and
learns spatial lesion models automatically from training data rather than rely-
ing on a set of hand-crafted rules to remove false positive detections.

2 Modeling Framework

We build upon a previously published generative modeling approach [7], in which
a forward probabilistic image model is “inverted” to obtain automated segmenta-
tions. In the following we first briefly summarize the existing whole-brain segmen-
tation method we build upon; then introduce the proposed RBM lesion model;
describe how we integrate it within the model for whole-brain segmentation; and
specify how we use the resulting model to obtain automated segmentations.

2.1 Existing Whole-Brain Segmentation Method

Let D = (di,...,ds) denote a matrix collecting the (log-transformed) inten-
sities in a multi-contrast brain MR scan with I voxels, where the vector
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d; = (d},...,dN)T contains the intensities in voxel i for each of the available N
contrasts. Furthermore, let 1 = (I1,...,l;)” be the corresponding segmentation,
where [; € {1,..., K} denotes the one of K possible segmentation labels assigned
to voxel 7. A generative model then consists of a prior segmentation probability
distribution p(l) that encodes prior knowledge about human neuroanatomy, and
a segmentation-conditional probability distribution p(DJl) that measures how
probable the observed MR intensities are for different segmentations. In [7] the
segmentation prior is parametrized by a sparse tetrahedral mesh with node posi-
tions 6;. Assuming conditional independence of the labels between voxels given
0,, the prior is given by:

pm=AMMM@mm
l
where p(110;) = Hp (1;10y),

and p(8;) is a topology-preserving deformation prior. The prior model is learned
from manual annotations in 39 subjects as described in [7].

For the segmentation-conditional distribution p(D|l), a Gaussian mixture
model (GMM) is associated with each neuroanatomical label to model the rela-
tionship between segmentation labels and image intensities. The smoothly vary-
ing intensity inhomogeneities (“bias fields”) that typically corrupt MR scans are
modeled as a linear combination of spatially smooth basis functions that are
added to the local voxel intensities. Letting 6, denote all bias field and GMM
parameters with prior p(64) o 1, the resulting segmentation-conditional distri-
bution is given by:

p@Msz@W%M%M%

where p(D|L,0,) = Hp illi, 04)

and  p(d|l, 0,) = Zwlg (d—C"¢' |y, Zig)-

Here N (-) denotes a normal distribution; G; is the number of Gaussian distrib-
utions associated with label [; and p;,, X4, and wy, are the mean, covariance,
and weight of component ¢ in the corresponding mixture model. Furthermore,
¢ evaluates the bias field basis functions at the i*" voxel, and C = (c1,...,¢N)
where c,, denotes the parameters of the bias field model for the n*" MR contrast.

With this model segmentation proceeds by estimating 1 = argmax, p(1|D),
using the approximation p(1|D) ~ p(1|D, 84, 8;) where {84, 8;} are the parameter
values that maximize p(64,0;|D). These values are estimated using coordinate
ascent, where the atlas deformation parameters 8; are optimized with a conjugate
gradient (CG) algorithm, and the remaining parameters 8, with a generalized
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expectation-maximization (GEM) algorithm [7]. The optimization is done itera-
tively in an alternating fashion, keeping the deformation parameters fixed while
optimizing the intensity model parameters and vice versa until convergence. The
GMM parameters are initialized based on the structure probabilities given by
the segmentation prior after affine registration to the target scan. We emphasize
that the intensity model parameters are learned given the target scan and thus
automatically adapt to its intensity properties. In [7] the intensity-adaptiveness
was demonstrated on several datasets acquired with different sequences, scanners
and field strengths.

2.2 Spatial Lesion Prior Using a Convolutional RBM

In order to model the spatial configuration of white matter lesions, we employ
a restricted Boltzmann machine (RBM) [8], a specific type of MRF in which
long-range voxel interactions are encoded through local connections to hidden
units, which effectively function as feature detectors. Letting z = (21,...,27)T
denote a binary lesion map, where z; € {0, 1} indicates whether the voxel is part
of a lesion, a RBM prior on z is defined by

p(z) = z:p(z7 h), with
h

p(z,h) o exp [ — Erpum(z, h)],

where h = (hq,...,h;)T, h; € {0,1} denotes a vector of J binary hidden units,
and the RBM “energy” is defined as:

Frem(z,h) = —bTz —c’h — h"Waz.

