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R&mC 
Le dbeloppement de techniques pour la reconnaissance cie 
formes, au sens @e, est (ut pas important d4N le &el- 
oppement & syst2mes intelligents qui peuvent irre utilisks 
dans des applications rielles. Dans cer article, mus nous 
prvposons de aYjinir des techniques de reconnaissance 
gkmhles et rvbmes en utilisaru des repriserumions inrer- 
tnkiiaires des dotmkes qui ne requizrent pas l'cxrraction & 
reprksentatwns strucnvelles explicires. Ces techniques sont 
baskes sur une d@nition pricise des reprisentations des 
donnies, itant domke une tiiche de reconnaissance. Trois 
exernples sont utilisis pour iUusrrer cene appmche. Lcs ex- 
emples sont choisis dims les domaines & reconnaissance 
d'objets. reconnaissance d'images. et rcconna3sance 
d'h2mments dans des skquences d'images. Des applica- 
tions d des pmbl2mes indusrriels et scientifIquu sont &de- 
ment prisenttk 

Mots Clef 
Reconnaissance d'objets, reconnaissance d'images, 
sQuence d'images. 

Abstract 
Thr development of shape rewgnition techniques. in its 
b&t sense, is a key step toward dcvcloping ituelligeru 
system that can opeme in the real world In this paper; we 
argue that geneml, m i e n t ,  shape recognitwn techniques 
that use intennedime representationr of the &a without m- 
quiring remictive, higher-level rcprcsentaziotu can be &- 
signed The key is proper engineering oj the h a  
reprcrenmtwn, based on the m e t  task and of the compar- 
ison algorithm used for compa*g observed and d e l  da- 
ta Three examples are used to illustrare this appmach Thc 
examples are in the area of 3-0 object recognin'o4 image 
recognition, and recognition of events in sequences of itnag- 
es. Applications to inaksrrial and scientific probkm am 
also discussed 

Keywords 
Object recognition, image recognition, image s6quences. 

1 Introduction 
The development of object recognition techniques, in its 

broadest sense, is a key step toward developing intelligent 
systems that can operate in the real world. This endeavor 
will be successful only if techniques that are, at the same 
time. efficient, robust, and general, can be developed. The 
situation is complicated by the fact that massive amounts of 
data have to be handled, e.g., images or sequences of imag- 
es. The traditional way of approaching object recognition 
problems is to define high-level representations that carry- 
geometric or semantic information that is presumably easier 
to manipulate than the data itself. For example, features in 
images are compared between observed data and model r e p  
resentation. Supposedly, this approach leads to efficient al- 
gorithms because of the reduction in the volume of data to 
be manipulated for recognition. 
Unfortunately, it is generally the case that extxacting such 
structural or semantic representations fiom raw data is in it- 
self a difficult problem which quires algorithms that are, 
unfortunaccly. neither efficient nor robust At the same time, 
because of the drastic simplifications and data reduction that 
they entail, high-level representations can never accurately 
encompass the broad ~ptctnrm of entities that they arc in- 
tended to represent; no representation can k as rich as the 
data itself. A similar o b m t i o n  was made by Brooks ear- 
lier in the context of mobile robots: 'The world is its best 
model." 
Bared on thost observations, it would seem that a better way 
to ippmrch recognition problems would be to stay as close 
to the dur u possible. More precisely, in this approach, the 
raw input data. either from the observed signals or from the 
stored models. is re-arranged so that different data sets can 
be directly canpued. This type of approach has been used 
in m y  fields. For example, in speech recognition, moving 
from futurc-bud structural algorithms to data-based al- 
g o r i h  b a d  on MRF rcprcsentations has been tremen- 
dously successful. In computer vision, the introduction of 
area-based matching for stereo. a technique that works di- 
rectly with the raw data, in favor of feature-based techniques 



has led to an explosion in the number of systems in practical 
use. In the area of object recognition in images, the use of 
image comparison has been successfully used in limited cas- 
es such as the eigen-images techniques for the recognition of 
isolated objects and some of the face recognition techniques. 
For more complex recognition tasks, such as 3-DB-D or 3- 
DL2-D recognition, however, the techniques still rely largely 
on high-level representation. In this paper, we argue that it is 
possible to design general, efficient, shape recognition tech- 
niques can be designed that use intermediate representations 
of the data without requiring resbictive, higher-level rcpre- 
sentations. The key is proper engineering of the data repre- 
sentation, based on the target task, and of the comparison 
algorithm used for comparing observed and model data 
Since it is difficult to make general statements about such 
techniques, the approach is illustrated through three exam- 
ples that addms increasingly less constrained recognition 
problems. 
The first example is in the most traditional area of shape rec- 
ognition: 3-0 to 3-D recognition. This example will show 
that, by projecting the raw 3-D data into the appropriate 
space, discriminating signatures in the form of 2-D signals 
can be created for every point on a surface, and that those 
signatures can be directly used for comparing and matching 
surfaces. The second example addresses a less constrained 
problem of recognizing 3-D objects from prior 2-D observa- 
tions of the object in its MW environment This example 
will show that recognition can be achieved by comparing 
image structures without feature matching, provided that the 
appropriate attributes are extracted from the images. This 
approach borrows heavily from, and benefits from, classical 
developments in the area of image registration and mosaic- 
ing. Enally, the third approach considers a much broader 
recognition problem in which the entities to be recognized 
include not only shape and appearance information, but also 
information about the change in shape and appearance over 
time. Although this problem uses weaker models. it can be 
shown that, with the proper data representation, effective 
recoe&.ion strategies can be designed. 

data representation 

comparison 

data representation 

Figure 1: Two approaches to recognition. 
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Demonstrating those techniques in actual applications is 
critical in order to validate claims on efficiency and robust- 
ness. ?be first example was extensively applied to interior 
mapping applications in industry, and well as 3-D model 
buiIding applications. In this case, objects were reliably rec- 
ognized in hundreds of images of industrial environments in 
a system operable by untrained users. The second example 
was used in the context of mobile robot positioning using 
landmark recognition. Recognition was performed on out- 
door scenery with little control over the illumination and 
viewpoints. Full-scale integration in robot systems is under 
way. The third example was developed in the context of a bi- 
ological application in which the developmental history of 
embryos is automatically recovered from large sequences of 
microscope images. Recognizing events and sequences of 
events in such sequences leads to a better understanding of 
the morphogenesis of the development and, possibly, to the 
discovery and understanding of mutations. 

