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A b s t r a c t :  We address the problem of recognition of generic objects from a single in- 
tensity image. This precludes the use of purely geometric methods which assume that  
models are geometrically and precisely designed. Instead, we propose to use descrip- 
tions in t e r m s  of features and their qualitative geometric relationships. We propose 
to detect groups using perceptual organization criteria such as pro~mlty, symmetry, 
parallelism, and closure. The detection of these features is performed in an efficient 
w a y  using proximity indexing. Since many groups are created, we also perform selec- 
tion of relevant groups by orgnnlzing them into sets of similar perceptual content. Fi- 
nally we present an initial implementation of a recognition system using these sets  
as primitives. It is an efficient colored graph matching algorithm using the adjacency 
matrix representation of a graph. Using indexing, we retrieve matching hypotheses, 
which are verified against each other with respect to topological constraints. Groups 
of consistent hypotheses represent detected model instances in a scene. The compIete 
system is illustrated on real images. We also discuss further extensions. 

1 I n t r o d u c t i o n  

Most object recognition systems today address the problem of finding the location 
and orientation of an exactly known rigid object in a scene. Grimson's book [10] gives a 
lucid treatment for the geometric constraints used in these approaches. The presence of 
a model is inferred by the verification that such a model could indeed produce some of 
the observed data under an appropriate geometric transform. However, this approach 
cannot be extended to more general scenarii containing objects which may be very sim- 
ilar while being geometrically different. Consider for instance two different airplanes 
which have similar features but different geometries. In other words, generic recogni- 
tion obviates the use of methods based purely on the exact geometric structure of the 
object. I t  is clear that the only way to solve this difficult problem is to reason about parts 
and their arrangements. This argument is supported by Biederman's theory [2], which 
states the sufficiency of a limited number of volumetric components (or geons) for the 
task of recognition. Recovery of parts and their arrangements can help fast recognition 
of objects even if they are occluded, novel, rotated in depth or extensively degraded. 

We therefore have three problems to solve: the extraction of primitives, the de- 
scription of scenes in terms of these primitives and the actual recognition of objects.In 
this paper we propose the use of perceptual grouping to approach the problem of generic 
recognition. Use of perceptual groups is not new, as it was proposed in the 1970s but was 
not very successful because of the failure to obtain reliable primitives in the first place. 
Using groups explicitly for recognition was first launched by the classic work of L. G. 
Roberts [19]. Brooks [4]developed an image understanding system called ACRONYM 
which uses a restricted class of generalized cylinders (GC) for descriptions of model and 
scene objects. Lowe's SCERPO[14] system takes a bottom-up approach to object-cen- 
tered recognition. Rothwell in [21] explains the need for computing local invariants and 
for tying them together to form complete object descriptors as opposed to computing a 
single global descriptor. 

In section 2 we describe the feature hierarchy computed. As explained in some of 
our previous work [25], such groups serve as an intermediate level representation of the 
data, in a hierarchical fashion, and can be used to retrieve likely candidate objects from 
a library. Some of the groups extracted may not yield any natural descriptions. Hence, 
in section 3, we perform a selection step by organizing the groups into sets which have 
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s imilar  ~perceptuaF content making use of junctions to reason about relevant  sets. In 
section 4, we give an outline of our recognition system which uses these sets for recog- 
nition. As models we use mult iple views of an object. Results a re  shown in section 5. 

