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ABSTRACT 

This paper presents a novel hybrid segmentation technique 
incorporating a statistical as well as a geometric model in a 

unified segmentation scheme for brain tissue segmentation 

of magnetic resonance imaging (MRI) scans. We combine 

both voxel probability and image gradient and curvature 

information for segmenting gray matter (GM) and white 

matter (WM) tissues. Both qualitative and quantitative 

results on synthetic and real brain MRI scans indicate 

superior and consistent performance when compared with 
standard techniques such as SPM and FAST. 

1. INTRODUCTION 

Magnetic resonance imaging (MRI) provides an excellent 

non-invasive method for neurologists to examine the brain 

of patients with neurodegenerative diseases such as Multiple 

Sclerosis (MS). The ability to diagnose these diseases 

systematically and quantitatively with MRI brings exciting 

developments not only to the study of the pathology, but 

also to the clinical trials of drug treatments [1]. 

An important biomarker for patients with 

neurodegenerative disease is tissue atrophy due to neural-

axonal loss in the brain and spinal cord [2]. A typical rate of 

brain atrophy observed for patients with MS is 0.6% to 0.8% 

annually, which is 2-3 times the normal rate [3] and is thus a 

good indicator of disease progression. As a result, one 

application of automatic brain tissue segmentation methods 

is to provide systematic and quantitative analysis of brain 

volumes. 

Manual segmentation of 3D volumetric data is difficult 

and time-consuming, and is prone to intra- and inter-rater 

errors. Fully and semi- automatic methods have been 

developed to provide accurate, robust, and reproducible 

alternatives. Van Leemput et al. [4] applied a statistical 

maximum likelihood (ML) approach for bias field 

correction and tissue classification of brain MRI. Tissues are 

modeled as a mixture of independent Gaussian or 

polynomial distributions with parameters estimated using 

the expectation-maximization (EM) algorithm. Markov 

random fields (MRF) were introduced to determine the most 

probable tissue type. Similar statistical techniques have been 

used in analysis tools such as the FMRIB (functional MRI 

of brain) Automatic Segmentation Tool (FAST) [5]. 

Statistical Parametric Mapping (SPM) [6], on the other 

hand, utilizes a brain template and performs voxel-based 

morphometry. In our investigations, we observed, as 

described in Section 4, a lack of consistency in performance 

when using these standard techniques with synthetic and 

real MRI scans. 

Other segmentation approaches based on geometric 

information such as deformable models have been used. 

Those depend heavily on the accuracy of initializations and 

are prone to leakage at noisy and weak edges frequently 

observed in medical images. To solve this problem, 

researchers have tried to combine statistical and geometric 

information for aiding the model convergence. Leventon et 

al. [7] and Chen et al. [8] introduced a shape model prior 

into the active contour formulation and Ho et al. [9] 

introduced a modulating statistical force to the model for 

stabilizing the solution. 

Our proposed method combines the statistical and 

geometric information and aims to provide a fully 

automated 3D segmentation flow. However, without 

knowing any shape prior or directly changing the overall 

energy equation like other proposed methods, we improve 

the geodesic active contour method by incorporating voxel-

wise probability with image gradient and curvature 

information in the feature image, based on which the active 

contour is then evolved in 3D. 

2. METHOD 

Before processing an MRI scan, the brain volume is 

extracted by removing the exterior skull and the 

background. We utilize the Brain Extraction Tool (BET) 

which applies a deformable surface model for automatic 

brain and non-brain segmentation from an estimated center 

of gravity [10]. We are also developing our own brain 

extraction algorithm to overcome problems observed with 

the BET method. A noise reduction filter is then introduced 
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to improve the image signal-to-noise ratio (SNR). Since 

edge information is essential for active contour propagation, 

an edge-preserving anisotropic diffusion filter [11] is 

applied. 

2.1 Modeling voxel statistics 

To determine the probability of each voxel belonging to a 

certain tissue type, we study the image intensity histogram. 

Each tissue type is modeled by a Gaussian distribution with 

the mean determined by the peak position and the variance 

determined by the width. The probability density function, 

p(x), of this mixture model can be described as: 
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where x is the voxel intensity, i is the class index, K is the 

number of classes, i is the class proportion, and p i(x| i) is 

the probability of the voxel belonging to the i-th class with 

the distribution parameter set i. The class probability 

density functions are Gaussians in our case, and we need to 

determine the parameters that describe these distributions. 

