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ABSTRACT
This paper introduces a new adaptive atlas-based framework for
the automated segmentation of different brain structures from infant
diffusion tensor images (DTI). To model the brain images and their
desired region maps, we used a joint Markov-Gibbs random ﬁeld
(MGRF) model that accounts for three image descriptors: (i) a 1st order visual appearance to describe the empirical distribution of DTI
extracted features, (ii) an adaptive shape model, and (iii) a 3D spatially invariant 2nd -order MGRF homogeneity descriptor. The 1st order visual appearance descriptor is accurately modeled using a linear combination of discrete Gaussians (LCDG) model having positive and negative components. The proposed adaptive shape model
is constructed from a prior atlas database built using a subset of coaligned training data sets that is adapted during the segmentation
process guided by the visual appearance characteristics of several
DTI features. To accurately account for the large inhomogeneity of
infant brains, the homogeneity descriptor is modeled by a 2nd -order
translation and rotation invariant MGRF of region labels with analytically estimated potentials. The high accuracy of our segmentation
approach was conﬁrmed by testing it on 10 in-vivo infant DTI brain
data sets using three metrics: the Dice similarity coefﬁcient, the 95percentile modiﬁed Hausdorff distance, and the absolute brain volume difference.

brain provided the drive for the development of several automated
and semiautomated segmentation techniques.
Brain MRI segmentation meets with many challenges that stem
from image noise, inhomogeneity, artifacts (e.g., partial volume effect), and boundary discontinuities due to the similarity in the visual
appearance of adjacent brain structures. Moreover, the diffusionsensitizing gradient used in diffusion weighted imaging (DWI)
yields an ampliﬁcation effect to the distortions that are related to
patient motion [5]. This paper targets infant brain DTI segmentation that is more difﬁcult than adult brain segmentation, which can
be conducted using only the image intensity. Infant brains have a
greatly reduced contrast, including a reverse in contrast in the WM
and GM because of the immaturity of the brain tissues [6], and
a higher amount of noise [7]. Furthermore, eddy current artifacts,
and bulk motion distortions are additional difﬁculties that existed,
especially in unsedated infants (see Fig. 1).

Index Terms— Infant, MGRF, LCDG, DTI Brain Segmentation
1. INTRODUCTION
Compared to the other imaging modalities, magnetic resonance
imaging (MRI) has become today the most powerful and dominant
non-invasive tool for clinical diagnosis of different brain diseases.
Recently, an MRI technique known as diffusion tensor imaging
(DTI) has been used to characterize the microstructural properties
and macroscopic organization of white matter tissues in the brain [1].
DTI advantages over conventional MRI include its superior ability to
reveal detailed anatomy of the white matter as DTI offers contrasts
that are sensitive to ﬁber orientations. In addition, DTI delivers
new insights about human brain connectivity, namely it provides
a way to delineate abnormalities in speciﬁc connections in various
pathological disorders [2]. DTI has a wide range of clinical applications; it is used to examine normative white matter development,
neurodevelopmental disorders (e.g., autism), and neurodegenerative
disorders (e.g., amyotrophic lateral sclerosis) [3]. Segmentation of
anatomical structures such as white matter (WM), gray matter (GM),
and cerebrospinal ﬂuid (CSF) regions is an essential stage in any
computer-aided diagnostic (CAD) system for brain diseases [4]. The
tedious and time consuming nature of manual segmentation of the
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Fig. 1. DTI-RGB map comparison for adult (a) and infant (b) brains.
Current techniques for brain DTI segmentation can be crudely
classiﬁed into three main groups: (i) probabilistic and statistical
based [8, 9], (ii) deformable model-based [10], and (iii) atlas-based
techniques [11]. Most techniques mainly target adult brain segmentation, and limited techniques are ﬁt for infant brain segmentation.
Below, we will brieﬂy overview some atlas-based techniques that
target brain segmentation intended for studying infant brains with
autism, which is the focus of this paper.
During the last few years, there have been numerous studies
examining infant brains with autism, which use atlas-based techniques in the segmentation procedure. Wolff et al. [12], Elison et
al. [13], and Neda et al. [14] introduced an atlas building procedure
that contains two different registration frameworks using DTI and
T2-weighted images. The intra-subject and inter-modality registrations were based on a multi-scale approach that employs both afﬁne
and B-spline transformations, using the normalized mutual information (MI) as a matching metric. Scans taken at different time intervals are linearly mapped to an atlas constructed from a patient at the
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Fig. 2. The proposed segmentation framework.
age of one year. They are subsequently mapped using a nonlinear
transformation to a T2-weighted atlas, and tensor images are estimated from the aligned DWI and averaged using the log-Euclidean
method to produce a ﬁnal DTI atlas.
To summarize, current DTI-based infant brain segmentation
techniques suffer from the following limitations: (i) atlases constructed from multiple modalities (e.g., T2-weighted and DTI) will
decrease the segmentation accuracy as a result of dissimilar contrast
levels and inter-slice variability, and (ii) using nonlinear registration
negatively affects the shape information, thus it prevents carrying out
any shape-based statistical analysis on the segmented data, which
could be beneﬁcial in inspecting the relationship between WM and
GM morphology [15]. Therefore, we propose a new atlas-based
technique for the accurate segmentation of WM, GM, and CSF
from DTI images (see Fig. 2), which will overcome the previously
mentioned drawbacks. The proposed technique relies on a combination of adaptive probabilistic models for the shape (atlas) and
current appearance features (1st -order visual appearance and spatial
interaction between brain voxels) [16]. These adaptive probabilistic
models increase the segmentation accuracy by accounting for large
inhomogeneities in infant brains and by reducing the effects of noise.
2. THE PROPOSED JOINT MGRF MODEL
Let R = {(x, y, z) : 0 ≤ x ≤ X − 1, 0 ≤ y ≤ Y − 1, 0 ≤
z ≤ Z − 1}; Q = {0, 1, . . . , Q − 1}; and L = {0, . . . , L}
denote a ﬁnite 3D arithmetic lattice of the size of XY Z supporting grayscale images and their region (segmentation) maps, a ﬁnite
set of Q integer gray values, and a set of region labels L, respec-

