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Zusammenfassung We show how context and ordering information
can improve the efficiency and accuracy of 3D object recognition. First we
describe a way how to obtain contextual information in terms of features
enriched by attributes. On this basis we introduce new constraints for the
application of interpretation tree search. Finally, we present exemplary
recognition results which show the impact of the new constraints.

1 Introduction

Recognition of three-dimensional (3D) objects is still an ongoing topic of interest
in computer vision. Different approaches were developed to recognize objects on
3D image data (e.g. [FJ91]) or 2D image data (e.g. [BJO1]). Commonly, the
first step of a recognition process consists of deriving significant features from
image data. Subsequently, these features are matched to model features. Other
approaches are based on learning the appearance of objects, e.g. probabilistic
approaches [HNOO] or neural networks [SD99]. In this work we focus on properties
of features and the functional role of these properties for 3D object recognition.
Therefore, we distinguish between — what we call — pure features and features
enriched by attributes. Assuming that the attributes enhance the significance of
the features, we postulate that the use of enriched features improves the efficiency
of object recognition.

Our application domain uses the recognition of 3D polyhedral objects via
interpretation tree search [Gri90]. This approach served as a basis for several
systems which adjusted some aspects, e.g. ordering of features [AA93] or creating
derived features [FJ91], [SM92]. We show how to obtain attributed features
with context and ordering information (section 2). Furthermore, we use this
information to formulate new constraints as needed for the interpretation tree
approach to recognize objects (section 3). In section 4 we present exemplary
recognition results which we gathered from testing the system against real data.

2 Obtaining contextual information

Contextual information is strongly bound to the feature where it belongs to.
So, first there is a need for extracting features from input data. To extract edge-



2 Mike Fodisch and Thorsten Hermes

based features so-called gradient operators (see [JHG99]) are usually used. These
features are then needed for further processing like object recognition.

Abbildung 1. Range map, intensity image and segmentation results

We suggest another way to extract edge-like features. Our basic material
consists of a range image from a 3D laser sensor and additionally a grey value
image of a CCD camera. Both images are correlated to each other. After app-
lying image enhancement methods (e.g. noise reduction) we use a sophisticated
segmentation method to extract segments. The segmentation method combines
edge- and region-based approaches [PL90]. Concerning the two input images in
figure 1(left and middle) the segmentation method extracts the segments shown
in figure 1(right). The segments are represented by their contour and a function
which approximates the bordered area. The contour consists of reduced contour
points which represent mostly vertices of polyhedral objects. For the extracti-
on of edge-like features we project lines between adjacent contour points with
respect to clockwise ordering. These lines represent features which belong to a
context (segment) and possess an inherent ordering.

3 Object Recognition

Our object recognition method is based on the hypothesize-and-test approach
[Gri90]. First hypotheses are generated from some evidence and verified after-
wards. The verification consists of global consistency checking and selecting the
best hypothesis. Our concrete implementation represents a variation of the inter-
pretation tree search approach introduced by Grimson [Gri90]. The interpretati-
on tree is used to span the correspondence space which means that all possible
combinations of associations between scene features and model features can be
generated. At each level of the interpretation tree one scene feature is tested in
order to associate it to all model features. If such an association is possible w.r.t
to constraints, the next level of the tree is spanned and therefore the next scene
feature is considered. If such an association is not allowed due to constraints
(e.g. length check) the tree is pruned at that node and further associations star-
ting from here are no longer considered. If all scene features are associated to
model features, all paths starting from the root of the tree to a leaf represent
interpretations of the scene. The interpretations vary regarding the quality of
associated scene features (e.g. length of edge-like features). Only those inter-
pretations which show the best quality are considered as hypotheses. The final
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verification of the remaining hypotheses separates good and wrong hypotheses
via computing the best transformation of model data into the scene pose. The
one and only hypothesis which shows the lowest transformation error represents
the ultimate interpretation of what is seen in the scene.

