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Abstract 
Multispectral image analysis of magnetic resonance 

imaging (MRT) data has been performed using an empirically- 
derived clustering algorithm. This algorithm groups image 
pixels into distinct classes which exhibit similar response in 
the T, lst and 2nd -echo, and T, (with and without gadolinium) 
MRI images. The grouping is performed in an n-dimensional 
mathematical space; the n-dimensional volumes bounding 
each class define each specific tissue type. The classification 
results are rendered again in real-space by colored-coding 
each grouped class of pixels (associated with differing tissue 
types). This classification method is especially well suited for 
class volumes with complex boundary shapes, and is also 
expected to robustly detect abnormal tissue classes. The 
classification process is demonstrated using a three 
dimensional data set of MRI scans of a human brain tumor, 

I. INTRODUCTION 
Multispectral images can provide a wealth of information 

with which to discriminate structures within an imaged area. 
However, as the number of spectral channels increases, the 
task of reducing the data to a single interpreted image also 
becomes more complicated. Various techniques have been 
applied to the analysis of multispectral image data, including 
nearest mean techniques, parallelepiped segmentation, isodata 
clustering algorithms, spectral angle mapping, etc. Such 
classification techniques have been widely used in interpreting 
satellite imagery and aerial surveillance imaging. The use of 
multspectral image classification in interpreting magnetic 
resonance imaging (MRI) data has also been demonstrated 
previously using such methods [1,2,3]. In this work, we 
present a multispectral analysis technique which is based upon 
a new computed clustering algorithm derived fi-om human 
grouping decisions about real space arrangements of points 
[4]. The algorithm relies upon a geometric template which 
defines a visually-empirical region of influence (VERI). Use 
of the VERI template provides a computationally efficient 
means of grouping points into clusters in accordance with 
human spatial grouping decisions. By representing each (x, y) 
position from a related set of MRI images as a single point 
plotted in a multi-dimensional decision space, where each axis 
represents the equalized range of magnetic resonance 
relaxation times (TI, T,, etc.) in each image, the problem is 
effectively re-caste as one involving only the spatial grouping 

This paper describes the process by which a set of MRI 
images is translated into a collection of points in a multi- 
dimensional decision space, how representative training points 
are selected to initiate the definition of each tissue class, how 
the computed grouping algorithm is employed to group 
unclassed Dixels of similar MRI characteristics in anv number 

of points. 

of dimensions, and how the training data which define each 
tissue type are refined, and finally evaluated using a computed 
combinatorial analysis of the full dimension space in which 
the classification is performed. 

The application of the VERI algorithm to MRI data is 
motivated by the special properties of this classification 
method. Given appropriate examples of the tissues of interest, 
VERI can appropriately segment these distinct tissue classes 
with no restrictions on the complexity of the class boundaries 
in decision space. Furthermore, out-of-normal data are 
recognized as such by VERI, and the decision thresholds are 
implicitly contained in the empirical VERI template. Thus, 
user-defined multivariate rejection thresholds are not needed 
in order to robustly detect out-of-normal data. This property 
of the VERI-based grouping algorithm could prove useful in 
automated screening for abnormal tissues in MRI data. 

11. IMAGE CLASSIFICATION 

A. Magnetic Resonance Images 
In this work, we have used three separate, positionally 

aligned, magnetic resonance images of a tumor-containing 
brain to demonstrate the VERI-based classification. The three 
images, shown in figure 1, represent the lst and 2nd echo 
images of a T,-weighted (spin-spin relaxation time constant) 
MRI sequence and the image from a T,-weighted (spin-lattice 
relaxation time constant) MRI sequence. A fourth image, 
acquired using a T,-weighted sequence after injection of a 
gadolinium contrast agent, is later used to evaluate the VERI 
classed image. 

(4 (b) (c) 
Figure 1: Axial h4RI Images of a tumor-containing human brain - 
(a) T2-1Sf echo, (b) T2-2nd echo, and (c) Ti without gadolinium 
contrast agent. 