tively. Let g = {gx,y,z : (x, y, z) ∈ R; gx,y,z ∈ Q} and
m = {mx,y,z : (x, y, z) ∈ R; mx,y,z ∈ L} be a grayscale image
taking values from Q, i.e., g : R → Q, and a region map taking
values from L, i.e., m : R → L, respectively. An input brain image, g, co-aligned to the training data base, and its map, m, are described with a joint probability model: P (g, m) = P (g|m)P (m),
which combines a conditional distribution of the images given the
map P (g|m), and an unconditional probability distribution of maps
P (m) = Psp (m)PV (m). Here, Psp (m) denotes an adaptive shape
prior, and PV (m) is a Gibbs probability distribution with potentials
V, which speciﬁes a Markov Gibbs random ﬁeld (MGRF) model of
spatially homogeneous maps m. Details of the model’s components
are outlined below.
Adaptive Shape Model: In order to obtain a more accurate segmentation, we employed adaptive probabilistic atlases of the expected
shapes of the different brain labels. To create the atlas database, a
training set of images, collected for different subjects (10 data sets),
are co-aligned by 3D afﬁne transformations with 12 degrees of freedom in a way that maximizes their mutual information (MI) [17].
The probabilistic atlases are spatially
variant independent random
ﬁelds of region labels Psp (m) =
(x,y,z)∈R psp:x,y,z (mx,y,z )
for the co-aligned manually segmented data sets [18, 19], speciﬁed by voxel-wise empirical probabilities for each brain label
(psp:x,y,z (l), l ∈ {1, . . . , L}). Based on the infant tissue probability
maps provided by IDEA lab [20], we used the uniﬁed segmentation algorithm [21] implemented in statistical parametric mapping
(SPM) software [22] to segment the non-diffusion (b0) scans of our
training data sets. Then, an MR expert reﬁned the generated initial
segmentation to produce the ﬁnal brain labels.
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For each input DTI data to be segmented, the shape prior is constructed by an adaptive process guided by the visual appearance features of different brain structures in the b0 scan and six other DTI
extracted features: the three eignvalues (λ1, λ2, and λ3), fractional
anisotropy (FA), relative anisotropy (RA), and Trace [2]. These six
features are extracted from the tensor matrix generated for each DTI
data set. In order to estimate the shape prior probabilities for each
voxel in the test subject, we follow the steps summarized in Algorithm 1.
Algorithm 1 Key Steps for Creating the Adaptive Shape Model
1. Construct the atlas database through a co-alignment of the b0
scans, six other DTI extracted features , and manual segmentation of each of the preprocessed brains.
2. Use normalized cross correlation (NCC) to measure the similarity between the test subject and each subject in the atlas
database, and choose the database subject that has the highest
similarity to act as the reference in the registration process.
3. Register the test subject to the selected reference subject using 3D afﬁne transformations with 12 degrees of freedom that
maximizes their MI [17].