Hgum 1 Feature Hierarchy 

2 Going from Edgels to Groups 
In our previous work [23], the  super segment  was introduced in two or three di- 

mensions as a feature to represent  a piece of a curve. I t  is based on the assumption tha t  
the underlying structure embodies continuity, Here, we propose to go to higher level 
groups which take into account other grouping cri teria besides co-curvilinearity, such as 
paral lel ism, closure, and symmetry. In computer vision, many authors have focused on 
computing perceptual  groups (see e.g. [11],[14],[19],[12],[20][22],[28]). Most of these al- 
gori thms tackle the detection of all perceptual groups by either assuming perfect data, 
or by applying exhaustive search. Our algorithms t ry  to compromise: we do not assume 
perfect da t a  and therefore we find most (but not necessari ly all) perceptual groups. On 
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the other hand, we do this in an efficient way by using proximity indezdng.We now ex- 
plain the steps involved in going from an image to a high level representation of it in 
terms of~perceptual" groups.This chain of processing is sketched in Figure 1.The follow- 
ing sections focus on the details of the perceptual hierarchy. 

2.1 Preprocess ing  

In the preprocessing stage we reduce the amount of data: starting from images 
we first detect edges in the image (using the Canny edge detector [5]). We then compute 
curves, which consist of linked edgels. In the localgrouping stage we generate many line 
segments based on multiple linear approximations with different fitting tolerances. For 
each approximation tolerance, we perform a vertex collapse and compute super seg- 
ments and parallels. By creating a large set of features at this point we gain robustness 
in our further groups, and we significantly reduce the unreliability of the preprocessing. 
The perceptual grouping stage no longer distinguishes between features of different fit- 
ting tolerances. Below in Figure 2 we show an example scene and the detected edges. 
Note that although this is the same image as the one used in Zerroug and Nevatia [29], 
we follow a very different line of reasoning. In particular, we make no assumptions 
about the kind of objects we deal with. 

Figure 2 Example of image and detected edges 1 

2.2 Super Segments 

Since we want to handle occlusion, we do not expect to obtain complete bound- 
aries in our images, but only portions of them. Grouping a fixed number of adjacent seg- 
ments provides us with one of our basic features, the super segment. The computation 
of super segments is the same as described in [23]. Connected linear segments form 
chains of adjacent segments. We generate super segments from cardinalities3 to 6.. 
2.3 Paral lels  

Segments which are parallel within a certain tolerance (5=20 ~ are grouped as 
parallels. For each linear segment, the possible candidate parallels are retrieved and 
verified with respect to aspect ratio and overlap. Segment pairs which meet theses con- 
straints generate parallels. Using proximity indexing, we are guaranteed to find paral- 
lels which are at most 5/2 apart and we get some parallels with angles between 5/2 and 5. 
2.4 Symmetr ies  

Symmetries have been used by various authors [15],[28]. We detect two specific 
symmetries here as features of an object. 

Parallel symmetries are retrieved by finding proximate parallels. We do not use 
the super segment approach, because we would depend on the cardinality of the super 
segments. By using the parallels as the building blocks, we can use proximity indexing 
to find parallels which share the same vertices. Examples are shown in Figure 3 (lefD. 
Skew symmetry was first proposed by Kanade [11] and its extraction was done by Ponce 
[12] and Saint-Marc and Medioni [22] but these methods are quite sensitive to noise. We 
1 Image - courtesy M.Zerroug 
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are interested in symmetries between line segments. Our approach is not exhaustive. 
We use supersegments to detect skew symmetries. Two super segments are skew sym- 
metric, if they satisfy the following: (a) the difference between the corresponding angles 
must be smaller than 2Omax, and (b) the symmetry axis has to be straight. An example 
is given in Figure 3 (middle). 

. . . . . . . . . . . .  " :ii-i:::' - C 5  

Figure 3 Examples of groups - parallel symmetries (left), skew symmetries (middle) and U-shapes (right) 