2 
models and application to interior mapping 

Object recognition with strong geometric 

The first example addresses the most traditional aspect of 
shape recognition: recognizing three-dimensional objects in 
complex scenes. This problem is a traditional one that has 
been extensively studied. In typical approaches, higher-level 
representations are computed fiom the 3-D data in the form 
of surface features, parametric surface patches, or represen- 
tations of parts, such as generalized cylinders and are then 
compared to similar representations for the shape models. 
Although great progress has been achieved in this area, the 
existing approaches require a substantial amount of algorith- 
mic machinery to construct high-level representations from 
data sets in a manner that is robust to noise, clutter, and oc- 
clusion. Furthermore, most techniques impose severe limita- 
tions on the class of objects that they can manipulate because 
of strict constraints on the type of surface representations' 
that they use. 
The alternative explored here is to attempt to compare 
shapes by directly comparing point sets using the appropn- 
ate data strucnne~ and the appropriate comparison func- 
tions The key to this approach is to transform the data fi-om 
a format that is hard to manipulate, Le., 3-D surfaces, to a 2- 
D image format for which an arsenal of processing and 
matching operators exists. Results obtained using this ap 
praacb show that careful engineering of the data representa- 
tion leads to effective mgnition techniques suitable for a 
variety of applications. 

This section is an brief overview of the data representation 
and the corresponding recognition algorithm. Detailed de- 
scriptions of the basic representation, algorithms, and theo- 
retical analysis of clutter can be found in [I61 and [17]; 
applications to surface registration can be found in [ 191; s u p  

acrmont-Ferrpnd Janvier 1- 
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porting algorithms for surface filtering and sampling are de- 
scribed in [18]. 

2.1 Data representation 
Given an object, consider as a basic shape element an orient- 
ed point, defined by a point p on its surface and the normal 
vector n at p. The pair 0 = @p) defines a local coordinate 
system using the tangent plane Pthroughp oriented perpen- 
dicularly to n and the line Lthroughp parallel ton. The two 
coordinates of any point q in this basis are a, the perpendic- 
ular distance to the line L and 8 the signed perpendicular 
distance to the plane 4 A straightfoxward mapping So that 
maps 3-D points x to the 2-D coordinates of a particular ba- 
sis @.n) corresponding to oriented point Ocan be defined. 
Each oriented point 0 on the surface of an object has a 
unique mapping So associated with it 

When So is applied to all of the other points on the surface 

of the object, a set of 2-D points is created which can be rep 
resented by an image Io lo is a description of the shape of 
an object because it is the projection of the relative position 
of 3-D points that lie on the surface of an object to a 2-D 
space where some of the 3-D metric information is pre- 
served. Since the images describe the shape of an object in- 
dependently of its pose, they are objectcentered shape 
descriptions. 
Another way to view the image Io is as a two-dimensional 
signature associated with 0. Although this signature is not 
unique, it can be shown that, for a general curved object, 
points can be discriminated based on this signature alone. 
More precisely, correspondences are established between 
oriented points by comparing their corresponding images. 
Comparing the 2-D signature images is a fast operation 
which can be performed for a large number of points, thus 
making recognition possible. In other words, by selecting 
the appropriate data representation, matching becomes a 
simple image comparison operation. 
Figure 2 shows some images for a CAD object. The h g e  
values arc encoded so that the d a r k  a pixel is, the more 
pOints(~5b) have fallen into the corresponding bin. A num- 
ber of technical issues such as image resolution, smoothing 
and quantization have to be addressed in order to generate 
those images; those issues are not described in detail here. 
‘The idea of encoding tht relative position of many points on 
the Surfact  of an object in an image or histogram is not new. 
k u c h i  e t  al. [ 141 propose invariant histograms for SAR tar- 

‘ “get recognition. This work is view-based and rtquireS fea- 
ture extraction. Gukziec and Ayache [12] store parameters 

points along a curye in a hash table for efficient ‘ ;natching of >D cwes .  Their method requires the e x m -  

C 

5. ‘for 

.e tion of extremd curves from SD images. 
I r. . .. 
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J?igure 2: Some example images generated for thru dif- 
ferent oriented points on a CAD model of a valve 

Chua and Jarvis [q present an algorithm for matching 3-D 
free-form surfaces by matching points based on principal 
cu~ahl~es. Similarly, ’Ihirion [37l presents an algorithm for 
matching 3-D images based on the matching of e x t r e d  
points using curvatures and Darboux frames. Pipitone and 
Adams [27l p r o p  the tripod operator which, when placed 
on the surface of an object, generates a few parameters de- 
scribing surface shape. Bergevin et  al. [2] propose a regis- 
tration algorithm based on matching properties of triangles 
generated from a hierarchical tessellation of an object’s sur- 
face. The approach presented here differs from these be- 
cause the images computed at each point are much more 
d x n m m a h g  than principal curvatures and angles used in 
other approaches. 

. . -  

2.2 Recognizing shapes 

Images generated from the scene and the model will be sim- 
ilar because they are based on the shape of objects imaged. 
However, they will not be exactly the same due to variations 
in surface sampling and noise from different views. For ex- 
ample, in Figure 3 the vertex positions and connectivity of 
two models of a femur are different, yet the images from cor- 
responding basis points are similar. The key in finding cor- 
responding points on two srnfaces is to define a suitable 
shape comparison function which can compare the images 
as defined above and be robust to noise, occlusion, and sam- 
P W -  
The linear nonnaliztd cornlation coefficient provides a sim- 
ple way to compare two images that can be expected to be 
similar across the entire image. In practice, images generat- 
ed from range data wil l  have clutter (extra data) and occlu- 
sions (missing data). A first step in limiting the effect of 
clutter and occlusion is to compare these images only at the 
pixels where both of the images contain valid data. In other 
words, tht data used to compute the linear correlation coef- 
ficient is taken only from the region of overlap between two 
images. In this case, knowledge of the image generation pro- 
cess is used to eliminate outliers in the correlation computa- 
tion. 

Clcrmont-Fcrrand Jamkr 1998 



F i i  3:: Images generated from two different sam- 
plings of a model of a femur. Although the samplings 
andifferent,theimagesgeneratedfromcorresponding 
pointsuedmilac 
Since the linear cornlation coefficient is a function of the 

number of bins used to compute it, the amount of ov- 
will have an effect on the cornlation coefficients obtained. 
The more bins used to compute the conelation coefficient, 
the more confidence then is in its value. The variance of the 
cornlation coefficient is included in the calculations of the 
relative similarity between two images so that the simihity 
measure between pairs of images with differing amounts of 
overlap can be compared. The actual similarity function C 
used for comparing images P and Q where N is the number 
of overlapping bins is: 

The similarity function will return a high value for two im- 
ages that are highly correlated and have a large number of 
overlapping bins. The change of variables, a standard statis- 
tical technique ([lo] Chapter 12) performed by the hyper- 
bolic arctangent function, transforms the correlation 
coefficient into a distribution where the Varianct is indepen- 
dent of the mean. The coefficient 2. is used to weight the 
variance against the expected value of the correlation coeffi- 
cient 
Before recognition (off-line), images are generated for all 
points on the model surface mesh and stored in an stack. At 
recognition time, a Scene point is selected randomly from 
the scene surface mesh and its image is generated. The scene 
image is then compand to al l  of the images in the model im- 
age stack and the similarity value C for each image pair is 
calculated and inserted in ahistogram- 'Ihisp-to es- 
tablish point conespondences is repeated for a random sam- 
pling of scene points that adequately cover the scene surface. 
Possible comsponding model points am chosen by finding 

for each scene point This method of choosing comspon- 
dences is reliable for two reasons. Fmt, if no outliers exist, 
then the scene point has an image that is vcry similar to all 
of the model images, sa definite comspondences with this 
scene point should not be established. Second, if multiple 
outliers exist, then multiple model points are similar to asin- 
gle Scene point, and thus should be considered in the match- 
ing procws. For this, a standard outlier detection method is 

the upper outliers in the histogram of the shilarity values 

used (POI Chapter I). Fim 4 shows a similarity measure 
histogram with detected outliers. 

