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ABSTRACT 

We are currently developing an algorithm for knowledge-based corre
spondence analysis in dynamic stereo images. In this paper we describe 
the feature selection algorithms and the relational data structure used 
for matching. We also present a clustering algorithm that is used to 
group the tokens into sets of similar tokens. The matching algorithm 
uses this classification information to plan a matching strategy. The 
least ambiguous image features are matched first and are used as a 'han
dle' for constraint propagation. We present two algorithms for feature 
selection in colour images —- a region grower and an interest opera
tor, as well as experimental results for point classification and region 
classification. 

I INTRODUCTION 

We are currently implementing a knowledge-based vision system called 
SISSY (Stereo Image Sequences SYstem) for 3-D reconstruction from 
dynamic stereo images using a knowledge-based approach. The input 
are colour images, since colour provides additional features for match
ing and also for the classification of boundaries. The system consists 
of the following modules: 
1. Modules to compute a rich structurad image description based on 
regions, edges, straight lines, vertices, critical points, texture, and op
tical flow fields 
2. A classification module [Dreschler-Fiicher Trlend184] performing 
a clustering algorithm on the features and grouping ambiguous features 
(according to some similarity criteron) into equivalence classes. The 
correspondence analysis starts with matching classes of features rather 
than features. Classes with only few elements are matched first, since 
unique features may provide a starting point for constraint propaga
tion. 
3. A matching module for knowledge based correspondence analysis, 
implemented as a blackboard system with supervisor, scheduler, dis
patcher, blackboard, attention list, and a procedural knowledge base 
for geometric and kinetic reasoning. 
4. The fuzzy temporal geometric scene description reflecting the state 
of the geometrical reconstruction accomplished so for — object descrip
tions, observer motion, moving and stationary objects, light sources —■ 
together with information on numerical accuracy and confidence. 
This paper describes the feature selection part of the SISSY-system; 
for a discussion of the correspondence analysis see Dreschler-Fucher 
86. 

II FEATURE SELECTION 

A. Region Growing 
There are two classical approaches to region growing — region growing 
via thresholding and region growing via merging [Zucker 76], Both 
approaches have advantages as well as drawbacks; region merging, gen
erally, suffers from a lack of global knowledge, whereas thresholding is 
problematic because of neglecting the local context. Therefore, we sug
gest a region growing algorithm by hierarchical clustering in 5-D feature 
space, that combines position information with colour features. Each 
pixel is represented by a feature vector consisting of the three colour 
features ROB and the two image coordinates. Thus, pixels have to be 

similar in colour and in position to form a cluster in 5-D space. Since 
the clusters will be flat and of arbitrary shape, we chose a hierarchi-
cal clustering based on the minimal spanning tree (MST), which does 
neither require a functional model of the data, nor a fixed number of 
classes [Zahn 11). Graph-based clustering reveals structure in the data 
and does not impose structure, like model-based classification. This is 
important, since we do not want to use scene-specific knowledge. 
Generally, the computation of the MST for a large data set is com
putationally expensive in storage and computation time requirements. 
These costs can be reduced considerably by the following observation: 
Typically, the nearest neighbor of a pixel in 5-D feature space is one 
of its 4-connected neighbors in the image. Therefore, we restrict the 
connections in the MST to those between 4-connected pixels. 
A nice property of this clustering algorithm is that each subtree of 
the MST directly corresponds to a 4-connected subregion of the image. 
Thus, segmentation is done by simply removing inconsistent edges from 
the MST. The MST provides global as well as local information to de
tect such inconsistent edges. Since there is no restriction on sise and 
shape of the regions, the MST-algorithm can detect ebngated, thin 
regions as well as compact regions. 
Burr + Chien 16 used a MST-algorithm region grower for black-and-
white images and report similar good results. Burr and Chiens's algo
rithm divides the image into a set of elementary regions and fits planes 
to those regions. The MST is then constructed from these elementary 
regions. Contrary to Burr and Chien we compute the MST for single 
pixels, and thus achieve a finer spatial resolution. This is possible, be
cause in colour images each pixel provides three intensity features, and 
thus we have a feature vector already on pixel level. 
Fig. 1 shows the segmentation result for the house scene from fig. 2. 
The image was recorded on a sunny day. The sky is entirely deep blue 
and the houses are painted in pastell shades, the left one is light brown 
and the right one is pink. The image has a resolution of 192*256 pix
els. Please, note that big compact regions are detected as well as small, 
ebngated regions. 