The parameters of this model include the vectors b and ¢ (which bias individual
visible and hidden units to take on certain values), as well as the weight matrix
W (which models the interaction between the hidden and visible units). The
attractiveness of this specific MRF model arises from the presence of the hidden
units, which increase the expressive power of the model, as well as the property
that the values of z are independent of one another given h and vice versa, which
greatly facilitates inference computations. Specifically, for each hidden unit h;
and lesion z; the conditional distributions are written as [12]:

plhy =1lz) =0 (c; + (Wz) ;)
p(zi = 1/h) =0 (b; + (h" W), ),

where o(z) = (1 + exp(—z))~ 1.
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In order to scale this framework to model full-sized images, we use a con-
volutional approach that imposes a repeated, sparse spatial structure on the
parameters [12]. For the sake of clarity of presentation, in the following we
describe the case for one-dimensional images, although the technique general-
izes readily into three dimensions. In the convolutional RBM a set of P filters
{fp}p LEP=(fF .., fg)T is defined, each of size QQ < I. The parameter matrix
W is then restricted to be of the form

Wi ff...ng...O
0 fr ...fg ... 0
W = , where WP=1| )
p T
w 0P fh
so that each filter detects the same specific feature in different parts of the
image, and inference can be done efficiently using convolution. Similarly, in the
parameter vector c each filter output shares the same bias across the image [12].
In our implementation we do not put such a restriction on the visible biases b,
as this allows modeling spatially varying prior probabilities of lesion occurrence.
We automatically learn appropriate values for the parameters {W, b, ¢} from
manually annotated training data, i.e., binary lesion maps for a number of dif-
ferent subjects. For this purpose, we use the persistent contrastive divergence
(PCD) learning algorithm, which performs stochastic gradient ascent on the
log-likelihood of the training data using approximate gradients computed with
Markov chain Monte Carlo (MCMC) sampling [13].

2.3 Joint Model

We incorporate the RBM lesion model into the whole-brain segmentation frame-
work by assuming that a lesion can only occur in a voxel when its underlying
neuroanatomical label is white matter (I = wm), effectively changing its status
from healthy white matter (z = 0) into white matter lesion (z = 1). Towards
this end, we define a joint segmentation prior on both 1 and z:

p(l,z) = / p(1,2|0,)p(0,)d0;, where

p(1,2]60;) Zp (1,z,h|6;) and

I
p(1.2.16) o exp |~ () + S logp(t16) — 3 6l =)

i=1 i=1

where in abuse of notation p(l;|0;) refers to the deformable atlas of the whole-
brain segmentation model, and ¢(l,z) evaluates to zero when ! = wm or
z = 0, and infinity otherwise. The role of ¢(l, z) is to restrict lesions to appear
only inside white matter — without it the model would devolve into simply
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p(1,z) = p(1)p(z). In similar vein, we define an intensity model which is con-
ditional on both 1 and z:

p(D|l,Z) = p(D|17Z50d)p(0d)d0d;
04

I
where  p(D|1,2,68,4) = [ [ p(dilli, 2, 6a)

i=1

and p(d|l,z,04) = Zwlﬂ (d— CT¢i|ulg,sz'lg) .

This model preserves the original segmentation-conditional GMMs for voxels
without lesions (z = 0), but widens the variances of the Gaussian components
by a user-specified factor v > 1 otherwise. Such wide distributions aim to capture
the fact that lesions often do not have a clearly defined intensity profile in MR,
e.g., ranging from iso-intense to white matter to intensities similar to CSF in
T1-weighted contrasts.

2.4 Inference

Segmentation with the proposed model can be accomplished by first estimating
the parameters {ed,el} that maximize p(0y, 0;|D), and subsequently analyz-
ing p(1,z|D,84,0;), as in the whole-brain segmentation method described in
Sect. 2.1 [7]. However, optimization of the model parameters is now complicated
by the fact that the RBM model introduces non-local dependencies between the
voxels through the weighted connections between the lesions and the hidden
units. To side-step this difficulty, during the parameter estimation phase — in
which we have no interest in accurately segmenting the white matter lesions —
we temporarily replace the RBM energy Erpwm (2, h) with a simple energy of the
form:

Eimp(z,1) = — Z[li = wm](z; log(w) + (1 — ;) log(1 — w)),

where 0 < w < 1 is a user-specified parameter which essentially defines a uniform
spatial prior probability for lesions to occur within white matter. This effectively
removes the hidden units from the model, and reduces the form of p(64,0;|D)
to the one of the original segmentation method, so that the same optimization
strategy can be used. Compared to the original method, the only difference is
that each Gaussian distribution A/ ( g Elg) associated with the white matter
label | = wm is replaced with a mixture of the form:

(1- w)./\/( : |ng’ Elg) erN( ’ |“lg’7219)7 (1)

yielding a distribution with the same mean but heavier tails, making parame-
ter estimation more robust to intensity outliers such as white matter lesions.
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The adaptation in the GEM algorithm to enforce the parameter sharing between
the two mixture components in Eq. (1) is straightforward.

