
 

Abstract—In this paper, we evaluate two segmentation 
methods on 15 brain tissue structures. One is narrow band level 
set method and the other is pattern classification method based 
on maximum a posteriori (MAP) probability framework. Two 
sets of experiments are conducted on 18 verified MRI brain 
data sets. Dice Similarity Index (DSI) is used to evaluate the 
closeness between our segmentation results and the gold 
standards, which were provided by experienced radiologists. 
The results for comparison of two methods are given and their 
potential applicability is discussed. Tissue structures such as 
left and right lateral ventricle have achieved over 70% DSI, 
while other structures such as third ventricle, caudate nucleus, 
globus pallidus, putamen and thalamus have achieved above 
60% DSI.  

I. INTRODUCTION 

N this paper, evaluations of two segmentation methods, the 
narrow band level set method [1] and a classification 

method [2], on a set of 18 verifiable MRI brain tissues [3] 
are provided. Two sets of tests are conducted on a total of 15 
brain tissue structures. The main purpose of this 
investigative work is to evaluate the applicability of these 
two automatic segmentation methods on the newly available 
manually-segmented brain structures. The Dice Similarity 
Index (DSI) [4, 5] is used as a measure of closeness between 
computer segmented tissue volumes and their corresponding 
published hand drawn results. Computer segmented results 
with mean DSI indices grater than 70% are considered to be 
acceptable, and such method is considered to be suitable for 
the application of segmenting specific tissue structures.

We first provide a brief summary of the two methods by 
introducing the basic concepts and their implemented 
functional flow charts in Section 2. A description of the test 
data is discussed in Section 3. Testing details together with 
parameter settings and results are presented in Section 4. 
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Conclusions and remarks are in Section 5. 

II. SEGMENTATION METHODS

A. Narrow Band Level Set Method 
Level set method [1] is a powerful numerical technique 

for tracking the evolution of interfaces moving under a 
variety of complex motions. It is a way to implement a 
deformable contour method with a velocity function. Unlike 
snakes or other deformable models, the level set method can 
overcome the problem of topology changes on the contour or 
surface during the evolution process. 

The key idea of the level set method is to assign a named 
value level set to each pixel of the image after an initial zero 
level set (initial contour) is placed in the object needed to be 
segmented. Each pixel’s level set value is updated based on 
the speed function F of that pixel. At any time, pixels with 
level set values equaled to zero are used to compose the 
contour. The speed function is generally related to the pixel 
intensity. Driven by the speed function, the contour (surface) 
will propagate to match the object’s boundary. To make the 
propagating contour accurately reach the object’s boundary, 
choosing an appropriate speed function is very important. 

The following expression is the popular speed function: 

( )( )KFFkF I 10 +=                        (1)

Usually 0 1F =  and 1( )K KF ε= − , whereε  is a value that 
controls the smoothness of the propagating curve or surface 
and is normally set at a very small value. K is the curvature 
of the curve or surface, which can keep the propagating 
interface smooth, and the stopping term Ik  is generally 
defined as an inverse function of the image or surface 
gradient and has values closed to zero at the boundary pixels 
where intensity gradient values are large and values close to 
unity in regions with a relatively constant intensity. This 
term is the primary factor to stop the propagation of the 
contour front at places with high image gradient. 
Specifically, different Ik will produce different results. 
From our test of the segmentation of different MRI brain 
tissues, we find that the following Ik [11, 12] provides us 
with the best results. 

BAkI ×=                             (2)
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where 1A h= + ∇  and )1/(1 2IGh ∗∇+= σ .
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=  and 0I  is the average intensity inside the 
contour. h∇ , the gradient of h, is often used as an attraction 
force that attracts the contour to locations with large image 
gradient. A large value of ( , )h i j∇  indicates that point ( , )i j

is close to strong edge segments. σG  is a Gaussian 

distribution with a zero mean and variance 2σ , I(i,j) is the 
intensity at pixel ( , )i j and * is the convolution operator. 
is the dynamic range of the interior intensity. ( , )A i j  has a 
large value when pixel ( , )i j  is close to a boundary. ( , )B i j is 
an exponential function, which can make the evolving 
surface stop at the objects’ boundary, especially for some 
indistinct objects. So the advantage of speed function with 

BA×  is that when the interface points are close to the 
boundary, the propagating interface can be attracted to the 
boundary with a large speed because of the large value of A.
Similarly, when the interface reaches the object’s boundary, 
the interface points will have a near zero speed because of 
the small value of B. 

To save computation time, the narrow band level set 
method is used. In this method, only pixels within a narrow 
band around the contour rather than all pixels on the image 
are updated in each iteration. A functional flow chart is 

given in Figure 1 for extracting 3D boundary surface. 