B. Points of Interest 
Points of interest are small local image features with significant varia
tion of the image density function in more than one direction. Examples 
of points of interest are small dots, vertices, or endpoints of lines. Fea
ture detectors for points of interest are usually called interest operators. 
Points of interest are important for 3-D reconstruction and correspon
dence analysis, since they provide well defined points for measurement. 
So far, interest operators have been developed only for black-and-white 
images. 
Our main concern has been to verity the significance of colour infor
mation for feature detection and correspondence analysis. Therefore, 
we decided to use the interest operator of Moravec 80 for first exper
iments with colour. Moravec's operator is easy to implement and we 
used this operator previously for motion analysis [Dreschler + Nagel 
St]. We adapted Moravec's operator to colour images by changing 
the computation of the directional variances. Instead of computing 
squared grey value differences, the squared differences of colour vectors 
are computed. 
Figure 2 shows the results obtained with the interest operator. Most 
of the visually interesting points are detected — see Bartsch et al. 88 
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for a detailed discussion. These results have comfirmed our assump
tion that colour is a helpful cue for feature selection. At present we 
are developing an analytical interest operator for colour images, since 
analytical interest operators are superior to heuristic operators with 
respect to the spatial resolution. 

C. Classification 
After feature selection the features are grouped into similarity classes 
according to a similarity function. The classification module performs a 
clustering algorithm on the features using the same similarity function 
that is used by the correspondence algorithm. The correspondence 
analysis starts with matching classes of features rather than features. 
Classes with only few elements are matched first, since unique features 
may provide a starting point for constraint propagation. 
The classification module uses a "minimal-spanning-tree"-algorithm for 
clustering, for the same reasons as the region grower. The minimal-
spanning-tree is segmented by removing all edges longer than a thresh
old that is computed from the mean edge length and the variance of 
the edge length in the minimal spanning tree. 

Classification of points — Fig. 2 shows classification results for 
the points of interest. The set of all points of interest is indicated by 
white markers. In each of the figures a and b one class of points is 
marked by black markers. Fig. 2a shows a class of "all points looking 
like the horisontal end points of cross-bars". Fig. 2b shows a class 
with only two members. There are some classes with points unique in 
the image and thus, a promising starting point for matching, e.g. the 
two top corners of the chimney. Please note that many points do look 
alike locally on pixel level, even when they are globally quite different 
in structure. The similarity function used for classification was the 
normalised cross-correlation in a 5-by-5 neighborhood. 

Classification of regions — The classification of regions is based 
on a distance function computed from several features: area, mean 
RGB-values, compactness, and the principle moments of inertia. These 
features are scaled to sero mean and variance 1.0 to provide a uniform 
weight for all features. 
Fig.3 shows results of the region classification. There is one big class 
of dark regions of more or less rectangular shape corresponding to the 
windows; A smaller class combines the five window regions that are 
darker than the others 
There are some classes with only one member, e.g. the sky region. 
Those unique regions may serve as starting points for the matching 
algorithm. 
In addition to guiding the matching process we want to exploit the 
classification as second-order-features. For example, a class of points 
of interest with many members is a cue to textured regions; classes of 
parallel lines are helpful to detect separate objets. 

lll IMPLEMENTATION AND CONCLUSIONS 

So far, we have implemented the modules for feature extraction from 
colour images that perform quite satisfactory (region growing, points 
of interest, edge detection) and a database for easy retrieval of struc
tural image descriptions together with a versatile interactive graphical 
display facility [Sprengel 86], and there are promissing results for the 
classification of points of interest and regions. Al l algorithms presented 
here are programmed in Ada. 
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Fig. 1: House scene: Segmentation results 
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