2.5 Closures 

Lowe [14] states: There is a tendency for curves to be completed so that they form 
enclosed regions. Based on this statement, Mohan and Nevatia [15] develol~ed the idea 
to close symmetries at their ends to obtain so called ribbons, which form enclosed re- 
gions. They use these ribbons to segment images. We want to use closures as features. 
At the moment we compute closures from U-Shapes, from closed curves and from 
skewed symmetries. A parallel which is dosed at one side by a linear segment is a strong 
indication that a rectangular structure is at hand where one side could not be detected. 
We therefore assume that we found a dosed contour. U-Shapes can be found by indexing 
over the vertex pairs of parallels and trying to find a segment which forms a U-Shape 
with the parallel.The obvious form of a closure occurs if we have a closed curve. To detect 
a closure based on a curve we allow the gap between start and end of the curve to be 5% 
of the arc length of the curve. We adopt the idea that a segmentation into parts should 
be done at negative minima of curvature from Rom and Medioni [20]. Such ~a part" is 
used in our system as a closure. Whenever we encounter a sign change of consecutive 
angles, we ~break ~ the symmetry at this point. Applying this step iteratively, we gener- 
ate alternating convex and concave parts. We use the convex parts to create closures. 
Examples of closures can be seen in Figure 3 (right). 
2.6 Efficient Implementation through Proximity Indexing 

Proximity indexing was used to efficiently compute the feature hierarchy de- 
scribed in the previous section. Proximity indexing issues play an important role when 
we wish to find features with similar attribute values. Traditional search methods 
which compare every possible pair are very time consuming. Recent vision systems have 
used indexing. A major problem with indexing is deciding the length of the quantization 
intervals. Values which are close, may fall in different quantization intervals as shown 
in Figure 4. Two features match only in the case when they fall into the same interval, 
which may not always be so. Flynn and Jain [9] point out, it is essential to have an in- 
dexing scheme that preserves proximity in the key values. So far, two strategies based 
on indexing have been used to deal with this problem: large bucket size and searching 
of neighboring bins. While large bucket size is based on the hope that ~less values will 
fall into the incorrect bin", the search of neighboring bins has an exponential complexity 
with respect to the number of false value matches. 

We propose an alternative approach: We encode every feature twice and use in- 
dexing on every value separately. Every value is quantized twice. The stored features 
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for both intervals are retrieved and combined into one set. For all values we get such a 
feature set. The intersection of all these sets results in the features which are close tof. 
Such an interlaced quantization is guaranteed to preserve proximity while indexing 

Quantization interval size similar features in similar features in 

I �9 I �9 e l  �9 e l e  �9 I 

Figure 4 The indexing problem 

3 S e l e c t i o n  o f  R e l e v a n t  G r o u p s  

The groups extracted from images not only contain perceptually salient features, 
but also contain many features which do not yield any natural descriptions. Such groups 
come about when the segments and supersegments give rise to features (symmetries, U- 
shapes etc.) which are geometrically correct, but are less obvious because of other com- 
peting groups. The undesired groups also increase the complexity of the representation 
and matching process (see section 4). Selecting relevant groups may be helped by purely 
local heuristics, such as the skewness or orientation of overlapping groups. We prefer to 
make use of more global constraints. We first aggregate the groups into different sets 
such that each set contains groups which are perceptually similar. Note that each set 
may be perceptually correct or incorrect. To pick out relevant groups we make use of 
junctions and reason at the level of the above sets. 

The main advantage of this is that if a certain set of features can be verified as 
not coming from any surface of an object in the image, then the entire set may be dis- 
carded. Reasoning at such a surface patch level provides a stronger grip on the entire 
selection process. We now explain the aggregation and selection processes. 
3.1 Aggregation of Groups into Sets: 

We use the properties of the axis to organize the groups into various sets, the objective 
being that each set should perceptually provide the same information. Groups which are 
"similar" have similar axes orientation and their axes are spatially close together. 
1. We first aggregate the groups having similar axes orientations into different sets. 

The groups in each set may still be spatially located at different positions. 
2. Next we choose each set and further partition it depending upon spatial neighbor- 

hoods. This is done by constructing a graph whose nodes represent groups and edges 
represent spatial closeness. The connected components of the graph give sets of 
groups having similar orientation and position 

3. Lastly we look at the segments of the groups in each set and further separate out 
groups which vary markedly in their average distance to the axis. 