 n
 Cp
wp:k − C
an obvious constraint k=1
κ=1 wn:κ = 1. All LCDG parameters, including the DGs numbers, are estimated from the mixed
empirical distribution to be modeled using the modiﬁed EM algorithm [23]. The complete LCDG model details are explained in [23].
3D Spatial Interaction MGRF Model: In order to perform a more
accurate segmentation, spatially homogeneous 3D pair-wise interactions between the region labels are additionally incorporated in
the model. These interactions are calculated using the popular Potts
model (i.e., an MGRF with the nearest 26-neighbors of the voxels, as
illustrated in Fig. 3), and analytic bi-valued Gibbs potentials that depend only on whether the nearest pairs of labels are equal or not. Let
feq (m) denote the relative frequency of equal labels in the neighboring voxel pairs ((x, y, z), (x + ξ, y + η, z + ζ)) ∈ R2 ; (ξ, η, ζ) ∈
{(±1, 0, 0), (0, ±1, 0), (±1, ±1, 0), (±1, 0, ±1), (0, ±1, ±1),
(±1, ±1, ±1)}. The initial region map results in an approximation
with the following analytical maximum likelihood estimates of the
potentials [25]: veq = −vne ≈ 2feq (m) − 1, where veq and vne are
the estimated potentials in the case of equal and non-equal labels,
respectively. These estimates allow for computing the voxel-wise
probabilities pv:x,y,z (mx,y,z = λ) of each brain label; l ∈ L.

4. For each voxel in the test subject, calculate its shape prior
probability according to the following steps:
(a) Use the obtained transformation matrix (T) to transform each voxel to the atlas database domain.
(b) Construct a 3D window with initial size of N1i ×N2i ×
N3i .
(c) Search inside the window for voxels with corresponding grey level (b0 and six DTI features) in all training
data sets.
(d) If needed, increase the window size and redo the search
until a non-empty result is found.
(e) Create the labels probabilities based on the relative occurrence of each label from the search results.
1st -Order Visual Appearance Descriptor: In addition to the
learned adaptive prior descriptor, our approach accounts for the visual appearance of each brain structure in the b0 scan and six other
DTI extracted features (λ1, λ2, λ3, FA, RA, and Trace). The mixed
empirical marginal 1D distribution of voxel intensities is separated
into four individual components, associated with each label of the
mixture. To model the current DTI appearance, the empirical distribution is precisely approximated with a linear combination of
discrete Gaussians (LCDG) [23] with positive and negative components, which is based on a modiﬁed version of the classical
Expectation-Maximization (EM) algorithm. The LCDG models the
empirical distribution of the brain labels more accurately than a conventional mixture of only positive Gaussians. This yields a better
initial region map that is formed by the voxel-wise classiﬁcation of
the image gray values.
Let Ψθ = (ψ(q|θ) : q ∈ Q) denote a discrete Gaussian (DG)
with parameters θ = (μ, σ), integrating a continuous 1D Gaussian
density with mean μ and variance σ 2 over successive gray level intervals. The LCDG with four dominant positive DGs and Cp ≥ 4
positive and Cn ≥ 0 negative subordinate DGs is [23, 24]:
Cp
Cn


wp:k ψ(q|θp:k ) −
wn:κ ψ(q|θn:κ )
Pw,Θ (q) =
k=1

κ=1

where all the weights w = [wp:k , wn:κ ] are non-negative and meet

Fig. 3. Illustration of the 3D neighborhood system used.
One of the main advantages of the proposed approach is that in
addition to the adaptive prior information, our approach depends on
two other models (1st -order and 2nd -order visual appearance models) that are estimated directly from the input data, making our approach a complete adaptive segmentation tool. The complete steps
of the proposed segmentation approach are summarized in Algorithm 2.
3. EXPERIMENTAL RESULTS
Performance assessment of the segmentation results were carried
out through applying our technique on 54 diffusion weighted infant
MR brain data sets obtained from the Infant Brain Imaging Study
(IBIS) [29], and evaluated using 10 data sets with a manually segmented ground truth, obtained by an MR expert. Diffusion weighted
MRI brain scans were obtained from a 3-T Siemens TIM Trio scanners (Siemens Medical Solutions, Malvern, PA.) using the following
parameters: ﬁeld of view of: 190 mm, number of slices: 75–81,
a slice thickness: 2 mm, voxel resolution: 2 × 2 × 2 mm3 , TR:
12,800–13,300 ms, TE: 102 ms, variable b values between 0 and
1,000 s/mm2 , 25 gradient directions, and a scan time of 5-6 minutes.
The scans were obtained approximately at 6 months of age in infants
with high risk of developing autism spectrum disorders (ASDs) [29].
The ﬁnal goal of the proposed segmentation technique is to separate infant DTI brain images into four classes: WM, GM, CSF, and
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Algorithm 2 Key Steps for the Proposed Segmentation Approach
1. Reduce DWI data inhomogeneities using a Generalized 3D
Gauss-Markov random ﬁeld (GGMRF) model [26].
2. Detect artifacts, correct motion and eddy current distortions
and remove images with large artifacts using DTIprep software [27].
3. Derive DTI from DWI, and extract six DTI features (λ1, λ2,
λ3, FA, RA, and Trace) using 3D Slicer [28].
4. Approximate the marginal intensity distribution of the b0
scan and the six extracted DTI features using the LCDG
model with four dominant modes.