B. A Pattern Classification Method 
In this method, Markov models are employed to derive a 

recursive algorithm for computing the maximum a posteriori 
(MAP) probability [2]. The a priori probability is modeled 
based on a Markov Random Field (MRF) [6, 7]. Spatial-
Varying Gaussian Mixture (SVGM) model is used to model 
the intensity probability distribution of different tissue 
structures. A learning mechanism has been designed that can 
learn to classify tissue structures from a reference MR brain 
image, which has been segmented into different tissue 
structures by experienced radiologists and it is available in 
the internet [3]. The learning mechanism consists of two 
major parts: i) the learning process and ii) the verification 
process. The learning process uses a modified K-mean 
(MKM) algorithm to perform knowledge abstraction and 
representation. In order to assure that all learned cluster 
centers are located within the region of their respective 
representations, we employ the adaptive sample set 
construction (ASSC) algorithm [8] to increase the number of 
centers for each erroneously designated center until no 
additional center designation is needed. The verification 
process is to verify the validity of the learned knowledge 
using an MRF decision algorithm operating on the same 
image. Then, with the learned cluster center results and 
parameter settings, we apply a classification algorithm based 
on iterated conditional modes (ICM) [9] to the sequential 
MR brain image slices for structure segmentation. The 
parameter estimation and structure labeling algorithms are 
iteratively operated until the results converged. 

The complete segmentation algorithm consists of the 
following steps:  

1.) Use learning process to estimate the parameters of 
SVGM from the reference image.  

2.) Use the ICM algorithm to perform structure 
segmentation according to the parameters obtained 
from step 1.  

3.) Use the MKM algorithm to re-estimate the 
parameters according to the latest segmentation 
result.  

4.) Repeat step 2 and 3 until the results converged. 
This classification method is best suited for segmenting 

three major brain tissues: grey matter (GM), white matter 
(WM) and cerebral spinal fluid (CSF). To apply it to the 
structure segmentation problem and also to improve the 
speed, for each data set, we first obtain the region of interest 
that includes the ventricles and other deep GM structures. 
For each image slice, we use ventricle, one GM structure 
and the background to represent the three classes, CSF, GM, 
and WM, in the original algorithm respectively. 

III. TESTING DATA SETS

In our experiments, 18 MRI brain volumetric data sets 
were used. The MR brain data sets and 15 manually Fig. 1.  Flow chart for narrow band level set method. 
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segmented tissue structures were provided by the Center for 
Morphometirc Analysis (CMA) at Massachusetts General 
Hospital and are available at 
http://www.cma.mgh.harvard.edu/ibsr/ [3]. Each data set is a 
T1-weighted volumetric data with a data size of 
256 128 256. There are 7 data sets with an imaging 
resolution of 0.9375mm  0.9375mm 1.5mm (X Z Slice), 
6 data sets 1mm 1mm 1.5mm, and 4 data 
0.837mm 0.837mm 1.5mm. The imaging resolution of 
data set number 6 was not available from the publication 
(i.e. the internet). Manual segmentation results for 43 brain 
tissue structures considered to be the gold standards were 
provided by the authors of the CMA. We selected only the 
tissue structures from right and left hippocampus, right and 
left amygdale (combined), right and left putamen, right and 
left thalamus, right and left caudate nucleus, right and left 
globus pallidus, nucleus accumbens, right and left lateral 
ventricle and the third ventricle. We selected these 15 
ventricle and deep grey matter structures primarily because 
of their significance in clinical interests. The size and 
location of these structures as well as the applicability of our 
methods to these structures were also taken into 
consideration. All data sets have been ‘geometrically 
normalized’ to the Talaiarch coordination and have also 
been processed by the CMA ‘autoseg’, a biasfield correction 
routine, before they were published. 

IV. PARAMETER SETTINGS AND RESULTS

In this paper, we chose DICE similarity index [4] as our 
quantitative error measurement:   

( ) %100/2),( ×+∩= BABABAD               (3) 

where A denotes the area/volume of the gold standard and B
denotes the area/volume of the segmentation result obtained 
from our algorithms. BA ∩  denotes the number of 
pixels/voxels in the overlay of the gold standard and our 
segmentation result, A  and B  denote the number of 

pixels/voxels in the gold standard and our segmentation 
results respectively. Segmentation results with DSI over 
70% are considered to be excellently agreed with the gold 
standards [5, 10]. Both segmentation methods were apply to 
all 18 MRI brain data set to isolate the 15 tissue structures. 
For the narrow band level set method, seven parameters 
were selected after a rather careful experimental evaluation. 
Detailed information has been reported in elsewhere [12]. 
Two voxels were manually chosen as the initial centers and 
two 3x3x3 cubic surfaces centered at these two voxels were 
used as the initial surfaces. We found that further increasing 
the number of the initial surfaces did not substantially 
improve the performance. Total number of iterations n was 
set to 50 that was sufficient for our cases.  Time-step size T
was set to 1.6 unit time for all GM structures and 6 for 
ventricles. The average intensity of ventricle was 