B. Mathematical Decision Space 
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The grouping of image pixels which exhibit similar MRI 
characteristics is performed by the VERI template in a 
mathematical decision space whose dimensions represent the 
range of signal intensity in each of the original images (shown 
in figure 1). The decision space for this example is rendered 
in figure 2 as three separate two-dimensional projections. The 
scales of the two axes of each 2D projection reflect the 
equalized pixel intensity range found in each pair of real space 
images. Each (x,y) point in the real space image is 
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represented by a single point in the mathematical decision 
space which has been positioned in accordance with the (x, y) 
point’s intensity in the two real space images being 
represented. The use of 2D projections, however, is purely for 
presentation clarity; the VERI template groups the points in 
the full n-dimensional space without excluding any 
dimension. 

(a) vs (b) (b) vs (c) (a) vs (c) 
Figure 2: Two dimensional projections of the three dimensional 
mathematical decision space in which the grouping of image pixels is 
performed by the VERI-based computed grouping algorithm. . Each 
2D-projection is labeled according to the pair of images in figure 1 
which it represents. 

C. Classed Image 
To apply the VERI grouping algorithm, a small number of 

representative points from each tissue type of interest is 
sampled fiom the data; their selection can be guided either by 
expert knowledge of the tissue anatomy, or by sampling fiom 
sites whose similarity is suggested by one or more of the raw 
MRI images. Each sampling of representative points is 
termed a class; the points defining a particular class’s MRI 
characteristics are called truining points. Proposed training 
points are plotted in the mathematical decision space and 
manually accepted or rejected based upon their degree of 
clustering. A small set of training points will serve as the 
initial definition of each class (or tissue type). The remaining 
pixels in the image, which have not been assigned a class 
identity, are called test points. Once an initial set of training 
data has been proposed, the VERI-based computed grouping 
algorithm is used henceforth to group the unclassed test points 
with the training data and extend the original training data. 

The process of determining whether each test point groups 
with one or more training points is termed ‘classifying’ the 
image. The grouping of a test point with a training point 
conveys the class identity of the training point onto the test 
point. This procedure is the sole means of assigning a class 
identity to pixels in the classed image. 

Once the training data has been refined through repeated 
application of the grouping algorithm, the grouped data are 
rendered again as a real-space image, as in figure 3a. Each 
pixel is colored according to the class into which it has 
grouped; it is colored black if it has not grouped with the 
mining data of any existing class, or white if it has grouped 
with multiple classes. Based upon these results, the class- 
defining training data are then refined in order to incorporate 
as many of the unclassed image pixels into one of the existing 
classes as possible, and to minimize the number of pixels 
which have grouped into more than one class. The boundaries 
of the n-dimensional, class-defming volume are governed by 
the selection of training points; adding or removing training 
points permits each class-defining volume to be refined. New 
classes may be created to represent points which did not group 
into any of the proposed, existing classes. Existing classes 
can be discarded if found to be not unique. Thus, the initial 
creation of classes suggested by the raw MRI images serves 
only as a starting point, and decreases in importance as the 
classification process proceeds. In this iterative manner, 

regions that may appear similar or indistinct from their 
surroundings in the raw h4lU images are resolved in the 
classification space and discriminated in the classed image. 

Comparison of the classed image with the T, measurement 
of the Gd-tagged tumor, (figure 3b), con fms  the computed 
classification of the red-classed tumor region. The green class 
found adjacent to the tumor represent regions of fluid. 

@) 
Figure 3: (a) Classed image resulting from classification of the three 
raw MRI images presented in section 11-A. Panel (b) is an MRI 
image recorded with the T i  signal after Gd-tagging of the tumor. 
The tumor region highlighted by Gd in panel (b) correlates well with 
the red class of the classed image; 

111. CONCLUSIONS 
The classification procedure described here serves only as 

the first step in the application of this technique to MRI image 
interpretation. Additional image types (Tl/T2, Gd images, 
etc.) can be included in the classification process by simply 
expanding the n-dimensional decision space. Once an 
accurate set of training data has been established for specific 
tissue types, the classification process ceases to require the 
initial, human “boot-strapping” necessary for classification of 
a totally unknown target. The training data fiom one image 
plane can be used to classify adjacent images planes and so 
construct a classed 3D image. Moreover, for MRI 
measurements using the same system settings (RF transmitter 
frequency, magnetic field strength, observed nuclei, etc.), the 
same training data could serve to class other image sets in an 
automated fashion - if variations in the chemical composition 
of tissue types across different patients are not too great. This 
is one of the future directions of this work. 
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