In the future, we plan to further enhance our segmentation results by using nonnegative matrix factorization (NMF) [31] to extract
meaningful features from a large dimensional feature space with attributes extracted from different DTI measurements. NMF will ﬁnd
the weights for each feature in order to create a feature space where
different classes are more separable. Thanks to a continuing partnership between our group and the IBIS [29] group, there are plans to
integrate the proposed approach into a CAD system for the early diagnosis of ASDs. The ﬁnal developed segmentation framework will
be integrated with other methodologies to explore features in the GM
and WM regions of the brain.

5. Form an initial region map m using the marginal estimated
density and prior adaptive shape of each label.
6. Find the Gibbs potentials for the MGRF model from the initial map [23].
7. Improve the region map m using voxel-wise Bayes classiﬁer
after integrating the three descriptors in the proposed joint
MGRF model.

other brain tissues. A step-by-step of the proposed segmentation
technique is demonstrated in Fig. 4. The input DTI data (Fig. 4(a))
is initially smoothed using the Generalized 3D Gauss-Markov random ﬁeld (GGMRF) model [26] . Then, DTIprep software [27] is
used to remove scan artifacts, and correct motion and eddy current
distortions (Fig. 4 (b)). An initial segmentation is achieved using
our constructed adaptive shape model and the marginal densities estimated from the b0 scan and the six DTI parameters (Fig. 4 (c)). To
obtain the ﬁnal segmentation, the initial results was reﬁned using the
proposed three descriptors (1st -order visual appearance models, 3D
spatial model, and adaptive shape model) as shown in Fig. 4(d).
The performance of the proposed segmentation framework was
evaluated using three performance metrics: (i) the Dice similarity coefﬁcient (DSC), (ii) the 95-percentile modiﬁed Hausdorff
distance (MHD), and (iii) the percentage absolute volume difference (AVD) [30]. Metrics were computed by comparing a ground
truth segmentation to results from the proposed segmentation technique. As demonstrated in Table 1, the DSC for segmentation
of the WM, GM, and the CSF are 95.23±1.18%, 89.92±2.86%,
and 87.96±3.31% , respectively, which conﬁrms the high accuracy
of the proposed segmentation techniques. Our experiments show
that the proposed accurate identiﬁcation of the joint MGRF model
demonstrates promising results in segmenting GM and WM brain
tissues from infant DTI images. Our present implementation in the
C++ programming language on a Dell precession T7500 workstation
(3.33Ghz Intel quad-core with 48GB RAM) takes about 8.1 ± 2.53
sec to process each test subject.
4. CONCLUSIONS

(a)

(b)

(c)

(d)
A

C

S

Fig. 4. Segmentation results of the proposed approach. The segmentation is performed in 3D, and the results are projected onto 2D
axial (A), coronal (C), and sagittal (S) planes for visualization: (a)
2D proﬁle of the original b0 scan images, (b) b0 scan images after
MGRF smoothing and preprocessing using DTIprep [27], (c) initial
segmentation using 1st -order visual appearance models and adaptive
shape model, and (d) ﬁnal segmentation results using the proposed
three models. Note that CSF, GM, WM, and other non-brain tissues
are shown in red, yellow, green, and white, respectively.

In conclusion, this paper proposed a new adaptive atlas-based framework for the automated segmentation of different brain structures
from DTI. The proposed segmentation technique demonstrates that
the integration of a 2nd -Order MGRF spatial model with 1st -Order
visual appearance features is promising for controlling an adaptive
shape model to segment DTI infant brains. The accuracy of the proposed segmentation framework can aid researchers to advance new
methods that can help to distinguish between autistic and control infant brains.
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Table 1. Accuracy of our segmentation.
Metric
CSF
GM
WM
DSC (%)
87.96±3.31 89.92±2.86 95.23±1.18
MHD (mm)
2.42±0.56
1.98±1.07
1.98±0.01
AVD (%)
6.10±4.70
9.85±2.34
5.15±2.03
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