
Figure 1. Segmentation tool. 
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ABSTRACT 
We develop a multimedia system to support the whole process of the anatomical study of brain images. The 
system provides a segmentation tool to extract regions-of-interest from brain images, an education 
component to automate the process of reliable segmentation training, a toolbox mechanism to incorporate 
research components for actual analytical tasks on the brain data, and multimedia database support to 
store, manage, process, analyze and visualize 3D brain data and related information. 

1. INTRODUCTION 
The anatomical study of brain images aims to extract hidden patterns and new knowledge from the data to 
aid prognosis and treatment, and to develop a deeper understanding of the functions of brain structures. It 
involves many steps: (1) collection of brain images, (2) reliable segmentation of regions-of-interest (ROIs), 
(3) selection of relevant ROIs and task-related transformations, (4) actual analysis on the data, and (5) 
effective presentation of the result. Previous studies mostly concentrate on one or two of individual steps. 
For the convenience of medical researchers, we observe that there is a need to build an environment to 
support steps in the whole process. We develop such a multimedia system called TROI (Tracing Regions-
Of-Interest) for tracing and studying ROIs in structural MR (Magnetic Resonance) brain images. It 
attempts to (1) implement tools for above steps, (2) consider issues from user interface, computer-assisted 
education, image processing and analysis, and data and knowledge management, and (3) provide a 
multimedia environment to support the medical research of brain images. To achieve these goals, TROI 
includes segmentation, education, research, multimedia and database components. We describe the 
segmentation tool in Section 2, the education component in Section 3, two research toolboxes in Section 4 
and Section 5 respectively, and multimedia and database issues in Section 6.  

2. SEGMENTATION TOOL 
In anatomically related studies, after structural MR scans are 
collected, anatomical ROIs can be defined by doing segmentation on 
each slice of the image volume. Although some semi-automated 
methods for determining the boundaries of anatomical structures are 
available, much of this work is still done manually due to low 
contrast between brain tissues and also to individual topologic 
variations in the structures.  
Segmenting ROIs is one of the main functions in the TROI system. A 
brain navigator is implemented to navigate the brain volumes and 
help segment ROIs in the brain images. The navigator displays brain 
images in three orthogonal views: axial, sagittal and coronal, and 
users can use it to locate the desired slice. The segmentation tool allows users to define and save an ROI on 
any slice in any view. It also provides editing and clearing functions for existing ROI traces. Figure 1 
shows the interface when using the segmentation tool in the coronal view. 



3. TRAINING COMPONENT 
Currently, training people to reliably trace ROIs is time–consuming, as it involves manual demonstration 
and supervision. In addition, existing tracing tools [e.g., 3, 10] do not employ comprehensive reference, 
knowledge base and experimental training support to maximize the efficiency of the training process. We 
develop a training component in the TROI system to fill this gap. This component allows an expert to input 
and a novice to access necessary information in an organized manner via a user-friendly interface.  
An expert logs on in expert mode, where the system offers the authoring privilege and provides a library of 
brains of individuals that differ by gender, neurological disorder, and age in order to expose novices to a 
variety of tracing cases. The expert creates reliable ROI traces for each of the training cases. These become 
the standard ROI traces for training purposes. Along with these traces, the expert can also include related 
information (e.g., tracing manual, anatomical knowledge, expert’s experience) to help novices understand 
how a trace is generated and what resources are used to reliably trace a ROI.  
Novices log on in novice mode, which provides training functionalities based on the valuable information 
stored in a profile of a chosen expert. During the training process, they can access an online tracing manual 
to learn the basic steps of tracing a specific structure; can learn related anatomical knowledge and access 
useful references; and can ask the system for cues indicating the boundaries of the standard ROI. Once 
novices grasp the basic idea of how to trace a ROI, they can finish their traces independently, and then use 
visualization and evaluation tools to compare their traces with the standard one to know how good their 
traces are. Two evaluative approaches are available: one measures the volume difference between two brain 
structures; the other measures the shape difference between two polygonal traces on the same brain slice 
using Arkin et al.’s approach [1]. The visualization tools are described in Section 6. 

