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Abstract—We report on a case study showing that using symbolic descriptions to recognize objects in per
spective images delivers similar results as heuristic or statistical methods. The knowledge is modeled in
TGraphs which are typed, attributed, and ordered directed graphs. We combined the search in the state space
with a maximum weight bipartite graphmatching and in consequence we were able reduce the numerous
amount of hypotheses. Furthermore we used hash tables to increase the runtime efficiency. As a result we are
able to show that model based object recognition using symbolic descriptions is on a competitive basis.
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INTRODUCTION
While heuristic approaches are commonly used
to solve specific object recognition tasks, model
based approaches grant the opportunity for more
general solutions. Further, object detection using
symbolic descriptions for the modelbased image
analysis is still a challenge, although there has been
research in this area since many years. The advan
tage of symbolic descriptions is that no large
amount of training data is required and manmade
objects can usually be described by symbolic
descriptions straight forward.
Nevertheless the disadvantage is that it needs a lot
of work to create a model (e.g., of a building). Indeed
Google Earth provides lots of buildingmodels which
are designed in Geography Markup Language (GML)
and Keyhole Markup Language (KML) (see Fig. 1).
These models deliver symbolic descriptions of build
ings which may give new relevance to modelbased
image analysis, because plenty of models are available.
In this paper we present a case study showing the
recognition of 2D objects in perspective images with a
taskindependent pattern recognition approach in the
application domains of domino tiles and poker cards.
In a prospective study we are going to apply these
results to the more complex 3D domain of building
recognition.
Like [1], we use TGraphs [2] as a “lightweight”
ontology and we also use a taskindependent activity
control, which manages the application flow of the sys
tem.
Nevertheless we extend the activity control to work
with a subgraph partition and an efficient hashing to

increase the performance of the system. Furthermore
the activitycontrol employs the Hungarian method, a
fast graph matching algorithm, whenever it is possible
to reduce the assignment task to a maximum weight
bipartite graphmatching.
One archetype of such a system is ERNEST [3],
which is a pattern recognition system developed in
1980 employing semantic networks in several applica
tion domains, like building recognition [4] and speech
understanding [3]. We evaluate this approach with the
two application domains: Domino tiles and Poker
cards. Here we are able to handle perspective images
and the resulting distortions.
PROBLEM STATEMENT
The aim of this approach is to create an image anal
ysis system, which works independent of the applica
tion domain and is able to detect objects, given the
symbolic description in a model. These models con
tain besides the declarative also procedural knowl
edge, where the procedural knowledge provides the
functions to detect model elements in the image and
evaluate the assignment of a model element to an

1The article is published in the original.
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Fig. 1. Google Earth Model of the university Koblenz.
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Fig. 2. UML diagram of the domino tile schema.
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Fig. 3. UML diagram of the poker card schema.

image element. To perform the matching of elements
found in the image and elements given by the model, a
large number of hypotheses may arise. Therefore, it is
necessary to find an efficient way to deal with these
hypotheses.

APPROACH AND TECHNIQUES
The basis for the modelbased object recognition
system is, of course, the model itself. Therefore, we
model the declarative knowledge in a generic scheme
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Fig. 4. Model graph of an arbitrary object.

(see Figs. 2 and 3). The main elements of the model
are the elements TwoDGeometricObject and Seman
ticObject, which are derived classes of the GenericOb
ject, so we have a clear separation of semantic and geo
metric objects.
In addition to the declarative knowledge, we also
model procedural knowledge in the schema. The pro
cedural knowledge is available from the Software tech
niques for object recognition (STOR) Component Sys
tem [5], which supplies an experimental environment
for object recognition to construct, analyze and evalu
ate solutions.
With these schemata, we are able to construct con
crete models. In this case study, we have 80 basic mod
els, because we have 28 domino tiles and 52 poker
cards.
The approach works similar to [1]. A taskindepen
dent and A*based activity control instantiate the
models, fills the state space with hypotheses and con
trols the application flow.
However, we extended this approach and combined
the search in the state space with the Hungarian
method. We use this method whenever the cardinality
of a node is greater than one.
Therefore, each SemanticObject has to offer a
Judgment, according to the belief of DempsterShafer
theory [6], which describes how well an image element
can be assigned to a model element and how missing
assignments reduce the belief in the detection of this
SemanticObject. These beliefs are combined as
described in [1] with the DempsterShafer combina
tion rule.
Furthermore, we save all assignments and sub
graphs of the models with constant cardinalities in
hash tables. This yields to an increase in runtime effi
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Fig. 6. Example of a poker card image of the data set.

ciency, where the detection rate stays equal. We also
save the subgraphs with constant cardinalities, because
these sub structures are often redundant for the mod
els.
For instance, Fig. 4 shows a possible model of an
arbitrary object. There we assign the elements A1 and
A2 with Hungarian method and if the cardinality
between the root node R and the node A is constant we
will save the whole subgraph in a hash table. As input
for the hash function we use the type of model node,
the region of interest, the attributes of the node and for
subgraphs the types of the edges as well.
Accordingly we exchange the subgraph with a sin
gle node, which reduces the complexity of the model.
Iteratively we continue the analysis process (see Fig. 5)
until all probable models, where the belief of the
model exceeds some threshold, are completely
assigned or failed to assign.
RESULTS
For the experiments, a data set containing
800 images of domino tiles and poker cards with per
spective distortions was used (see Fig. 6).
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The play card colors were classified with Hu
moments as features, which are invariant under trans
lation, changes in scale, and also rotation [7]. This
classification is very robust and delivers good results
for the detection.
The overall detection rate of domino tiles and
poker cards is about 90% for the dataset. This case
study shows that the advantage of the approach is that
it handles missing and imprecise data very well and is
able to use the segmentation algorithm for specific
regions, so that the segmentation results are better
than the results of segmentations over the whole
image.
CONCLUSIONS
We introduced in a case study an approach which
uses symbolic descriptions to recognize 2D objects in
perspective images. For this purpose we combined the
search in the state space with a graphmatching algo
rithm to deal with numerous hypotheses. Furthermore
we use hashing functions for nodes and subgraphs tak
ing advantage of the redundancy between the models
to increase the runtime efficiency.
In a next step we are going to extend this approach
to the 3D domain of building recognition.
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