3 0 0 r  1 

During matching, a single point can be matched to more than 
one point for tworcasons. Fint, symmetry in the data and in 
image generation may cause two points to have similar im- 
ages. second, spatially close points may have similar imag- 
es. Furthermore, if an object appears multiple times in the 
scene, then a single model point will match multiple Scene 
pints. 

Tbe similarity measure provides a way to rank correspon- 
dences so that only reasonable correspondences are estab- 
lished During matching, some points selected from scene 
clutter may be incorrectly matched to model points. Howev- 
er, given the numerous corrtspondences, it is possible to rea- 
son about which correspondences are actually on the model 
based on properties of the comspondences taken as a group. 
This integral approach is robust because it does not require 
reasoning about specific point matches to decide which cor- 
respondences are the best This approach is in contrast to hy- 
pothesi and test and alignment paradigms of ncognition 
where the minimal number of correspondences rtquircd to 
match model to scene are proposed and then verified througb 
some other meaos. 

First, the similarity measucc is used to remove unlikely cor- 
respondences. All cmqcmdcnces with similarity mwurts 
tbat are less than a given fraction of themaximum similarity 
measure of all of tbe corrcspondcaces ut el imhatd 

The second method for filtering out unlikely comspoodeac- 
es uses geometric consistency which is a measure of the like- 
lihood that two correspondenas can be grouped togetha to 
calculate g mnsfodon  of model to scene. If a comspon- 
dence is not geometrically cOnSiStent with othcr comspon- 
dences, then it CaMOt be grouped with otber 
correspondences to c a l c u b  a transfamation, and it sbould 
be eliminated. 

rn 18 aermont-Fcrrand Jamkr 1998 RFIA'98 



n m  scene 

Figure 5: Three scene points and their best matching 
model points shown with associafed best matching imag- 
es for a simple scene. 

Single correspondences cannot be used to compute a trans- 
formation from model to Scene because an oriented point ba- 
sis encodes only five of the six neceSSary de- of 
freedom At least two oriented point correspondences are 
needed to calculate a transformation if position and normals 
are used. To avoid combinatorial explosion, geometric con- 
sistency is used to cluster the correspondences into a few 
groups from which plausible transformations are computed. 
Since many correspondences are grouped together and used 
to compute a transformation, that resulting transformation is 
more robust than one computed from a few correspondenc- 

The verification algorithm is a formulation of the iterative 
closest point algorithm [38] that can handle partially over- 
lapping point sets and arbitrary transfommions because it is 
initialized with a transformation generated from correspon- 
dences determined by matching of images. 

es. 

WfidConespondences spread- 

Figure 6: During ver%cation, initial correspondences 
are spread over two views (one wirefram e, the other 
shaded). Correspondences are prevented from being 
established outdde the overlap of the views. 

Verification starts with an initial set of point comspondenc- 
es from which the Cransfonnation of model to scene is com- 
ptcd and then applied to the model points. For cach 
comspondence, new comspondences m established be- 
tween the nearest neighbors of the model point and nearest 
neighbors of tbe comsponding scene point if the distance 
between dosest points is less than athresholdD, By finding 
scene points that B I ~  close to model points, this step grows 
the cOmSpOndenceS from those correspondences already es- 
tablished. The transformation based on the new correspon- 
dences is computed and then refined using traditional ICP. 
The growing process is repeatad until no more correspon- 
dcncescanbecstablisbod. 
Figure 6 ill- how initial correspondences, established 
by matching images, are spread over the surfaces of two 
range views of a plastic model of the'head of the goddess Ve- 
nus. 'Lhe carnspondences arc established only in the regions 
where the two surface meshes overlap, thus preventing a 
poor registdon caused by correspondences being estab- 
lished between non-overlapping regions. 
The recognition algorithm can be easily extended to simul- 
taneous recognition of multiple models. Recognition with 
multiple models is similar to recognition with one model ex- 
cept that each Scene point is compared to the images stored 
for all the models. The rest of the algorithm is the Same ex- 
cept that correspondences with model points from Merent 
models are prevented from being clustered. 

2.3 Limiting the ef€ect of clutter and occlusion 

Because an image is a global encoding of the surface, it 
would seem that any disnrrbance such as clutter and occlu- 
sion would prevent matching. In fact. this representation is 
resistant to clutter and occlusion, assuming that some pre- 
cautions arc taken. This will be described in detail in 
Section 2.3. 
In real scenes. clutter and occlusion are omnipresent. Any 
object recognition system designed for the real world must 
somehow deal with clutter .ad occlusion. Some systems 
pa fo rm segmentation before recognition in order to sepg- 
ratc clutter from intaesting object data Tbe effect of clutter 
is manifested as a corzuptioo of the pixel values of images 
geaauad from the scene dam To m e  extent, the effect of 
clu- and occlusion can be limited by computing the imag- 
es only I d l y  around each basis point 'Ibis is done by lim- 
iting the maximum distance between the oriented point basis 
and rpo&in the mesh contributing to the image and by lim- 
iting the angle between the oriented point basis surface nor- 
mal and the surface o m  of otha points on the surface. 

In order to quantify the effect of clutter. a simple model can 
be built for elliptical objects. Tbe clutter model combines the 
angular and distance thresholds explained above with the 
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fact that objects of non-zero thickness cannot intersect to 
show that clutter is limited to connected e o n s  m images. 
The size of these connected regions can be evaluated based 
on the percentage of clutter in the scene. F d y ,  the de- 
crease in similaritydue to clutter can be estimated based on 
the size of the clutter regions. 

Clutter and occlusion manifest themselves as extra and miss- 
ing points in the scene where the number of these points is 
bounded. Therefore, it is m n a b l e  to assume that the total 
change Sj of any pixel in a scene image that is corzupted by 

clutter data is bounded 184 5 6. Assuming that the number of 

corrupted pixels in the scene image is Ncand the total num- 
ber of pixels is N and that the model and scene pixel values 
B T ~  normalized on [0,1], it can be shown that the lower 
bound on the correlation coefficient when comparing model 
and scene images is: 

where a: is the variance of the pixels in the model image. 
Hence, the worst case effect of clutter and occlusion grows 
sublinearly with the area of corruption in the scene image. 
Since clutter and occlusion cannot corrupt an entire image 
and the effect of the corruption on the correlation coeffi- 
cient is bounded, it can be concluded that matching of 
images is only moderately affected by clutter and occlusion. 
This result can be verified in practice by measuing the 
amount of clutter in a scene and comparing the predicted 
correlation value with the actual image correlation. figure 7 
shows an example with both occlusion and cluaer. 

clutter model prediction 
2 Nc=% a,,, = 0.51 

N=392 6=0.40 

Fer€?% Expenwn tal verific?tion of ch~ttermodel. 96 
of 392 pixels in the scene inrage are compted by an 
amount 6 less than OAO. The correlation d a e n t  for 
the two images (0.841) is well above the lowv bound 
(0.700) p d c t e d  by the tbeoretical model. 