4. MORPHOMETRY TOOLBOX 
The morphometry toolbox is a research tool developed in the TROI system to discover shape differences in 
certain brain structures between groups (e.g., patients vs. healthy controls). Previous studies on 
morphological analysis of brain ROIs include landmark-based [6], deformation-based [5] and surface-
based [12] approaches. We develop an effective voxel-based approach to identify group shape difference.  
Our study uses 3D ROI images for analysis, each of which is reconstructed from 2D traces of a ROI 
segmentation result. A 3D ROI is stored as a binary 3D image, in which each voxel has a value of 0 or 1, 
which corresponds to excluded or included. To demonstrate our approach, we use hippocampus data from 
19 medicated patients with schizophrenia and 12 healthy controls. All images have the same dimensions of 
[30,60,30] (in isotropic 1mm voxels). In this study, we examine shape information only [6], i.e., all the 
geometrical information that remains when location, scale and rotational effects are filtered out from an 
object. Our approach is the following: we normalize each ROI by removing effects of location, scale and 
rotation; each normalized ROI (i.e., shape) is represented by a binary image; a voxel-based analysis is 
performed on binary shape images to measure the group difference at each voxel location.  
First, we use 24 hippocampi (12 flipped left ones plus 12 right ones) from controls to create a standard 
hippocampus as the template. SPM (Statistical Parametric Mapping) realignment tool [11] is used to 
realign 24 hippocampi to one of them so that all have a similar orientation. We calculate a sum image and 
an average volume for the 24 realigned hippocampi. The template is formed by all the voxels in the sum 
image having a value above a threshold. The threshold is picked automatically so that the template has a 
volume close to the average volume. The template is shown as the white area in Figure 2(1). 
Now we can normalize each hippocampus using the template to extract its shape information. We resize it 
to have the volume of the template to remove the scaling effect. We move it in its space so that its center of 
mass overlaps the space center to fix the translation effect. Using SPM realignment tool again, we realign it 



to the template to remove the effects of rotation. After performing the above steps for each hippocampus, 
we get two groups of normalized hippocampi containing just shape information.  
The next step is to perform a voxel-based analysis on these normalized hippocampi to create several 
statistical images showing the shape differences between groups. Two variables are involved: voxel value 
(Î { 0,1} ) vs. group value (Î { controls, patients} ). We want to find out, for each voxel location, if the group 
value affects the voxel value. The Pearson Chi-square [7] is the most common test for significance of the 
relationship between categorical variables. Thus, for each voxel, we calculate a Chi-square statistic using 
the following 2-way contingency table and formula (1).  

c2 = 
�

x,yÎ {0,1}(O(x,y)-E(x,y))2/E(x,y)             (1) 

where E(x,y) = O(x,* )*O(* ,y)/O(* ,* ). 
In the table, O(x,y) refers to the number of 
members in Group(y) whose hippocampi have a 
value of x (Î { 0,1} ) at the corresponding voxel 

location, where controls form Group(0) and patients form Group(1). The value of the Chi-square statistic, 
c2, together with a degree of freedom count (1 for Boolean variables), determines a significance value, p. 
This value, between 0 and 1, indicates the probability of witnessing the observed counts if the variables 
were really independent. If it is low, we reject the hypothesis that the variables are independent. We say a 
set of items is dependent at significance level x if the p value of the set is at most 1-x. For a p value of 0.05 
with one degree of freedom, the Chi-square cutoff value is 3.84. Any set of items with a Chi-square value 
of 3.84 or more is significant at the 1-0.05=95% confidence level. 
Figure 2(1) shows the result of our analysis for the right hippocampi. It includes both significant voxels (in 