Our implementation differs from Grimson most notably in the type of features
used and new introduced constraints. As described in section 2 our features con-
sist of linear edge fragments with additional context information. On the basis
of those features we introduce a new constraint in the following.

3.1 Context-Consistency Constraint

We introduced in [FWHO1] the Correspondence-Consistency Constraint which
claims the membership of model features to the same model surface in certain
circumstances. We enhance this constraint to the Context-Consistency Cons-
traint (C3). Besides the membership of model edges to model surfaces (context)
this new constraint also claims the compliance of ordering of model edges. In
this section we describe both aspects of C? and finish with a complete formalism
of the constraint.

3.1.1 Membership to context

The C3? pretends that scene features of the same segment have to refer to
model features of the same model surface. The example in figure 2 illustrates
this requirement. Given, that scene feature s13 was already associated to model
feature ms and then an association for scene feature s12 should be found. There
are two model surfaces F;, F; adjacent to model feature msz. They represent the
context for further associations. C2 only allows associations of s12 to one of the
model edges belonging to the context (thus my,...,mz7). An association to other
model edges would be not allowed because they do not belong to either model
surface Fi or model surface Fi. After associating the second scene feature sio
(e.g. to model feature ms) the context consists of exactly one remaining model
surface (F1).

Abbildung 2. Membership aspect of the C3
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3.1.2 Ordering in context

A second important aspect of C? deals with the ordering of model features

in associations.
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Abbildung 3. Ordering aspect of C3

Figure 3 shows a segment S, a model surface F' and appendant scene features

s; and model features m;. The scene and model features are ordered clockwise
within the context they belong to (segment and model surface). Beginning at
this starting point, the effect of C? is described on the basis of the following
examples:

— The new constraint allows the trivial synchronized association of scene fea-

tures to model features. Therefore both of the following interpretations are
allowed (see section 3.2 for notation):

1. I‘f = {(81 : ml), (82 : m2), (83 : m3), (84 : m4)}

2. I? = {(s1 : m3), (82 : m4), (83 : m1), (84 : m2)}

Starting from the interpretation I§ = {(s1 : m1),(s2 : m3)} a further as-
sociation (s3 : ms) would be not allowed because my is situated before the
last associated model feature mg w.r.t. clockwise ordering. Nevertheless an
association (s3 : m4) would be allowed because my is situated behind mg
w.r.t. the ordering.

Starting from the interpretation I§ = {(s1 : m1), (s2 : m4)} no further as-
sociations are allowed because there are no more model features behind my
and before m; w.r.t. clockwise ordering. This example shows how the C3
can exclude mirror-inverted associations. Because of the local effect of cons-
traints mirror-inverted and therefore wrong associations often occur using
interpretation trees. The usage of contextual information in our approach
prevents such hypotheses.

3.2 Formalism

In this section we describe the C? in a more formal way. First, general notations
are presented followed by formal notation of the two aspects of C3. Finally both
parts will be combined for the complete notation.
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A segment S consists of n linear edge-like features s;:

S ={s1,82,...,8,} ordered set, with (1)
Si:(Pb7P6)7 (2)

and Py, P, € R® are three-dimensional points. A model surface F' consists of f
linear object edges m;:

F ={mqi,ms,...,ms} ordered set, with (3)
mj = (Py, Pe), (4)

and Py, P, € R? are three-dimensional points. Additionally, we use a concept for
the representation of an object. An object O consists of o model surfaces Fj:

O={R,F,... F}. (5)

An interpretation I consists of a set of associations (s; : m;) between scene
features s; and model features m;. Interpretations are generated as follows:

In+1 = In U {(Sin+1 : mjn+1)}’ (6)

with I = {} = 0 for the interpretation without any associations. Further-
more, we introduce the following notation: I;.s determines the scene feature and
I;.m determines the model feature of the i-th association in interpretation I.

The association of scene feature s € S to a model feature m of an object O
leads to the following context C' which holds for further associations:

C ={F|me F}, with F €0,leNt (7
with Nt set of the natural numbers without null.