RFIA'98 

2.4 Discussion . 

This shape recognition algorithm does not require the ex- 
traction of high-level primitives, or the generation of a struc- 
tural representation. Instead, it usts a simple and carefully 
designed data representation in orda to convert the input 
data sets, Le., sets of points on 3-D sufaces, to another rep 
resentation, the 2-D signature images, that are suitable for 
point comparison. Tbe key here is that while 3-D surfaces 
are difiicult to compare, the converted data representation is 
easy to compare. In particular, standard image comparison 
can be modified in oxder to construct an effective similarity 
measure. This example illustraks the basic p r e m i s e  in the 
case of classical 3-D shape recognition; careful selection of 
the data representation leads to simpler, more general, and 
more effective algorithms. 

An important measure of the success of an approach is its 
applicability to real problems. The 3-D recognition tech- 
nique described &re was applied primarily to the problem of 
mapping industrial plants using sequences of range images. 
The goal is to identify as many of the objects in the environ- 
ment as possible based on a library of models in order to 
build a virtual model of a plant The virtual model can then 
be used to perform operations by using a robot [20]. 

The challenge in this application is to be able to reliably m- 
0- objects over hundreds of images, and to compute 
their positions accurately enough for robotic manipulation. 
In addition, because this system is to be used by workers un- 
familiar with the underlying technology, a high level of rec- 
ognition accuracy over many hours of operation is 
necessllry. 

Figure 8 shows the result of nxognizing four different indus- 
trial objects in clunered industrial scenes. Before recogni- 
tion, the scene data is pmcesed to m o v e  long edges and 
small smface patches, then smoothed and resampled In all 
examples, the scene data is complex with a great deal of clut- 
ter. Fkthermoxe, all the models exhibit symmetry, which 
makes therecognition more difficult, because a single scene 
point can match multiple model points. figure 9 shows an 
exampk of a virtual environment coxumcted using the rec- 
ognition algorithms and of the robot used for manipulation 
tasks in thjs enviranmeDt 'Ihe system bas been successfully 
used in actual demonstration scenarios. 

In addition to this application, this representation has been 
used for multi-view merging and alignment of terrain maps, 
and for building preciSe models of 3-D smctures [ 191. 

Qermont-Fermnd Janvicr 199% 
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models scenes results 

Figure 8: The recognition of shapes in complex scenes. 
These results demonstrate the recognition of complicat- 
ed symmetric objects in 3-D scene data containing ex- 
treme clutter and occlusions. AII of the scene data points 
are used in the recognition and no objecthackground 
segmentation is performed. 

Figure 9: Robotic application of object recognition. 
(Left) Partial virtual environment built from images and 
model library; (Right) Robot wed in the e x p h e n t s .  

3 Finding images in video sequences with ap- 
plication to landmark recognition 
A more general recognition is the problem of recognizing 
shapes, or classes of shapes, directly from 2-D images. This 
problem is more challenging because of the substantial 
changes in appearance of any object due to changes in view- 
point and to changes in illumination. In addition, image vari- 

-98 m 21 

ations due to clutter can also occur. Many approaches based 
on feature matching and other structural approaches have 
been proposed. All those approaches require an explicit geo- 
metric model of each shape to be recognized. 
An alternative approach is to directly compare data sets, Le., 
images or attribute images, without extracting a structural 
description first. In this type of approach, "models" arc rep- 
resented by collections of images which are supposed to 
capture the "typical" appearance of the objects. The infor- 
mation most relevant to recognition is extracted from the 
collection of raw images and used as the model for recogni- 
tion. Although the situation is very different from that of the 
previous example, the philosophy is still the same: trans- 
forming the data into the appropriate representation in order 
to facilitate matching rather than extracting structural or se- 
mantic information. 
Progress has been made recently in developing such a p  
proaches. For example, in object modeling [ 11],2D or 3D 
models of objects are built for recognition applications. Ex- 
tensions to generic object recognition are reported [ 13].0th- 
er approaches use the images directly to extract a small set 
of characteristic images of the objects; these images are 
compared with observed views at recognition time, e.g, 
eigen-images techniques. 
A similar problem, although in a different context, is en- 
countered in image indexing, where the main problem is to 
store and organize images to facilitate their retrieval [ 1][26]. 
The emphasis in th is  case is on the kind of features used and 
the type of requests that can be made by the user. 
As an example of a problem in which such an approach can 
be used, we consider here the problem of recognizing Iand- 
marks in sequences of images taken from a moving vehicle. 
Even with reasonable geometric constraints, such as the fact 
that the optical axis of the camera is generally at a small u p  
ward angle from the ground plane, this is a challenging prob- 
lem for a number of reasons. First of all, the appearance of 
any given landmark varies substantially from one observa- 
tion to the next. Changes in viewpoints. illumination, and 
external clutter all contribute to the variability of the ob- 
served landmarks. For those reasons, it is not possible to use 
many of the object recognition techniques based on strong 
geometric models. 
The solution presented here in the context of landmark rec- 
ognition uses imagebased matching as a general approach 
without deriving higher-level semantic or geometric repre- 
sentation of the images and without explicit feature match- 
ing. h a  training stage, the system is given a set of images in 
sequence. The aim of the training is to organize these images 
into groups based on similarity of image attributes. The ba- 
sic image representation is based on distributions of differ- 
ent feature characteristics. A distance is defined to compare 
the distributions and to measure the similarity among imag- 
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cs. This distance is then used to group the images. Each 
group is itselfchara&m& * by a set of amibutes. When new 
images are given to the matching algorithm, it evaluates the 
distance between these images and the groups. 'k system 
determines to which group this image is the closest, and a set 
of thresholds is used to decide if the image belongs to this 
group- 

3.1 Representing images 

Two standard classes of attributes arc used for W b m g  the 
images: color and edge distributions. As was demonstrated 
in image retrieval work. color distribution can be a p o w d  
attribute [N]. However, color infomation must be used with 
caution because large regions may have little color informa- 
tion and the effect of shadows may change the color distri- 
bution drastically. A technique similar to the one used in (281 
for shadow reduction in outdoor imagery k used. In the re- 
mainder of this Section, the term "color" r e f a  to the single 
normalized red value computed at points of sufficeintly high 
saturation. 
The color values are resampled by using a standard equal- 
size equalization. Specifically, the histogram of color values 
is divided into eight classes of roughly equal numbers of pix- 
els. The color image is then coded on eight levels using these 
classes. This coarse quantization of color is neceSSacy due to 
the potentially large color variations which make direct his- 
togram comparison impossible. Figure 10 shows the color 
images, coded on eight levels, for two typical images from a 
training sequence. In the normalized images, only the pixels 
with sufficient saturation are shown; the discarded pixels are 
shown in white. 