Once the optimal parameter estimates are found, we replace the temporary
energy with the original RBM energy and infer the corresponding whole-brain
and lesion segmentation by MCMC sampling from p(l,z|D70Ad,0Al)7 exploiting
the specific structure of the RBM model. In particular, we generate S triplets
{l,,2zs,hs}2_; by sampling from the distribution p(l, z, h|D, 64, él) using block-
Gibbs sampling. This is straightforward to implement because each of the con-
ditional distributions factorizes over the voxels (for 1 and z) or the hidden units
(for h). The sampling is performed in two alternating steps: first, we sample the
values for the hidden units given the lesions:

J
h ~ [] p(h; = 1]ze-1).

Jj=1

Then, given the sampled hidden unit values hg, we jointly sample the labels 1

and z from:
I

{lsazs} ~ ]:[p(lla Zl|d’L7 hsaéda él)
=1
where

o PP p(di|li,zi,éd)p(li|él)p(zi|h), ifly=wmorz =0
p(li, zildi, b, 04, 61) o {0, otherwise.

The initial lesion segmentation, i.e., zg, is obtained as the maximum-a-posteriori
estimate using the temporary energy Fimyp.

Once we have acquired S triplets, the samples of the hidden units {h} are
discarded as they are of no interest to us. The “hard” segmentations of 1 and z
are obtained by voxel-wise majority voting across {1} and {z;}.

3 Experiments and Results

3.1 Data

We demonstrate the proposed method on the 20 publicly available training cases
of the MICCAI 2008 challenge on multiple sclerosis lesion segmentation [10].
This dataset includes 10 subjects scanned at Children’s Hospital Boston (CHB)
and another 10 scanned at the University of North Carolina (UNC). For each
subject the scan set consists of a T1-weighted, a T2-weighted and a FLAIR scan
with isotropic resolution of 0.5mm, along with expert segmentations provided
by CHB!. As a pre-processing step the data was downsampled by a factor of
two to a resolution of lmm isotropic as is customary for this dataset [3,5,14].
No further pre- or post-processing, such as intensity normalization or bias field
correction, was applied.

! Manual segmentations from UNC are now also available, but at the time of the
challenge this was not the case [10] so we decided to use only the segmentations
provided by CHB.
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3.2 Implementation

We closely follow the implementation details of the whole-brain segmentation
method described in [7]. Because of the small number of manual segmentations
available for training the RBM model, we applied two rotations of 10 and —10
degrees around the three main axes, producing 6 extra training scans per subject.
We trained different RBM models with either P = 20 or P = 40 filters, with
sizes of (Q X Q x @), where @ was either 5, 7 or 9. Each model was trained
with 5600 gradient steps of size 0.1 in the PCD algorithm [13]. Based on pilot
experiments, we found that using two mixture components for white matter
worked well (i.e., Gym = 2), provided that one of the Gaussians is constrained to
be a near-uniform distribution that can collect model outliers other than white
matter lesions (in practice we use a Gaussian with a fixed scalar covariance
matrix 10°T and weight 0.05). Finally, as the main characteristic of white matter
lesions is that they appear hyper-intense compared to normal white matter in
FLAIR contrast [2], we decided to only allow voxels to be assigned to lesion in
the Gibbs sampling process if their intensity is higher than the estimated white
matter mean in FLAIR.

We implemented the algorithm in Matlab, except for the mesh deformation
part, which was written in C++, and the RBM convolutions, which were per-
formed on a GPU. In our experiments, estimation of the parameters {éd, él} was
performed on a cluster where each node has two quad-core Xeon 5472 3.0 GHz
CPUs and 32GB of RAM. Only one core was used in the experiments, taking
roughly 1.7 h per subject. Gibbs sampling was done on a machine with a GeForce
GTX Titan 6 GB GPU. We generated S = 150 samples, collected after an initial
burn-in of 50 sampling steps, taking approximately 10 min per subject. Thus the
full segmentation time for a single target scan is roughly two hours.

3.3 Evaluation Set-Up

In order to compare our results against previous methods on the same data, we

use the true positive rate TPR = % and the positive predictive value PPV =

% as performance metrics. Here TP, FP and FN count the true positive,

false positive and false negative voxels compared to the expert segmentation.
Because our method contains four user-specified parameters v, w, @ and P,
which can have a large influence on the obtained results, and because the RBM
requires training data to learn its parameters, we perform our evaluation in a
cross-validation setting. In particular, we split the available data randomly into
five distinct sets, each having 16 training and 4 test subjects. For segmenting each
set of 4 test subjects, the remaining 16 are used to train the RBM and to find
the best combination (vy,w, @, P), defined as the combination maximizing the
product of the mean TPR and PPV over the 16 subjects. Using the product as a
measure of fitness promotes parameter combinations that provide both sensitive
and specific lesion segmentations.
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Fig. 1. Example segmentations from two subjects: CHB04 (first row) and CHBO08 (sec-
ond row). From left to right: T1-weighted scan, T2-weighted scan, FLAIR scan, manual
segmentation overlaid on the FLAIR scan, and the full segmentation obtained using
the proposed method. Lesions are denoted in red (Color figure online).
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3.4 Results

Figure1l shows two examples of the joint whole-brain and lesion segmenta-
tions obtained using the proposed method, along with the manual segmenta-
tions. Although our method can segment 41 different neuroanatomical structures
in total [7], the MICCAT challenge data only includes manual segmentations of
lesions, so validation of the automatic segmentations of these structures could
not be performed. However, visual inspection of the 20 cases did not reveal any
significant failures in the whole-brain segmentation component of the method.