For some object O the model context Cp, of an interpretation I, with n > 0
can generally be formulated as follows:

n
Cr.=({F € Olim e F}, withleN" (8)
=0
We want to remark that the context Cf, for interpretations I, with n > 1
consists of exactly one remaining model surface F¢.

The claim for context consistency of C3 can thus be formulated as follows:

Ci*((s:m)) & (n=0)V 3F, € Cr, :m € F). (9)

For each new association (s : m) added to a given interpretation I, with
n > 0 has to exist a model surface Fj in context Cy, which contains m € F as a
model edge. If there was not yet an association in interpretation I,, with n =0
the claim for context consistency is fulfilled in a trivial way.
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The clockwise ordering is mapped onto the sequence of model edges m; in
a model surface F. As for the example in figure 3 the elements of F' hold the
following sequence F' = {m1,m2, m3, m4}. The model features get another index
r which represents their sequence: F' = {my,,ma,, ms,, my, }.
To extract the sequence a function pos was introduced:

posg : mj, — r € NT (10)

results in the index r of a feature m;, in a model surface F.

As for an interpretation I,, with n > 1 the positions of the first associated model

feature I;.m and the last associated model feature I,,.m in the only remaining
model surface F € Cf, can be determined:

first := posg, (I1.m)
last := posp,, (I,.m)

A new association (s : m) with position

new := posg,, (m)

for model feature m in the context of the previous associations I, is allowed
iff new lies not between the indices first and last:

new ¢ [first, last]r,

with an interval [a,b]p (with 1 < a,b € Nt < Card(F') and F a model
surface) defined as follows:

_[{zreMla<z<D} ,ifa<b
[a’b]F_{M\{z€N+|b<z<a},else (1)

with M := {z € Nt|1 <z < Card(F)}.

The claim for the ordering of model features in associations of C* can thus
be formulated as follows:

Ci.((s :m)) & (n < 2) V (posg, (m) ¢ [posg, (I.m), posg,, (In-m)]r;)  (12)

with Fo as the one and only remaining model surface in context Cfp, .

After a formalization of both aspects of C3 the constraint can now complete-
ly be formulated:

Ci, (s :m)) = C72((s : m)) ACE (5 : m)). (13)
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4 Results

We examine the object recognition results in terms of three values. First, the
number of nodes in the interpretation tree. A lower number of nodes in the
tree means lower expense of the search. Second, the number of interpretations
generated by the search. This value is used as an intermediate result. And finally
the number of hypotheses which holds for the most important value. The lower
the number of the final hypotheses the lower the extent which is necessary to
verify global consistency.

In table 1 we present the recognition results for the example shown in figure
1. Obviously the number of nodes as well as the number of interpretations and
especially the number of hypotheses were significantly reduced when using C3.

with C® without C*

number of nodes: 877 1336

number of interpretations: 122 213
number of hypotheses: 4 16

Tabelle 1. Results of the recognition process

We tested the system against ten different scenes, each showing one of four
different objects. For each test case we gathered the recognition results using and
not using C3. The number of hypotheses occurring when not using C? is referred
to as 100%. The number of hypotheses changes when applying C3. The relative
difference is shown in figure 4. The diagram shows that the costs of computing
may be reduced down to an average of 35% of the costs incurred when not using
context and ordering constraints.

5 Conclusion

In this work we presented a knowledge-based 3D object recognition approach.
The used features are enriched by contextual attributes which we extracted from
segmentation results. We showed how an interpretation tree search algorithm can
be extended by context and ordering constraints. By applying these constraints
we achieve more efficiency in recognition results owing to generating less hypo-
theses. The use of new introduced constraint C® prevents bad hypotheses, e.g.
hypotheses containing mirror-inverted associations which often occur because of
the local impact of constraints.

So we conclude that the usage of context information in terms of features
enriched by attributes leads to more accurate and more efficient recognition
results.
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Abbildung 4. Effects of the C® regarding the number of hypotheses
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