Because of the potentially large differences in viewpoint and 
illumination, color distribution cannot be d m t l y  compared 
in image space. Metrics have been proposed for comparing 
color histograms which can tolerate substantial variation in 
color distribution [29]. The approach chosen here uses a 
transition matrix rather than a direct histogram to represent 
the color distribution. Specifically, a color transition matrix 
Cg is created in which Cij is the number of pixels with value 
i and with at least one neighbor with value j .  This transition 
matrix captures the global distribution. as in a hirtognun, 
and the spatial distribution of colors. The 8x8 transition ma- 
trix is used in the computation of the image distance metric 
described below. 
Intensity edges constitute the second class of features. Fig- 
ure 11 shows a typical edge image after linking and expan- 
sion of edge elements into segments. Several image 
attributes are computed using the image segments: a re- 
duced, 120x160 binarized edge image € is used for image 
registration and distance comparison; the histogram, Hb of 
segment lengths is computed and normalized by the total 

number of segments N, The histogram is taken over 20 
buckets in the cumnt implementation. N, is also retained as 
an image Maibute. Similafiy. a histogram H, of the onenta- 
tion of the segments is computed over 18 buckets; pairs of 
intersecting segments am identified and a histogram of their 
relative orientations, Hi. k constructed over 18 buckets; 
pairs of parallel segments arc also identitied and histograms 
of their lengths and onentations 8n computed in Hpl and 
Hp respaCtively. The histograms arc normalized by the to- 
tal number of parallel segments, Np 
So far, we have d d b d  attn'butes computed over the entire 
image. In practice, global comparison of images does not 
perform well because of substantial variations in the image 
as the viewpoint changes. For example, features that are vis- 
ible in one view may disappear in another view even though 
the feature distribution on the object of interest may be. iden- 
tical in the two images. In order to handle this problem, the 
images art divided into sub-images; and the attributes de- 
scribed above are computed within each sub-image. In the 
results presented below, sixteen sub-images were used to 
form a regular 4x4 subdivision of the original image. 

Figure 10 Color normalbation; (top) Original images; 
(bottom) Normalized images. 

Figure 11: Segment distributions in a typical training im- 

3.2 Cornparingimages 
Because of the potentially large variation in viewpoint be- 
tween images, the first step in comparing two images is to 
register them so that similar regions are in spatial correspon- 
dence. Afta registmtion, the attributes computed from the 
images can be directly compared and accumulated in a glo- 
bal image distance. 
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Given two images I f  and 12. the registration problem consists 
of finding a transformation H such that H(I1) is as close as 
possible to I,. This registration problem can be made tracta- 
ble through a few domain assumptions on the average cam- 
era position with respect to the objects, in pdcular, 
assuming that the object is far from the camera. Under those 
assumptions. the problem can be approximated by using an 
affine transformation H and by concentrating on the top half 
of the image. since the bottom part typically contains more 
of the ground plane and little information about the land- 
mark of interest A first estimate of H is computed from the 
contour at the top of the object of intmst. This approach is 
similar to other registration algorithms based on skyline 
matching (KC [7l for a review.) Starting with this initial es- 
timate, H is iteratively refined by matching the rest of the 
image using an SSD criterion. This is similar to other regis- 
tration algorithms using &ne models, for example, for im- 
age mosaicing. 
This algorithm converges as long as the initial estimate H, is 
close to the correct value. In particular, the algorithm per- 
forms well as long as large in-plane rotations do not contrib- 
ute substantially to H. More general registration algorithms 
can be used in those situations. 
Figure 12 shows an example of two images of a training se 
quence. As expected, the registration degrades from top to 
bottom in the image. As will be shown in the next sections. 
the registration is sufficient for correctly recognizing this 
building from a variety of viewpoints. 
In the remainder of the discussion, whenever two images are 
compared, it is understood that this registration procedure 
has been applied and that the comparison is performed only 
on the overlapping part of the two images. 

original images registered images 
Figure 12: Approximate image registration; (top) refer- 
ence image; (bottom) registered image. 
Given a "model" image, IM,  and an observed image, IO. a 
distance can be computed by comparing the image at- 
tributes. More precisely. Io is first registered with 1, and the 
attributes are computed from the new, registered, image IO'. 
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The global distance is defined as a sum of distances between 
the attributes of the subimages of IM and IO' in the area in 
which they overlap. 'Ihe distance between attributes is de- 
fined as follows. For the color transition matrix C. the dis- 
tance is computed by computing the SSD of the entries of C 
from the two images. In computing this distance. it is natural 
to give more weight to regions in which there is more color 
variation rather than to uniform regions. This is implement- 
ed by giving more weight to the offdiagonal elements of C, 
which cornspond to pixels with large variations of color, 
rather than to the elements close to the diagonal, which lie in 

For single-values attributes, e.g.. N,, the distance is simply 
the quareddifference between the model and observed val- 
ues. For histograms, e.g.. Hl, the distance is the sum of 
squared difference between the elements of the histograms 
after a correction step. ?he correction step is used to com- 
pensate for mis-registration. Specifically, if the differences 
between the two histograms at x and x + l .  4 x )  and 4 x + l )  
are of opposite sign and large magnitude, then, assuming 
4 x )  is positive, then it is decreased by a small amount while 
A(x+l) is increased by the same amount. This procedure is 
repeated over the entire histogram until no further adjust- 
ment is needed. This procedure can be viewed as a coarse 
approximation of the &-mover distance [29] in which a 
cost is assigned in moving an entry from one histogram to 
another entry and the set of such motions for which cost is 
minimal is computed. In practice, this approach effectively 
reduces the effect of mis-registration. 
The distances between individual attributes are combined 
into a single distance D(IM'Jo') for each sub-image i by us- 
ing a weighted sum. Finally the distances for all the subim- 
ages are combined into a global distance, denoted by 
D(I,sO), which reflects the similarity of the images in ap- 
pearance (color) and shape (edge distribution). In order to 
account for the particular geometry of our sequences. the 
weight of D(I~'.IO') dtcreases as i becomes closer to the bot- 
tom of the image. 

3 3  Grouping images into models 
The discussion above focused on comparing individual im- 
ages. Becaw of the large variations in appearance. multiple 
images must be used for representing a given lurdmrrlr. Thrt 
is. group's of images hat represent a single object of interest 
must be exOacted from mining sequences. In this section. 
we briefly describe the algorithm used for extracting a small 
number of discriminating groups of images from a training 
sequence. and how to use those groups as models for recog- 
nition. An overview of the grouping algorithms is given in 
the section since a more formal description of grouping al- 
gorithms was included in an earlier paper [35]. 

uniform regions. 
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Grouping 
Lct us denote the training sequence by I, k1.N. The mutual 
distance between images in the sequence can be computed 
as: dii = D(I,f$. where D is the image distance &fined 
above. fin particular, it is implicit in this definition that Ii and 
Ij  are registered as part of the computation of D. A pictorial 
representation of the set of values dq is shown in Figure 13. 
In this representation. the du's arc displayed as a t w h e n -  
sional image in which the dark pixels cornspond to large 
values. The diagonal, is., rhe values dc is not shown since 
dij is always 0. Images for which the mutual distances are 
small are merged into a single group. 