In Figure 5 (top) we show examples of four such group sets. Each image displays one 
group in each set. Below we discuss how to select valid sets. 
3.2 Selection of sets 

We first compute all the junctions in the image and use them to decide the validity of 
the sets. The junctions in the image may be because of a variety of reasons, mainly due 
to occlusion, surface markings or surface-orientation discontinuities on the object. We 
are not trying to classify the junctions, but rather use them as a tool for verification of 
the sets. Some computed junctions are shown in Figure 5 (bottom left). Next we break 
the segments of the groups in each set into two subsets, each subset containing seg- 
ments on either side of the axes. If there exist junctions which connect the above men- 
tioned segment subsets, such that one junction connects the segments of one side of the 
set to another set and a second junction connects the segments of the other side of the 
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same set to a third set then we label this set as invalid. In Figure 5 (bottom right), we 
show some of the valid and invalid groups in the set as a result of this reasoning for the 
junctions shown. It can be seen that the groups in set 4 are invalid. Two junctions which 
the segments of this group set form and meet the above reasoning are junctions 3 and 
4. Another example of an invalid set comes about because of junctions 6 and 7. On the 
other hand junctions 1 and 2 are formed between segments of group sets 1 and 2 shown 
in (top). It can be seen that in this case the segments of the junctions are shared be- 
tween two sets and not three. 
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Examples of  groupings organized into sets of  similar perceptunl content. Four sets 
are shown. Each image shows one group of each set. 
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Example* of some junctions detected in image Examples of valid and invalid groups for T-junctions shown above 

Figure 5 Seleetion of Sets 

At this stage we have the groups organized into sets, each set contains groups 
which as perceptually similar and can now be used as tokens for recognition. Note that 
each set yields a multiple representation ofa "parg ~ in the form of many groups. We can 
encode the spatial relationships of these sets to form a graph to describe the object. Note 
that although the percentage of the irrelevant groups has decreased, they may not nec- 
essarily be totally eliminated. However, recognition is achieved by hypotheses voting, 
which tends to minimize the effect of irrelevant groups in the scene. 

4 Representation and Matching 
Given a set of features and the topological relationships between them, a natural 

representation of this structure is a graph. For basic graph related definitions used here 
and more on graph theory see [17],[1],[6]. For our topological graph the vertices are the 
shapes or enclosures of sets of groups and the edges represent the topological relation- 
ship between them. We compute the enclosures or convex approximations (CAs) of the 
set. This gives us the geometric shape of the set which enables easy computation of the 
topological and spatial relationships. In the current implementation we label the edges 
with only two labels: adjacency and inclusion. The direction of an edge depends on its 
label. When an edge is labeled with "inclusion', the edge is directed from the inner set 
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to the outer set. When an edge is labeled with ~adjacency ~, the edge is undirected. In Fig- 
ure 6, we show an example of a scene of four CAs and the corresponding graph. 

In computer vision, graph matching is widely used (see e.g. [16], [8], [19], [18]). 
In the worst case, the subgraph isomorphism problem is NP-complete. Therefore several 
heuristics were developed to improve the average complexity for specific cases (see e.g. 
[6]). Despite all the previous research, we could not find any algorithm which would per- 
form with reasonable complexity for graphs consisting of a hundred vertices or more. 
Furthermore, we are unaware of theoretical results on subgraph isomorphism in colored 
graphs. Our goal is to find large subgraph isomorphisms, which are likely to represent 
detected models in a scene. We believe that we can use structural indexing to find cor- 
responding subgraphs 