black color) at a 95% confidence level and the template (in white color). In the lower-left view, the heads 
and tails of hippocampi include significant dependence between voxels and groups. 
However, from the Chi-square map, we cannot see if the dependences are positive or negative. To address 
this issue, we calculate a different statistic: I(x,y) = log 2 (P(x,y) / (P(x) *  P(y))), where x and y are two 
events, P(e) denotes the probability that e appears. This statistic is called mutual information (MI) [4]. MI 
statistic may be interpreted as the strength of dependence between x and y, because I=0 indicates 
independence, I>0 indicates positive dependence, and I<0 indicates negative dependence. In contingency 
table notation, I(x,y) = log 2 (O(x,y)/E(x,y)), since P(x)P(y) = E(x,y)/O(* ,* ) and P(x,y) = O(x,y)/O(* ,* ). 
Thus, an image of I(1,0)©s indicates the strength of the dependence that a control has a voxel in the 
corresponding location, while an image of I(1,1)©s indicates the strength of the dependence that a patient has 
a voxel in the corresponding location. 
Figure 2(2) shows the MI image of strengths of the dependence for controls’  right hippocampi (by 
calculating I(1,0)). Note that brighter area indicates stronger positive dependence, while darker area implies 
stronger negative dependence. In the lower-left view, we can see that controls tend to have more voxels at 

 Controls Patients Row-sum 

Voxel=0 O(0,0) O(0,1) O(0,* ) 

Voxel=1 O(1,0) O(1,1) O(1,* ) 

Col-sum O(* ,0) O(* ,1) O(* ,* ) 

Figure 2. Statistical images for  r ight hippocampi (middle slices of 3 or thogonal views are shown): (1) 
Chi-square image, (2) mutual information image for  controls, (3) mutual information image for  



the tips of head and tail (equivalently their hippocampi are more curved). Figure 2(3) shows the results for 
patients’  right hippocampi (by calculating I(1,1)). Patients tend to have more voxels in part of the tail, but 
their hippocampi are less curved. These statistical images can provide doctors with information of shape 
differences for a certain brain structure between groups. For instance, a hippocampus shape more curved 
than normal ones may indicate the subject is a schizophrenic patient. The information like this may help in 
diagnosis or prognosis.  

5. DATA MINING TOOLBOX 
The data mining toolbox in the TROI system is developed for investigating the problem of mining a large 
number of brain images. It includes two parts: synthetic ROI generation and efficient image summation. 
The synthetic ROI  generation part is used to create a large number of synthetic ROIs for data mining 
study, since we do not have large-scale real data sets at this stage. The synthetic data can also be used in 
medical image database research such as similarity search. Using hippocampus as an example, we develop 
an effective method for creating synthetic brain structures with good similarity properties: (1) shape – they 
look like real brain structure; (2) volume – they have a similar volume; (3) translation and orientation – 
they sit in a similar position with a similar pose; (4) volume difference – they are different from one another 
by a similar amount. 
Our approach uses deformation fields [2] to create synthetic images by warping one image to another. 
Assume that A, B, C are different normalized shape images. Let D be a deformation field created from 
warping image A to image B. Applying D to A, ideally, the result should be B. Then, if D is applied to 
image C, the result is a deformed version C© of C. Intuitively, if A is different from B, C tends to be 
different from C© in a similar way, and by a similar amount. 
We have collected 162 normalized real-life clinical hippocampi in our database. Since these hippocampi are 
considerably different from each other, we can use them to create a set of deformation fields, and apply 
these deformation fields to real hippocampi to get a large number of synthetic hippocampi. We use the 
Deformations toolbox (method described in [2]) in the SPM package to create the deformation fields from 
one image to another. In the experiment, we create about 100,000 synthetic hippocampi. Figure 3(1-2) 
shows a real hippocampus and a synthetic one. Figure 4(3-4) shows the sum of 162 real hippocampi and 

sum of 100,000 synthetic hippocampi. By checking a large random portion of the images in the result, we 
observe that this synthetic data set has all the desired properties listed earlier, and so we will use them as 
benchmarks for testing the performance of our image summation algorithms. 
The image summation part includes implementations of efficient algorithms for doing image summation, 
which is the most time consuming step in creating images of statistics like Chi-square and mutual 
information. The image summation is also a basic operation in general voxel-based statistical analyses such 
as estimation of means and analysis of variance [7]. When the number of images grows and image size 
becomes large, it is useful to calculate the image summation efficiently. Fast algorithms are especially 
useful for the on-line analytical tasks in large databases of brain structures.  

Figure 3. Middle slides in 3 or thogonal views are shown: (1) a real hippocampus, (2) a synthetic hippocampus, (3) 
sum of 162 real hippocampi, (4) sum of 100,000 synthetic hippocampi. A linear  grayscale colormap is used in sum 



Figure 4. Inser tion of segment (3,7) into 
the segment tree T(1,10). The related nodes 

are inside the dashed line polygon. 