I ,Model0 

, 

Model 2 
. - .  

>- 
f l  

Figure 13: Distance matrix for a 145-images training se- 
quence; darker points correspond to lower d-~; the 
right image shows the distance matrix for the first 50 im- 
ages. 
Many groups can be found by using standard clustering a p  
proaches. For a recognition system to be useful, however, 
only a small number of groups is relevant. More precisely, 
we are interested in the groups that have enough informa- 
tion, i.e., a large number of images with sufficient variation, 
and that are discriminating with respect to the other images. 
The second criterion is important because it is often the case 
that many groups look alike in a typical urban sequence. 
This problem is addressed by comparing the initial groups 
with each other and discarding those with high similarity to 
other groups. 
The right side of Figure 13 shows a magnified version of the 
distance graph in the neighborhood of the three main models 
extracted from the training sequence. Example images from 
each of the chree models are shown in Figure 14. 
Each of the groups extracted from the training sequence cor- 
responds to a distinguishable landmark Before being used 
for recognition, each group must be collapsed into a model 
suitable for comparison with test images. There are two as- 
pects to this. First, a reference image must be created as the 
core image representation of the model. Second, image at- 
tributes from all the images in the group must be collapsed 
into a single set of attributes. 
Given agroup ( l i ) .  i- < i < i,, the first part is addressed 
by selecting a reference image Io in the group - usually the 
median image in the sequence. All the other images arc reg- 
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istered to Io using the approximate registration procedure 

described above. yielding new images Ii'. The second part is 

addressed by computing the attributes of each Ii'. For each 
attribute, the avaage value over all the images in the group 
is computed. In order to capture the variation of the at- 
nibUtes Within the group. the variation of each attribute With- 
in the group is computed, also over all the images in the 
group- 

Figure 14: Three models extracted from training se- 
quence Craig3; three example images are shown for each 
model. 

3.4 Comparing images to models 
Run-time recognition involves comparing a new image I 
with all the models in order to determine the best match. The 
first step in comparing I to a model M is to register I with 1, 
and to compute the attributes of the registered image I' over 
the overlapping region between I' and I,. The attributes P'i 
from I' are compared with the attributes Pi of M by using a 
sum of distance weighted by the variation of the parameters 
in the model: O(I, MI = 4 ctj (P'i - Fj)' ~ i '  (P'I - Fj). In this 
definition, the coefficients q are fixed and represent the rel- 
ative importance of the different types of attributes. Those 
weights am computed using a principal component analysis 
technique on the set of attributes from the training sequence, 
as described in an eulier paper. The sum in D(I, M) is eval- 
uated over all the attributes and all the sub-images in com- 
mon between and fM. It implements a maximum 
likelihood estimate of the distance between image and mod- 
els. 
The definition of distance given above does not take into ac- 
count the fact that thue might be little overlap between I' 
and 1~ In fact, o(1. M) could be small and could force a 
match if the regismtion is poor. is., the overlap is small. 
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This situation is addressed in two ways. First, I is not 
matched with M if the registration area R(I,M) is below a 
threshold TR. This threshold is computed automatically from 
the training set by computing the mean registration area be- 
tween images of the same model and adding 34R. where OR 

is the variation of registration area over all the images of the 
model. Second, the actual distance used for matching is 
modified to: D'(I, M )  = D(I, M)IR(I,M). This weighting pe- 
nalizes images with low overlap with the model. 

ADistance to Model 0 

8 
50 60 

Figure 15: Graph of the distance to three models for a 
test sequence. 
Figure 15 shows the distances between the images of a test 
sequence and three models from a training sequence. The 
same scale is used in all three graphs. The recogniztd mod- 
els are indicated in the graphs. For f e a s o ~ ~ ~  of space, results 
on all the test images cannot be included here. The graphs 
show that the images arc recognized by a substantial margin. 

m 25 

Figure 1 6  Example images from three different test se- 
quences lpcogpized as Model 0 under different illnmina- 
tion and viewpoints. 
The model that minimizes D*(I, M )  over all the models is 
taken as the best match to the image. Simply using the min- 
imum would lead to a high rate of false positives in cases in 
which D'(I, M) is low for all the models, i.e.. the image 
matches poorly all the models, and in cases in which the dis- 
tances to two models are of similar magnitude, Le., the im- 
age is ambiguous. Both cases are addressed in standard 
ways. The first case is addressed by rejecting the image if 
D*(I, M) is below a threshold TO. The second case is ad- 
dressed by rejecting the image if the margin between D' for 
the best model and for the next best model is lower than a 
threshold T,,,. Both To and T, are computed automatically 
from the training sequences [36] 

Figure 17: ' b o  examples of images not recognized be- 
cause of large variations in aspect. 

Figure 1 8  W o  examples of images not recognized be- 
cause of extreme illumination conditions. 

3.5 Discussion 
Experiments were conducted with sequences of images tak- 
en in urban environments. In particular, the three models 
shown in F i p  14 were wed with ten different sequences 
containing rbout 300 images of the models and 300 images 
of other anas. The sequences werc taken from different lo- 
cations and under different illumination conditions firom 
those of the training sequence. Under those conditions, the 
aggregate recognition rate is 78% on images of the models. 
while the rejection me is 99.7% on non-model images. It is 
important to note thac the algorithm is tuned to favor rejec- 
tion of images in favor of misclassification. As a result, no 
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model images are mis-classified and only one non-model 
image is misclassified. The rejection rate for model images 
is 22.6%. The main reason for rejection is extreme variation 
in viewpoint (Fgurc 17) or in illumination conditions Fig- 
ure 18.) An application of this technique for automatic deter- 
mination of the location of a vehicle based on a collection of 
views is described in 0. 
This example illustrates one possible approach to image- 
based recognition in which the images themselves are used 
for representing the models. Based on attributes computed 
from the image data, the images are grouped into classes 
corresponding to individual objects. The classes are repre- 
sented by prototypical images that are compared to observed 
images at run-time. Although this approach does have sever- 
al limitations, most importantly with respect to viewpoint 
variability, it does perform well within the sptcific domain 
constraints. The key is the proper engineeripg of the appro- 
priate data representation leading to simple algorithms for 
comparison. 