Based on the mean intensity estimates derived from 

tree-structured K-means algorithm for gray matter (GM), 

white matter (WM), and cerebrospinal fluid (CSF), three 

Gaussian models are fitted to the intensity histogram using 

the EM algorithm. The E or expectation step (2) of this 

algorithm calculates the expected membership of each voxel 

to each class. The M or maximization step (3) then finds the 

next parameter sets that maximize the likelihood with the 

expected membership values and the current parameter set. 
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where i is the parameter set for the i-th component class, 

and m is the iteration number. The EM algorithm iteratively 

updates the model parameters accordingly. Once we obtain 

the parameter sets, probability maps showing the probability 

that each voxel belongs to each class, can be generated. 

2.2 Geodesic active contour 

A geodesic active contour [12] framework transforms the 

traditional energy minimization problem of a deformable 

model into finding the geodesic or the minimal distance 

curve distance in a Riemannian space. A gradient descent 

search is performed for finding the minima. With steepest 

gradient descent and the Euler-Lagrange equation, the initial 

curve C0 is deformed according to the evolution equation: 
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where  is the Euclidean curvature, N  is the inner unit 

normal, g is a general function of intensity I. The flow 

NtC κ=∂∂  is the Euclidean heat flow equation satisfying 

the geometric smoothing property. To represent (4) using a 

level-set approach, we embed (4) in a level-set of a function 

u, and search for the steady state solution of (5). 
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A constant velocity term c is introduced in (6) as a balloon 

force to increase the attraction of the deforming contour to 

the boundary, and the final level-set surface moves 

according to (7). 
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2.3 Initial contour 

The level-set approach requires an initial contour as the zero 

level-set from which the active contour will then propagate. 

To choose a suitable contour for each region to be 

segmented, we take the probability map for each class and 

apply a low threshold of 0.1 on the probability so that only 
voxels with sufficient probability remain. Then 

morphological thinning and pruning are performed, and the 

resulting skeleton is used as the initial contour. 

2.4 Probability-weighted stopping function 

The general function g is used as the speed and halting 

feature for the evolving curve, and is generally chosen as in 

(8) where =1 or 2, and Î  is a smoothed version of I. An 

ideal edge has a feature value g of zero. 

ρ
I

Ig
ˆ1

1
)(

∇+
=       (8) 

However, with real images, the feature image is never 

truly zero at boundaries. Thus, the propagating curve never 

stops at the boundaries, only to evolve very slowly. We 

propose a modified feature function which is weighted 

based on the voxel probability. The signed weighting 

function would determine the propagation or shrinking of 

the contour for stable convergence of the solution. 

The propagation and shrinking varies in speed 

depending on the voxel probability. If the voxel has a high 

probability of belonging to a part of the contour, we expect a 

fast propagation. If the voxel has a low or zero probability 

of belonging to a part of the contour, we expect a fast 

shrinkage. If the voxel lies in between, we expect a slow 

variation of propagation or shrinking (Fig. 1). Tissue 

probability of 0.5 is used as a switching point for the 

evolution direction because when the posterior probability 

of a voxel exceeds 50%, the tissue/non-tissue competition 

and classification can thus be determined. 
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Fig. 1. Proposed probability weighting function 

The proposed weighting function is derived from the 

sigmoid function (9). By taking the inverse and substituting 

y=fi(x) and x=wi(fi(x)), we obtain the weighting function in 

(10) for the i-th class at position x given the voxel-wise 

probability fi(x). The higher the class probability is, the 

higher the weighting value is, and the faster the contour 

convergence is. 
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where  is a slope scaling factor. The contour would thus be 

constrained from propagating further outside the less 

probable region. The new feature function is therefore (11) 

instead of (8). Each tissue class type has a different feature 

map since each tissue class has a different probability map. 
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The geodesic active contour evolves under the same 

conditions as described above except that each contour now 

has its own feature map based on the proposed feature 

function (Fig. 2). 

Fig. 2. General sigmoid feature map and our modified feature 
maps for GM, WM, and CSF (left to right).

3. DATA 

Our tests utilized 18 synthetic volumes obtained from the 
BrainWeb simulated brain database [13-16] of the 

McConnell Brain Imaging Centre. The T1-weighted 

modality data and the provided phantom are 

1mm×1mm×1mm in spacing. Noise level varies at 0%, 1%, 
3%, 5%, 7% and 9%, and intensity non-uniformity varies at 

0%, 20% and 40%. 