We have n 3D binary images. Each image has dimensions of [dx,dy,dz]. We want to calculate the sum of 
them. A naïve way is to perform a voxel-by-voxel brute-force summation. We call this algorithm 
Naïve_Bin. This approach is inefficient when the number of images n grows or the image size [dx,dy,dz] 
becomes large, since the I/O cost and computation cost of Naïve_Bin are in the order of O(dx*dy*dz*n). 
To reduce the I/O cost, we can use line segments instead of binary voxels to represent a 3D object. A line 
segment could be along the x-axis, y-axis or z-axis. For simplicity, we consider only x-axis line segments. 
For example, (y, z, x1, x2) is an x-axis line segment, which denotes that all voxels along the line segment 
starting at (x1,y,z) and ending at (x2,y,z) belong to the object. The image file size can be greatly reduced if 
we use line segment format. The Naïve_Bin algorithm can be naturally extended to Naïve_Seg algorithm: 
(1) convert line segment images to binary images, and (2) add all binary images together using the 
brute-force approach. Clearly, Naive_Seg reads in much smaller data sets so that file I/O performance is 
greatly improved, but its computation complexity is still in the order of O(dx*dy*dz*n). 
To reduce the computation cost, we propose a set of more efficient approaches using a framework of (1) 
first counting all the input line segments and (2) then collecting the counters of all these segments to 
form the sum image. In the framework, we need a data structure LC to store line segments and the 
corresponding counters. The data structure LC should be designed for efficient insertion and search. In 
order to describe algorithm complexities, we use m to denote the total number of line segments in n input 
images. One implementation of LC is to create a counting array that provides a separate cell for each 
possible line segment to accumulate its counter. We call it the Counting algorithm. This algorithm takes 
constant time to count a line segment and O(dx

3*dy*dz) time to collect the counters and form the sum image. 
Thus, the computation cost is O(m+dx

3*dy*dz). The space requirement is Q(dx
2*dy*dz), which is equal to 

the total number of different line segments. 
In practice, the input images usually consist of only a small 
subset of all possible line segments, and thus most of space in 
the counting array is wasted. An alternative is to use AVL 
trees to implement LC so that the space cost can be reduced. 
We call this implementation the AVL_Tree algorithm. An 
AVL tree is a balanced binary tree where the height of the 
two subtrees (children) of a node differs by at most one. The 
time complexity of both search and insertion operations are 
O(log k) for an AVL tree containing k nodes. We create a 
separate AVL tree Ty,z for each combination of y Î  dy and z Î  dz. Ty,z stores x-axis line segments 
(y,z,x1,x2)©s, where x1,x2 Î  {1,2,...,dx}. In the worst case, Ty,z contains O(dx

2) nodes. Thus, the computation 
cost is O(m* log(dx

2)+dx
3*dy*dz)=O(m*log(dx)+dx

3*dy*dz). The worst case space requirement is 
O(dx

2*dy*dz). In practice, the worst case is hard to reach, and so the AVL_Tree algorithm usually requires 
less space than the Counting algorithm. The tradeoff is an increased computation cost. 
The space cost of tree-based implementations can be further reduced, if we modify the framework a little 
bit. For each input segment, we partition it into so-called canonical segments, count canonical segments 
only, and collect the counters of canonical segments to form the sum image. We use CLC to denote a 
memory data structure storing canonical segments and their corresponding counters. Now the only problem 
is how to implement CLC. Here comes the idea of the segment tree [9], which is a balanced binary search 
tree with canonical segments (a subset of all possible segments) as nodes. Figure 4 shows a segment tree 
T(1,10), which is designed to store segments whose extremes belong to the set {1,2,...,10}. The leaves are 
atomic segments (voxels in our case) and each internal segment is the concatenation of its offspring 
segments. Each node stores the segments that span its range but not that of its parent. In this way, if the 



Figure 5. Exper imental results. 