4 Recognition of space-time features and appli- 
cation to biology 
The two examples above addressed static recognition prob 
lems in the sense that changes over time in the scene were 
not of particular interest. However, In many areas of com- 
puter vision, one is interested in recognizing patterns that are 
defined in both space an time. For example, in gesture rec- 
ognition [SI, one is interested in detecting transitions over 
time between different shape configurations. Similar situa- 
tions occur in the area of expression recognition, and in 
many areas of medical image understanding. In all those ex- 
amples, the entity to be recognized is a composed not only 
of a of a geometric shape in the traditional sense, of appear- 
ance parameters, such as brightness, but also of a prototypi- 
cal history. Furthermore, the underlying structurts in those 
problems are deformable shapes as opposed to the previous 
examples in which rigid shapes or projections of rigid 
shapes were used. In order to capture the importance of time, 
such entities will be called “events” in the remainder of this 
section. 

Qpically. a precise mathematical description of an event is 
difficult because of the complex, non-rigid nature of the 
shape component, and because of the introduction of the 
time dimension. Similarly, traditional feature matching may 
not apply because of the lack of well-defined features. The 
situation is complicated by the fact that, because of the time 
component, the algorithms may have to deal with massive 
amounrs of data 

An diemative approach is to manipulate the data to organize 
i t  in a way that incorporates both its spatial and t e m m  as- 
pects and that facilitatfse the comparison with event models. 
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If properly designed, such a space-time representation 
would alleviate the problems mentioned above. 
?hc remainder of this section describes such an approach in 
the context of a biological application. The goal of this work 
is to automatically describe the developmental history of an 
embryo from large sequences of microscope images. Al- 
though this is a problem in a specific application domain, it 
has al l  the ingredients described above. The entities to be 
recognized are events described both by changes in bright- 
ness and shape, and by patterns of motion. Results show 
that, not only can individual events be recognized, but col- 
lections of events representing the history of the develop- 
ment can be identified as well. 
The section below provides the minimum biological back- 
ground necessary for the understanding of the problem. The 
remainder of the discussion is a brief summary of the ap- 
proach used to represent the data and to recognize the events. 

4.1 Illustrative example: automatic analysis of 
embryonic development 
As an example of the recognition of space-time events for bi- 
ological applications, we concentrate on the problem of an- 
alyzing embryonic development from microscope imagery. 
Developmental biologists routinely make movies of the em- 
bryonic development of Dmsophila Melanogaster (the fruit 
fly), a standard subject for research in embryo development 
[4]. The embryogenesis of Dmsophila offers an interesting 
example of nonrigid deformation. The changes in the object 
are quite drastic, yet non-random and stereotypical (different 
embryos of the same species all deform in the same charac- 
teristic way). This research is about understanding these 
complex changes. 
Since living tissues are both transparent and able to tolerate 
the transmission of light, optical microscopy (in particular, 
optical section microscopy) is commonly used to study 
them. An optical section microscope is essentially a normal 
light microscope with a narrow depth of field. As the focal 
place of the microscope is adjusted, different planes within 
the specimen come sharply into focus. By this means, a or- 
ganism may be studied live, in cross-section. 
Prior to study, fluorescent dye is commonly applied to high- 
light structures of interest. Subsequent to injection into an 
organism, a dye will become active (begin to fluoresce) by 
selectively binding to some tissue or reacting with some bio- 
chemical. When pumped with light, active dye will fluoresce 
and highlight the structure of interest. The injection of vgal 
dye into the intervitelline space (space between the vitelline 
containing membrane and the embryo surface) of the fruit 
fly embryo produces a clear negative image of the embryo 
surface, permitting the observation of the morphological 
changes that the surface undergoes in the course of the de- 
velopment of the embryo into a larva. During this develop 
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ment, furrows, inMgiMtiOns and ridges are observed to 
form, change in shape. and die. These surface changes have 
been used by developmental biologists to divide Dmsophila 
embryogenesis into characteristic stages [41. 
Figure 19 shows a typical sequence of images obtained of 
the Drosophila embryo, with intervitelline injection of vgal 
dye by using a 20X optical microscope. In these images, the 
vitelline membrane appears as an oval slightly deforming 
shape, with the embryo inside the membrane being also 
roughly oval, but possessing numerous convolutions and in- 
vaginations that change with time. Wherever there is an in- 
dentation of the embryo surface, there is some space 
between the embryo and the vitelline membrane, where 
bright vgal dye collects and is observed. So, in these images, 
the intervitelline space appears as a sort of bright belt of 
varying (or vanishing) brightness and thickness just inside 
the oval boundary of the vitelline membrane. 

Figure 1 9  'LLpical sequence of frames from an intervi- 
telline movie; the frames are equally spaced in time, and 
normalized by their maximum intensity. They span 
about 9 hours in real time. 

Figure 20: mkal vgd fluonsctace haget; dark rc- 
gions, some circled, indicate presence of dye between the 
outer vitelline membrane and tbc inner embryo surface; 
circled suws indicate shapes of potential interest. 
Figure 20 shows a typical image in which a few features of 
intenst are marked. As indicated above, those features are 
places where the outer surface of the embryo is subject to 
substantial deformations. Features in individual images are 
not of particular interest to the biologist; mom interesting is 
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the evolution of the features over time. Specifically. from a 
computer vision perspective, we need to detect specific pat- 
terns of changes over both time and space. Instead of dealing 
exclusively with spatial shapes and intensity distributions, 
we are also observing them over time, i.e., we need to rec- 
ognize space-time events. 

4.2 Space-time representation 

The massive amount of data contained in a typical movie of 
several hundred images must be reduced to include only the 
data that is needed for extracting the events of interest, and 
for combining the temporal and spatial location of the fea- 
ture in a single representation. Since the events occur at the 
boundary of the embryo, the first step in reducing the data is 
to extract contours in each image. The contours are extracted 
using a snake computed from the gradient image. The snake 
is computed on the first image of the sequence and tracks the 
outer shape of the embryo over subsequent images. 

The contours are resampled so that they can be parameter- 
ized by arc length in a consistent manner between different 
time steps. The number of samples on each contour is com- 
puted from the image resolution; 400 sample points are used 
in the examples presented here. 

After detection and resampling, the contours detected at 
consecutive time steps are aligned so that they are all in reg- 
istration. This is possible in this application because two fea- 
tures, the anterior and posterior tip of the embryo, can be 
identified reliably based on the shape of the embryo; they es- 
sentially occur at the points of highest curvature near the two 
extremal points of an ellipse fit to the embryo. The contours 
are aligned based on the positions of those two registration 
points. After alignment, the contours are cut at one of the 
registration points and unfolded as shown in Figure 21. The 
structure obtained after stacking the unfolded contours is a 
two-dimensional representation of the contour in space and 
time (Figure 21.) After the unfolding of the contours, the 
space-time structure is similar to the one proposed in [3] for 
computing shape from motion. That representation was in- 
troduced for the same reasons, to avoid explicit feature de- 
tection and tracking by using the appropriate data 
representation. Space-time representations are also used in 
other areas of medical applications [31]. 