significantly different from other GM structures and its 
boundary is rather clear, therefore larger value of T can 
increase the convergence speed without decreasing the 
accuracy. From our experience, we found that setting the 
bandwidth D to be 3 provided a good balance between speed 
and accuracy. Usually, the standard deviation with zero 
mean Gaussian filter,σ , is set between 0.5 and 1.2. In this 
work, we set σ  to be 0.6. ε  governs the smoothness of the 
propagating curve or surface and normally has a value 
between 0.005 and 0.5. A value of 0.025 was set forε . The 
intensity dynamic range of the interiorω, which was data 
related and was tuned to 8 in our study. These parameters 
were applied for all data sets. For the classification method, 
two different sets of parameters were selected. One was the 
numbers of initial cluster centers for each of three classes. 
They were set to 400, 5, and 10 for the background, GM 
structure, and the ventricle, respectively, and remained the 
same for all data sets. The other was the window sizes for 
searching the neighborhood cluster centers of a given pixel 
while calculating the maximum a posterior probability. The 
values of these parameters were between 5 and 15 pixels and 
varied according to structure size.

Test results for both methods are summarized in table 1. 

V. CONCLUSIONS

The narrow band level set method achieves acceptable 
results with DSI values greater than 70% and a reasonable 
STD for the left and right lateral ventricle. Next to this 
performance are caudate nucleus (right: 68.3% and left: 

TABLE 1
DSI PERFORMACE FOR BOTH METHODS

Narrow Band 
Level Set Method 

Classification 
Method 

Stru- 
cture 

Mean 
(%) 

STD 
(%) 

Mean 
(%) 

STD 
(%) 

Average 
Volume in 

Voxels 

RLV 75.32 8.03 78.00 4.90 6375 
LLV 71.0 12.73 75.54 5.41 5722 
RCN 68.3 9.39 54.14 6.56 2611 
LCN 71.3 6.87 59.09 7.93 2705 
RGP 68.3 5.18 50.74 9.69 1307 
LGP 62.0 8.44 54.64 6.99 1258 
RPU 64.9 7.68 45.04 10.39 3804 
LPU 61.9 7.71 49.94 6.11 3877 
TV 63.29 7.34 64.50 7.56 1450 

RTH 57.59 10.01 65.52 4.24 5905 
LTH 61.09 6.26 65.55 3.97 5955 
RHP 58.41 7.73 49.22 7.18 2794 
LHP 56.99 7.96 54.24 3.96 2803 
NA 54.93 7.32 47.77 9.08 791 

AMG 52.76 8.69 53.02 7.12 2351 

STD: standard derivation; RLV: right lateral ventricle; LLV: left 
lateral ventricle; RCN: right caudate nucleus; LCN: left caudate 
nucleus; RGP: right globus pallidus; LGP: left globus pallidus; RPU: 
right putamen; LPU: left putamen; RTH: right thalamus; LTH: left 
thalamus; RHP: right hippocampus; LHP: left hippocampus; NA: 
nucleus accumbens (left and right); AMG: amygdale (left and right); 
TV: third ventricle 
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71.3%), globus pallidus (right: 68.3% and left: 62.0%), 
putamen (right: 64.9% and left: 61.9%) and the third 
ventricle (63.29%). These results show that this method can 
be considered for the segmentation of these structures with 
care. The performances (i.e. DSI) for thalamus (right: 
57.59% and left: 61.09%), hippocampus (right: 56.99% and 
left: 54.93%), nucleus accumbens (54.93%) and Amygdala 
(52.76%) are all below 60%. In the current state, this method 
is not recommended for segmenting out these structures. 
Since all parameters for the narrow band level set method 
are consistent for all data sets, after a large number of data 
sets have been successfully evaluated, this automatic method 
can be considered for the segmentation of the lateral 
ventricle in the clinical application which often requires 
efficient and accurate method due to extensive number of 
data sets.  

The pattern classification method outperforms the narrow 
band level set method for the segmentation of the lateral 
ventricle. The results (a DSI of 78.00% with a STD of 
4.90% and a DSI 75.54% with a STD of 5.41% for the right 
and left lateral ventricle, respectively) demonstrated that the 
segmentation of lateral ventricle using the classification 
method is more consistent and accurate than the other 
approach. Apparently, it also seems to achieve better results 
for thalamus (a DSI of 65.52% with a STD of 4.24% and a 
DSI of 65.55% with a STD of 3.97% for the right and left 
thalamus, respectively) and the third ventricle (a DSI of 
64.50% with a STD of 7.56%). For other GM structures, the 
classification method fails to obtain acceptable results (all 
these DSIs were below 60%). The low intensity contrast 
among these GM structures is the major obstacle to the 
success of the classification method. The result can be 
substantially improved if the shape information of these 
structures can be incorporated into the decision making 
process. The drawback of the classification method is the 
requirement of varying parameter settings for different 
structures. In order to apply this method extensively in 
clinical usage, standardization of the parameters is strongly 
desired. 
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