We need to decide upon structural tokens to perform indexing. Using the sets of 
groups only would be very expensive. In our implementation the ~coloff' of the graph lies 
in relationships between the sets, i.e. the edges in the graph. We make use of the infor- 
mation of the groups in the sets to separate out consistent hypotheses after the candi- 
date hypotheses have been detected. The idea is to find all paths of length k 
(corresponding to k+l connected sets) and to cluster these to find the largest consistent 
group of such paths. In a complete connected graph consisting of J V I =m vertices, there 
are m-1 outgoing edges at every vertex ( IEI = ( I V1-1)!). Therefore the number o~]~ths 
of length k is m(m.1)(m-2)...(m-k). This corresponds to an upper bound of O(IVI ) in 
the number of paths. A more realistic assumption is that there are only a consta~,,t num- 
ber of outgoing edges at every vertex. This results in an upper bound of O(IVI ) in the 
number of paths. On one hand we are interested in using long paths to be as discrimi- 
native as possible, on the other hand the number of possible paths in a graph grows ex- 
ponentially with k. Another consideration for k is the size of the corresponding 
subgraphs. Choosing a large k can result in not detecting a subgraph which has less ver- 
tices than k. In our implementation, we use the path length k=2. This allows us to ex- 
ploit the discriminative power of three conneq~ed sets. At the same time the number of 
paths has the worst case complexity ofO( I V] ) (assuming a constant number of outgo- 
ing edges at every vertex). The clustering of corresponding paths enables us to find the 
corresponding subgraphs with more than 3 vertices. 

C1 

C2 

C~ 

C4 

cl c2 ca t c4 

a 

b 

l b i 

a 

Figure 6 Example of Graph 

The computation of the paths is straightforward. The graph can be represented 
by its adjacency matrix.The representation of an object works as illustrated in Figure 7. 
Every view of a model is processed in the following way: 
1. The feature hierarchy is computed. 
2. The enclosures of the sets are used to create the topological graph. 
8. All paths (in our implementation of length 2) are computed. 
4. Each path is encoded 
5. Each path is stored in a data base. 

To encode a path we take the code of all pairs of sets. We use the following at- 
tributes to encode a pair of sets: 

�9 the label of the connecting edge, 
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�9 when the two sets are adjacent, the percentage of comm on boundary, 
�9 when the two sets are intersecting, the percentage of area intersection. 

All numerical values are quantized in a coarse way to allow significant deviations 
due to viewpoint change and noise. The typical quantization in our implementation for 
all numerical values is 20%. 

The generation of the hypotheses proceeds in a similar way (see Figure 7) 
1. we perform steps 1 through 4 above, then we 
2. retrieve from the data base the stored model paths which have the equivalent code. 

The retrieved hypotheses are equivalent to subgraph isomorphisms of path 
length 2 between the different model-views and the scene. In the verification step we 
duster the hypotheses in order to get larger corresponding subgraphs which are likely 
to represent an instance of a model in a scene. Two hypotheses are consistent when the 
following rules apply: 
1. They share at least one corresponding set pair. 
2. No contradiction occurs. That means that the combined number of vertices and edg- 

es of the two paths in the model-view have to be the same as in the scene. 
3. Connectivity has to be preserved. When two vertices are connected in one subgraph 

they have to be connected with the same label in the corresponding subgraph. 
In this case, the combined hypotheses form a new hypothesis. These clusters 

grow iteratively until no further consistent hypotheses pairs can be found. 

Hgure 7 Representation of Model and Scene 

Analysis 
What would have happened if we would have taken shorter or longer paths as 

basic matching primitives? Given k as the path length. Then c~is the number of CA 
pairs in a path consisting ofk+l vertices, with c~,=(k+l)M2. In se&ion 4 we talked about 
the attributes which we use to encode a pair of~enclosures of sets: the label of the con- 
necting edge, the percentage of common boundary, and the percentage of area intersec- 
tion: The label can have four different values: nil, adjacent, inside, or adjacent and 
inside. We further mentioned that we quantize the last two values in five quantizations 
of 20% each. That means we have a=4"5"5=100 different codes to encode a pair of sets. 
Therefore the number of available path codes of length k is D~=a k=a~+lJ~. 