Different types of data computed on the contour can be 
stored hi this space-time map, each one corresponding to a 
different "facet" of the data representation (Figure 21 .) Fit, 
the contour curvature is stored in the representation. Second, 
an indication of the brightness of the points along the con- 
tour is also stored. Because the absolute intensity of the orig- 
inal images along the contour is not meaningful, the 
brightness is defined as the response of a directional second 
derivative operator applied in the direction of the normal to 
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the contour at each point The size of the operator is variable 
and is computed from the local distribution of intensity. 

Space-Time Map 2 - ... 

==E 
brightness 

A second facet of the data representation is a feature map. 
Features in the spacetime map are ridges in the velocity 
field which are detected by a center-surround operator. Dif- 
ferent shape of the operator will be used for extracting dif- 
ferent types of fearures. Here again, variable window sizes 
are used for detecting features of different sizes [=I. Accu- 
rate localization of ridge endings can be achieved by using 
the ridge termination algorithm proposed in [30]. Ridge fea- 
tures are also tracked across time steps. Other features can 
be computed as facets such as ridges in the space-time sur- 
face formed by the contour by using techniques similar to 
1211 
After this processing, the basic data representation consists 
of several facets of the 2-D space-time map: intensity, con- 
tour curvature, velocity field, and ridge features. 

contours 

brightness velocity field 

Figure 22: A set of contours extracted from a sequence 
and the facets of the corresponding space-time represen- 
tation. 

4.3 Event recognition 
Each event is recognized in the space-time map using the ap- 
propriate operator on one or several facets of the data. Let us 
consider first one event of interest called “germ band exten- 
sion.” The germ band is a ship of tissue on the ventral side 
of the embryo that undergoes dramatic elongation and con- 
traction during the course of embryogenesis. The effect of 
the elongation is to cause the tip of the germ band to extend 
from its initial position at the posterior tip, towards the ante- 
rior tip along the dorsal side of the embryo, and then retract 
to its original position during the contraction. Figure 23 
shows the location and direction of motion of the germ band 
extension on a typical image. Candidate location of germ 
band extension events can be represented by a large connect- 
ed region of high values in the velocity field. The velocity 
range in which this event can be detected is detennined by 
the knowledge of the speed of actual germ band extension in 
prior experiments. 

! 
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Figure 23: lsrpical shape and motion of the "germ re- 
traction'' feature in a sequence of images; a correspond- 
ing spatio-temporal event is constructed for recognition. 

Figure 24 shows the result of recognizing this event in the 
image sequence paitially.shown in Figure 19. The area in 
which the event is detected is indicated by a rectangle. The 
velocity field facet of the space-time map is used in this ex- 
ample. 

~ r c  Length- 
Figure 24: Example of recognition of the "germ band ex- 
tension event" shown on a fragment of a complete image 
sequence; the rectangle shows the arc in which the event 
is found, overlaid on the brightness map. 

4.4 Reasoning about space-time events 
A library of events can be recognized in a way similar to the 
example above. With each event is stored the following in- 
formation: the facet(s) to be used for recognition, the filter 
used for enhancing the event. e.g., a directional filter on the 
velocity field in the case of the germ band extension, and the 
pameten used for building the filters and for detecting the 
feature based on the output of the filters. Those parameters 
are currently computed from known properties of the events, 
e.&. average velocity of the feature. Cumnt work involves 
leanring chose parameters from training sequences. 

F ' i i  25: Partial view of the knowledge representation 
structure of the developmental model; each node is rep- 
resented by a spatio-temporal event; transitions b e  
tween nodes represent expected relative positionr of the 
events 

Recognizing each event individually would inevitably lead 
to a significant number of false positives. Furthermore, the 
ultimate goal is to automatically characterize the entire de- 
velopmental sequence of the embryo; such knowledge can- 
not be derived from recognizing individual events. For those 
reasons, the relationships between events need to be consid- 
ered. This is achieved by using a knowledge base (Figure 25) 
which encodes the relationships of the events both in time 
and space. Each node of the tree is an event represented as 
described above. The nansitions in the tree indicate relations 
between events such as the expected interval of time be- 
tween events, the expected overlap between events, and the 
relative location in space of those events. 

Conceptually, the recognition program walks through this 
tree, starting with the dominant event, i.e., the event that oc- 
curs in all the developmental sequences, and activates the 
recognition of its children in the tree. The recognition pa- 
rameters for the children events are set based on the charac- 
teristics of the detected parent event For example, the 
expected location of an went, which defines a window in the 
space-time map in which the event is searched for, is com- 
puted from the location of the parent and the relative posi- 
tion information provided by the transition between the 
events in the tree. 

This approach, currently being implemented, will enable the 
entire history of the development to be explained rather than 
a collection of developmental events. Furthermore, by using 
known constraints on transitions between events, the num- 
ber of false positives is drastically reduced. 

Figure 25 illustrates the recognition of multiple events. Each 
event is indicated by a rectangle that surrounds the area of 
the spacetime map in which the event is recognized. 
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Figure 26: Recognition of multiple events; the space- 
time image is encoded based on the brightness map. 

4.5 Discussion 
This example shows how structures that are defined by 
shape, brightness, and motion can be recognized using the 
appropriate data representation. Such structures do not fit the 
traditional definition of "shape." but the general framework 
of selecting the appropriate data representation and the ap- 
propriate comparison operators still applies. Specifically. the 
techniques used in this example operate directly on the data, 
without using an intermediate structuraI representation. The 
first step is to extract the data relevant to the problem, in this 
case brightness values along contours; second, to arrange the 
data in a structure that can represent variation in both space 
and time, and to compute different facets of the data repn- 
sentation that facilitate recognition 
Preliminary results on automatic recovexy of developmental 
history show that it is possible to use this type of data-level 
recognition approach in conjunction with symbolic knowl- 
edge on the relationships betwcen events. In particular, work 
is underway to detect mutations by comparing the recovered 
developmental history with the expected history. For exam- 
ple, missing events or events occurring in unexpected con- 
figurations indicate potential mutations. 
5 Conclusion 
The examples presented in this paper show that it is possible 
to use low-level intermediate data representations, even for 
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complex recognition tasks. This approach has led to substan- 
tial improvement io performance as demonstrated by its suc- 
cessful application to 4-wor ld  pb lem.  For example, the 
3-D recognition algorithm was used in more complex and 
cluttered environments than has ever been shown before. 
The spacetime representation for event detection is being 
used by biologists as part of an automated associate for as- 
sisting in the interpretation of large data sets. 
A key feature of the data-dIiven approaches is the simplicity 
of the representations. In all cases, the intermediate repre- 
sentations rely on simple structures for which an arsenal of 
tools is available. This simplicity of the representations con- 
tributes both to the robustness of the resulting systems and 
to their generality. Tbe price to pay is that a higher volume 
of data must be manipulated for recognition. However, as 
noted earlier, this increase in computation is more than offset 
by savings in the computation of complex, high-level repre- 
sentations inherent to traditional approaches. Although, the 
use of intermediate data representations is by no means a 
universal solution, those examples suggest that it can make 
complex recognition problems vastly more tractable in many 
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