segment tree contains k nodes, each segment is stored in at most 2* log(k) nodes which partition the segment 
into its canonical parts. The segment tree can be used for our counting purpose. For example, segment 
(3,7) can be counted by incrementing the counters of its related nodes (3), (4,5) and (6,7) in segment tree 
T(1,10), see Figure 4. We use segment trees to implement CLC. We call it the Segment_Tree algorithm. 
We create a separate segment tree Ty,z for each combination of y and z. Ty,z is responsible for counting line 
segments (y,z,x1,x2)©s, where x1,x2 Î  {1,2,...,dx}. Ty,z contains 2*dx-1 nodes at worst. The computation cost 
is O(m* log(dx)+ dx

2*dy*dz). The worst-case space cost is O(dx*dy*dz). 
We implemented all the algorithms using C. We performed several experiments using our synthetic 
hippocampi on a Dell Precision 620 workstation with Pentium III Xeon 933MHz CPU and 1 GB memory 
running the Red Hat 7.0. Figure 5 shows the experimental results, where Naive_Bin uses binary images 
and the other four use x-axis line segment images. Clearly, the algorithms using the line segment format run 
much faster than Naive_Bin. Both Counting and Segment_Tree outperforms Naive_Bin by more than one 
order of magnitude. In the experiments using line segment 
format for calculating the sum of 100,000 images, we have 
38,712,017 total input segments, 302*60*30 = 1,620,000 
elements in the counting array, 62,816 different segments (i.e., 
62,816 AVL tree nodes in total) and 20,585 segment tree nodes. 
Our experimental results are clearly confirmed by these numbers 
and the algorithm complexities presented before. Based on these, 
we observe that (1) if the dimensions of the image are small 
enough to create the auxiliary array in memory, Counting is the 
best option; and (2) if the image is too large, Segment_Tree is a 
good alternative, since it saves both time and space compared 
with the AVL_Tree and Naïve_Seg. 

6. MULTIMEDIA AND DATABASE ISSUES 
TROI is basically a multimedia system, since our task is to store, manage, manipulate, process and analyze 
3D images and objects. Previously, we have described TROI’s functionalities of image segmentation, 
processing and analysis. Besides these, the TROI system also provides several visualization tools:  (1) three 
orthogonal views, see Figure 3(1-4); (2) 2D traces, see Figure 6(1); (3) 3D contours, see Figure 6(2); (4) 

Marching Cubes surface rendering [8], see Figure 6(3-5). These tools are useful for both training and 
research purposes. Novices can use these tools to compare their traces with the standard traces and find 
how good their traces look like. The researchers can also use these tools to help study brain structures. For 

Figure 6. (1) 2D traces, (2) 3D contours, (3-5) Marching Cubes sur face render ing for  left, r ight and both 
hippocampi. 



example, they can render hippocampus surfaces together for both patient and control groups and may find 
group difference by direct visual comparison or evaluation. 
Database support is also an important issue in the TROI system. There are many different types of data 
involved in the system, such as MR scan images, 2D traces, 3D structures, clinical information, analysis 
results like images of statistics, education information like anatomical knowledge and expert tracers’  
experiences, and so on. We have designed a database structure and developed a prototype using 
PostgreSQL to better organize and manage all these data. Work in progress is to connect this component to 
other components and incorporate real-life data. With the database support, researchers can actually select 
task-relevant data sets flexibly according to their interests and create on-line analytical results. 

7. CONCLUSION 
The TROI system is a new training and research environment for the anatomical study of brain images. As 
a segmentation tool, the system allows well-trained technicians to create traces of regions of interest for 
research use. As a training tool, the system provides a user-friendly and efficient environment for expert 
tracers to input standard traces, knowledge and references, and for novices to access that valuable 
information to automate their training process. As a research environment, the TROI system provides 
toolbox mechanism to incorporate research components for different analytical tasks on the brain data. As 
a multimedia and database environment, the TROI system provides effective visualization, evaluation and 
analysis tools for 3D ROIs in brain images, as well as a database component for better data integration and 
management. We are studying shape-based classification schemes. The goal is to learn good classifiers 
from training sets of 3D brain structures and use them to predict the class (e.g., patient or control) of any 
given new structure. New analytical tools developed from this study and other future studies will be 
incorporated into the TROI system. 
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