D,_ is a measure for the discriminative power of an encoding scheme. The larger 
Dk, the larger the code alphabet, the more discriminative power a feature has.The 
trade-off lies in the generation of the matching primitives versus the generation of the 
hypotheses with respect to the discriminative power. Taking a short path length results 
in a low number of paths to generate. For k=l, the number of paths is O(I VI ~ On the 
other hand the discriminative power of these paths is lower. For k=l, D 1 =100 =10000. 
Because the number of paths decreased by one order of magnitude and ~ e  discrimina- 
tive power decreased by two orders of magnitude, the number of generated hypotheses 
h is in general larg~ than in our example. Because the clustering of the hypotheses has 
a complexity of O(h ), the matching and verification for k=l is slower than for k=2. Tak- 
ing a long path length results in a large number of paths. For example, for k=4, the num- 
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ber of paths is O( I VI 4), and D4=1001~ The number of generated hypotheses will 
be minimal due to such a high discrim~ative power, and therefore the final clustering 
will be very fast. But computing O(IVI ) paths requires a high space complexity which 
may be prohibitive. The right way to proceed is to increase the value a. This can be done 
by improving the encoding scheme. 

5 R e s u l t s  

In Figure 8 (top) we show an example of the performance of our current system. 
The model used for this was one view of an instance of a duck. In the scene howevel; we 
had a similar view of another instance of the duck, which was partially occluded. The 
model gave rise to 21 high level groups resulting in 9 sets out of which 2 were discarded 
by the reasoning presented in Section 3. Among the 7 valid sets contained 6 relevant and 
1 was irrelevant. The entire hierarchy took about 13 seconds to compute for the model. 
The scene gave rise to 47 groups which were organized into 21 sets out of which 5 sets 
could be discarded. The remaining 16 sets contained 12 relevant sets (out of which 5 
were of the duck, and 7 were of the other objects). The sets were used to compute a 
graph. One of the matched hypothesis is shown. The entire hierarchy took about 2 min- 
utes to compute. 

In Figure 8 (bottom) we show another example. In this scene the duck was slight- 
ly rotated and from a different viewpoint. The scene resulted in 88 curves, which gave 
rise to 129 groups. These were organized into 19 sets out of which 4 sets could be dis- 
carded. The entire hierarchy took about 6 minutes to compute. 

6 C o n c l u s i o n  

We have developed an approach to use perceptual organization for the purpose 
of generic object recognition, and show some promising results. Our perceptual grouping 
is purely data driven. We try to resolve ambiguities andtry to discard groups which not 
necessarily yield any physical interpretation.Our system emphasizes qualitative rather 
than quantitative tokens and tries to achieve recognition using spatial correspondences 
of these tokens. By using multiple representations for each group, we can deal fairly 
well with occlusion and scale.By using a set of different views to represent a model we 
can deal with incomplete model descriptions. 

Our future work aims at taking care of cases when the system does not find cor- 
responding high level groups (e.g. due to heavy occlusion)? We want to focus on this 
point by developing a multilevel matching, which allows the system to 'Yall back ~ on low- 
er level features in order to fred correspondences. We would like to extend the indexing 
idea directly to the perceptual group sets, rather then by using their approximations. 
There are several other features and group strategies which we ignore so far: continua- 
tion, texture, saliency etc. Including these features would enrich the descriptive and dis- 
criminative power of our feature hierarchy. 

Our work and the corresponding results in this paper should demonstrate the vi- 
ability of this approach. 
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Example  1 : (left) images of scene and  model - duck in  scene is different from tha t  in model and  
par t ia l ly  occluded, (middle) edges of scene and  model, (right) example of matched  hypotheses.  
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par t ia l ly  rotated. (middle) edges of  scene and  model, (right) example of  matched  hypotheses.  

Figure 8 Recognition examples  (1) -top and (2) - bot tom 
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