In Tablel we compare our lesion segmentation performance with that of
two state-of-the-art lesion segmentation tools: a random forest (RF) classi-
fier [3], which is a discriminative method, and a dictionary-learning approach
(DL) [14], which is unsupervised and therefore contrast-adaptive (as is the pro-
posed method). Compared to the winning method [15] of the MICCAI 2008
lesion segmentation challenge, which obtained a mean TPR of 0.21 and a mean
PPV of 0.30, all the methods show greatly improved segmentation results. On
average the proposed method achieves better results than both the DL and RF
approaches, although the improvement over the RF approach is very slight. We
note that neither of the two benchmark methods segments other structures than
lesions, and that the RF classifier is specifically trained on the contrast prop-
erties of this particular data set, and is therefore less generally applicable than
the proposed and DL methods. Note that the results of the DL method are not
entirely comparable, as the authors used a different set of manual annotations
for validating the UNC subjects. This explains the quite large difference in per-
formance of the DL method compared to the two other methods for subjects
UNCO01 and UNCO6.

In very recently published work [5], the authors present a lesion segmentation
framework based on deep convolutional encoder networks. This model is some-
what similar to the proposed method in the sense that both use convolutional
architectures for learning suitable features for lesion detection automatically.
The authors also report results on the MICCAT 2008 dataset, obtaining an aver-
age TPR of 0.40 and an average PPV of 0.41 which ties the performance of the
proposed method. However, their approach suffers from the same limitations as
the RF method, i.e., it is a discriminative method that only segments lesions.

4 Discussion

In this paper we have proposed a method for joint white matter lesion detection
and whole-brain segmentation using a novel spatial lesion model. Due to the
generative modeling approach, the method is not tied to one specific scanner
platform or imaging protocol, and shows good performance when compared to
the current state-of-the-art in lesion segmentation. The presented results are
significantly limited by the amount of training data, which was very small given
the number of parameters and potential expressive power of the RBM model.
Future work will involve further experimentation with different RBM training
algorithms and sampling strategies, and an extensive performance validation on
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Table 1. Quantitative comparison with two state-of-the-art methods.

19

DL [14] | RF [3]

Proposed

DL [14]

RF [3]

Proposed

Patient

TPR PPV|TPR PPV

TPR PPV

Patient

TPR

PPV

TPR

PPV

TPR

PPV

CHBO1
CHBO02
CHBO03
CHBO04
CHBO05
CHBO06
CHBO07
CHBO08
CHBO09
CHB10

0.60
0.27
0.24
0.27
0.29
0.10
0.14
0.21
0.05
0.15

0.58]0.49 0.64
0.45|0.44 0.63
0.56|0.22 0.57
0.66|0.31 0.78
0.33|0.40 0.52
0.36/0.32 0.52
0.48|0.40 0.54
0.73|0.46 0.65
0.22|10.23 0.28
0.12]10.23 0.39

0.75 0.57
0.57 0.48
0.30 0.69
0.59 0.49
0.45 0.39
0.19 0.50
0.34 0.65
0.37 0.70
0.04 0.55
0.19 0.69

UNCO01
UNCO02
UNCO03
UNC04
UNCO05
UNCO06
UNCO07
UNCO08
UNCO09
UNC10

0.33
0.54
0.64
0.40
0.25
0.13
0.44
0.43
0.69
0.43

0.29
0.51
0.27
0.51
0.10
0.55
0.23
0.13
0.06
0.23

0.02
0.48
0.24
0.54
0.56
0.15
0.76
0.52
0.67
0.53

0.01
0.36
0.35
0.38
0.19
0.08
0.16
0.32
0.36
0.34

0.02
0.75
0.28
0.62
0.50
0.17
0.60
0.27
0.67
0.47

0.01
0.29
0.19
0.40
0.18
0.10
0.26
0.21
0.21
0.48

Mean

DL [14]

RF

3]

TPR=0.33 PPV=0.37| TPR=0.40 PPV=0.40

TPR=0.41 PPV=0.40

Proposed

larger data sets of white matter lesions. We further plan to also evaluate the
obtained healthy structure segmentations by quantifying local atrophy patterns
in large collections of brain images of MS patients.
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