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Abstract 

Segmentation of medical images is an important 
step in forming realistic tissue models. To assist in 
classifying the relevant literature, three generations of 
development are identified where each generation 
adds an additional level of algorithmic complexity. 
The first generation is composed of the simplest forms 
of image analysis, the second is characterized by the 
application of uncertainty models and optimization 
methods, and the third incorporates knowledge into 
the segmentation process. The progress toward fully-
automatic segmentation is discussed and sources of 
segmentation software from industry and academia 
are identified, along with databases for segmentation 
validation.  

1. Introduction 

Segmentation of structural, magnetic resonance 

(MR) images is an important step in the formation of 

realistic tissue models, such as those used in EEG 

source localization [1]. Automatic segmentation 

methods offer a mechanism for overcoming the tedium 

involved in the manual segmentation of large datasets, 

and also promise reproducibility which is difficult 

with manually-defined results [2]; however, 

significant problems must be overcome to achieve 

segmentation by automatic means and it remains an 

active research area [2], [3]. 

Segmentation of medical images involves three 

main image-related problems. Images contain noise

that can alter the intensity of a pixel such that its 

classification becomes uncertain, images exhibit 

intensity nonuniformity where the intensity level of a 

single tissue class varies gradually over the extent of 

the image, and images have finite pixel size and are 

subject to partial volume averaging where individual 

pixel volumes contain a mixture of tissue classes so 

that the intensity of a pixel in the image may not be 

consistent with any one class. 

To assist in classifying the large number of medical 

image segmentation methods that have been devised, 

we divide the literature into three generations, each 

representing a new level of algorithmic development. 

The earliest and lowest-level processing methods 

occupy the first generation. The second is composed 

of algorithms using image models, optimization 

methods, and uncertainty models, and the third is 

characterized by algorithms that are capable of 

incorporating knowledge.  

We focus primarily on the segmentation of 

structural, magnetic resonance (MR), head images 

although many methods can also be applied to other 

image types and to images from other modalities. 
In the following, the three generations of medical 

image segmentation are first identified. Sources of 

available segmentation software and of on-line, image 

databases with ground-truth segmentations suitable for 
algorithm evaluation are also provided and the 

progress toward fully-automatic methods is discussed. 

2. Three generations of development 

The first generation includes low-level techniques 

where little, if any, prior information is included. For 

example, the application of intensity thresholds, region 

growing, and heuristic edge tracing. These methods 

are subject to all three of the main image segmentation 
problems.  

Method development diverges from the first-

generation with the introduction of uncertainty models 

and optimization methods as well as a general 

avoidance of heuristics. Efforts are made to overcome 

the three main segmentation problems but results 
remain data-dependent. 

Examples include statistical pattern recognition, 

c-means clustering, deformable models, optimal graph 
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search algorithms, neural networks, multiscale 

analysis, minimal-path edge following, and 

statistically-based target tracking applied to edge 

following. 

While second-generation optimization methods 

and uncertainty models are important and should be 
used, they are not sufficient in themselves to produce 

accurate, automatic segmentations, in the general case. 

Methods that incorporate higher-level knowledge such 

as a priori information, expert-defined rules, and 

models (e.g. shape) of a desired object constitute the 
third generation. 

Examples include: statistical shape and 

appearance models, which impose limits on 

deformable models; atlases, tissue maps formed from 

manual segmentations and represented in a standard 

coordinate space, which are often used to provide a 

priori information for statistical pattern recognition; 
and, rule-based segmentation, where rules encapsulate 
domain knowledge such as anatomical knowledge of 

the shape and position of an image object. 

3. Segmentation software 

A large number of software packages exist from 

commercial, government, and academic sources. A 

comprehensive list is maintained in the Internet 

Analysis Tools Registry [4] by the Center for 

Morphometric Analysis at the Massachusetts General 

Hospital. The Neuro Image Analysis group at the 
University of North Carolina at Chapel Hill also 

maintains a webpage with links to a number of 
software-download sites [5]. 

4. Validation databases 

Evaluation of results from automatic 

segmentation of in vivo images is usually 

accomplished by comparison with segmentations 

made by experts. Additional evaluation of an 

algorithm is possible by the analysis of synthetic 

images or images of physical phantoms [3].  
Available resources include a synthetic brain 

database formed by MR simulation [6], real, MR 

images with manually-guided segmentations [7], and 

simulated inter-subject head deformations for 

validation of atlas-based segmentation methods [8]. 

5. Discussion 

The three generations of development represent 
progress toward fully-automatic medical image 

segmentation. The methods in each generation can 

often be linked to those of previous generations based 

on three primary modes of operation: region 

identification, boundary following, and pixel 
classification. These are summarized in figure 1. 

Results from all first and second-generation 

methods can be expected to require manual correction 

to be clinically useful. Among the third-generation 
algorithms, there is indication that certain atlas-based 

methods can compete with manual segmentations [9] 

although atlas selection, atlas registration procedure, 
and the manual tracing protocol used in atlas 

formation are factors that can affect performance [10].  

Operation Category 

Gen. Region-based Boundary 

Following 

Pixel 

Classification 

1
st • Region 

growing 

• Edge tracing 

(heuristic) 

• Intensity 

threshold 

2
nd

• Deformable 

models 

• Graph search

• Minimal path 

• Target tracking 

• Graph search 

• Neural 
networks 

• Multiscale 

• Statistical 

pattern 
recognition 

• C-means 
clustering 

• Neural 
networks 

• Multiscale 

3
rd 

• Shape models

• Appearance 

models 

• Rule-based 

• Atlas 

• Rule-based 

Figure 1. Method summary 
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