The 20 normal MR brain data sets and their manual 

segmentations were provided by the Center for 

Morphometric Analysis at Massachusetts General Hospital 

and are available at http://www.cma.mgh.harvard.edu/ibsr/.
We selected only 10 datasets out of these 20 T1-weighted 

spoiled gradient echo volumes from the International Brain 

Segmentation Repository (IBSR) because of the existing 

intensity inhomogeneity problem which is not the focus of 

this study. The data are acquired coronally with 

1mm×3.1mm×1mm in spacing. 

4. RESULTS AND DISCUSSIONS 

We evaluated our results both quantitatively and 
qualitatively with the synthetic BrainWeb and real IBSR 

MRI data. 

4.1. Quantitative results 

Our results indicate that when comparing the 18 synthetic 

BrainWeb volumes with the provided phantom, our 

proposed method outperforms both SPM and FAST on 
average (Table I). SPM and FAST sacrifices WM for GM 

sensitivity performance, whereas our proposed method takes 

a more balance approach. 

TABLE I
AVERAGE PERFORMANCE OF 18 BRAINWEB VOLUMES

Gray Matter 
(%) 

White Matter 
(%) Method Metric 

Mean 
Std 

Dev 
Mean 

Std 

Dev 

Similarity Index 89.45  3.79 86.69   9.04 

Misclassification  5.17  2.25  3.72   2.07 

Vol. Difference 18.98 11.93 21.44 13.26 

Sensitivity 97.73  1.23 77.96 12.92 

SPM2 

Specificity 94.00  3.16 99.88   0.12 

Similarity Index 88.04  2.01 88.42  5.09 

Misclassification  5.48  1.14 3.40  1.20 

Vol. Difference  7.64  6.65 17.95  8.70 

Sensitivity 91.31  1.28 80.68  7.90 

FAST 

Specificity 95.42  1.66 99.73  0.27 

Similarity Index 91.40  2.56 94.45  2.16 

Misclassification  3.66  0.99  1.83  0.76 

Vol. Difference  5.03  4.47  5.06  1.65 

Sensitivity 89.16  4.49 93.64  0.42 

Proposed 

Method 

Specificity 98.36  0.10 99.07  0.97 

When comparing 10 real IBSR volumes with expert 

segmentation masks (Table II), our results are comparable 

with SPM and outperform FAST. We also achieved better 
consistencies with lower overall standard deviations. 

TABLE II
AVERAGE PERFORMANCE OF 10 IBSR VOLUMES

Gray Matter 

(%) 

White Matter 

(%) Method Metric 

Mean 
Std 

Dev 
Mean 

Std 

Dev 

Similarity Index 83.08  1.96 83.30  1.61 

Sensitivity 81.14  2.61 77.22  2.82 SPM2 

Specificity 77.12  2.56 95.40  1.07 

Similarity Index 73.81 13.06 74.73  6.33 

Sensitivity 68.94 17.15 86.59  7.09 FAST 

Specificity 77.46  4.25 73.12 17.99 

Similarity Index 80.03  3.11 83.69  2.36 

Sensitivity 73.74  7.77 85.13  2.86 
Proposed 

Method 
Specificity 90.42  2.30 89.65  2.60 
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4.2. Qualitative results 

We show a single slice result from our synthetic BrainWeb 

(Fig. 3) and real IBSR (Fig. 4) volumes, and highlight some 
problematic regions apparent when using the other methods.  

With BrainWeb data, our method preserved small holes and 

details unlike SPM2 and FAST. With IBSR data, SPM2 

masks and our masks are comparable with the manual 

segmentation, whereas FAST produced masks too smooth. 

Fig. 3. BrainWeb data and phantom (1st column), SPM2 (2nd

column), FAST (3rd column), and our results (4th column).

Fig. 4. IBSR data and manual segmentation mask, SPM2, FAST, 
and our results (top to bottom).

5. CONCLUSION 

This paper introduced a modified geodesic active contour by 

combining statistical and geometric information into the 

feature image to aid with GM and WM segmentation of 
MRI brain scans. Quantitative results for synthetic 

BrainWeb and real IBSR data indicated a superior, 

balanced, and consistent performance for our method 

against SPM and FAST. Qualitative results for synthetic 

BrainWeb and real IBSR data also showed successful and 

superior tissue segmentation. 
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