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Abstract
This paper defines how similarity assessment to the scene level 
extends. Geographic scene matching problems (GSMP) present 
several variations depending on the types of the scene query and 
the underlying database .virtually irrelevant for simpler levels 
of representation is how to associate parts of one scene with 
corresponding parts of another scene. Therefore, it is important to 
recognize what those parts are under a geographic setting, and what 
the principles are that should guide the correspondences amongst 
them. Aspects of geographic domain knowledge are also implicit 
in the form in which a spatial query is expressed, since different 
forms of input may suggest alternative distributions of significance 
to the various components, thereby affecting similarity.
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I. Introduction
Retrieving similar configurations crosses the boundaries of many 
disciplines and has stimulated considerable research due to its 
numerous applications in such fields as computer vision (Ballard 
and Brown 1982), multimedia databases (Flickner et al. 1995), 
medicine (Petrakis and Faloutsos 1997), and biology (Wang et al. 
2004). The hard combinatorial nature of the problem often implies 
that its solution requires not only the adoption of appropriate 
computational techniques, but also their fusion with domain or 
application-specific knowledge. The central question that arises 
in scene comparisons, one that is virtually irrelevant for simpler 
levels of representation, is how to associate parts of one scene with 
corresponding parts of another scene. Therefore, it is important to 
recognize what those parts are under a geographic setting, and what 
the principles are that should guide the correspondences amongst 
them. Aspects of geographic domain knowledge are also implicit 
in the form in which a spatial query is expressed, since different 
forms of input may suggest alternative distributions of significance 
to the various components, thereby affecting similarity.

II. Types of Spatial Scene Queries
Spatial scene queries can be roughly divided into two categories 
based on their form of input: (1) queries by expression, which the 
user constructs using the modalities provided by the system and 
(b) queries by selection, where the query is set equal to a selected 
database configuration (Figure 5.2). Queries by expression can be 
syntactic (Chamberlin et al. 1976), sketched (Egenhofer 1996), 
or a combination of both (Calcinelli and Mainguenaud 1994; Di 
Loreto et al. 1996; Agouris et al. 1999). They can be formulated via 
an appropriate command-oriented language (Egenhofer 1994a), or 
a graphical user interface that facilitates sketching on the screen 
(Gross 1996; Haarslev and Wessel 1997b; Blaser and Egenhofer 
2000). Queries by selection, on the other hand, require minimal 
user intervention as users simply select a prototype scene and the 

system must retrieve other scenes that resemble it. This method 
of querying is popular in databases that contain collections of 
individual scenes (collection databases), such as image databases 
(Kelly et al. 1995), or databases of protein structures (Artymiuk 
et al. 1994). In the case of large continuous datasets (continuous 
databases), querying by selection could be carried out by selecting 
part of a map on the screen and requesting similar areas from the 
database. Current GISs, however, do not yet natively support 
such functions.

Fig. 1: Forms of Spatial Scene Queries

The various forms of spatial scene queries spawn different 
considerations for their processing. Syntactic queries contain 
an explicitly stated and precisely specified set of constraints. 
However, there could be relational constraints that are missing 
but implied, or the set of existing constraints might be logically 
inconsistent, thus describing an impossible configuration. Such 
anomalies should be detected during a preprocessing stage. 
Sketch queries are inherently approximate, although sometimes 
they also contain precise constraints (e.g., through optional hand-
written annotations). A feature unique to syntactic and sketched 
queries is their often-exploratory character, since they need not 
necessarily correspond to real-world scenes reconstructed from 
memory. Whereas queries by expression employ only a subset of 
the constraints that may be imposed, selection queries contain the 
exhaustive set of all possible constraints (i.e., each attribute value 
of objects and relations in the selected database scene becomes a 
constraint during selection).
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A. Components of a Spatial Scene Query
A spatial scene query comprises a number of objects, each with its 
own set of specifications. Typically, object constraints are specified 
by assigning an atomic value to an attribute (e.g., *class(house) or 
*area(300m2)). Cases of multi-valued attributes are also possible. 
Spatial relational constraints are more complex, mainly for two 
reasons: (1) the lack of a universally accepted representational 
scheme (Hernández 1994; Cohn and Hazarika 2001) and (2) the 
availability of representational structures at various levels of detail. 
For example, a topological constraint between two objects could be 
defined as coarsely as a simple topological relation classifier (i.e., 
overlap or contains), or as comprehensively as the resolution of 
the representational formalism allows, containing also additional 
topological invariants (Egenhofer and Franzosa 1995; Clementini 
and di Felice 1998) and metric refinements (Shariff 1996; Egenhofer 
and Shariff 1998; Godoy and Rodriguez 2002; Stefanidis et al. 
2002; Nedas et al. in press) (Fig. 2). 

Fig. 2: Representing a Topological Relation at Progressively Finer 
levels of Detail 

Formulating Spatial Scene Queries: A spatial query can be 
formulated as a Constraint Satisfaction Problem (CSP), (Kumar 
1992) which consists of:

A set of n variables V• 1, V2,...,Vn that correspond to the objects 
appearing in the query.
For each variable V• i, a finite domain of N possible values 
Di = {O1,O2 ,...,ON} that correspond to the objects in the 
database.
For each variable a k-tuple of k unary constraints P• i = ( p1i , 
p2i ,..., pki ) , where p1i , p2i ,..., pki are specific instantiations 
of the attributes p1, p2 ,..., pk for variable Vi . If the database 
contains j attributes for each object and the domain of each 
attribute is 1 2 , ,..., j A A A , then i P is a subset of an element 
of the Cartesian product:

that

For each pair of variables an m-tuple of m binary constraints • 
Rij = (r1ij , r2ij ,..., rmij ) , where r1ij , r2ij ,..., rmij are specific 
instantiations of the properties r1, r2 ,..., rm of the relation 
between the variables Vi and Vj. If the database contains l 
properties for each relation and the domain of each property is 
B1, B2 ,..., Bl, then Rij is a subset of an element of the Cartesian 
product 

A solution to the CSP is an assignment of values to variables 
(i.e., database objects to query objects) such that no constraint 
is violated. When no constraints exist on relations, the problem 
becomes conceptually identical to that of matching multi-valued 

attributes. In this case the CSP degenerates to the assignment 
problem, which can be solved with the methodology developed 
for multi-valued attributes (Section 4.2.2.1). In the general 
case, however, a different method is required that performs the 
matching in a manner that satisfies both the unary and the binary 
constraints.

B. Representing a Spatial Scene as a Graph
A scene CSP can be abstracted as an attributed pseudo graph 
(Fig. 5.4). Objects and binary relations in the scene are abstracted 
as nodes and edges of the graph, respectively. The edges of the 
graph are directed if non-symmetric relations, such as containment 
and direction, are modeled in the scene. Numerical or symbolic 
attribute values attached to the loops correspond to properties of 
the objects, and those attached to the remaining edges correspond 
to properties of the binary relations. Adhering to the view of a 
singular relation that encapsulates all relational properties for 
an object pair, only one edge is drawn between two nodes. If 
a relation exists between any two objects in the original scene, 
then the resulting graph is complete and its number of m edges 
is equal to n· (n −1) / 2 or n· (n −1) for directed relations), where 
n is the number of nodes.

Fig. 3: Representation of a spatial scene as a complete labeled 
pseudo graph (road networks were omitted to avoid clutter).

Properties of objects and relations that become constraints are 
denoted with a color-coding scheme, which is reused in subsequent 
chapter figures.
Graphs of spatial scenes can be automatically derived during 
a preprocessing stage. Although in some approaches this 
transformation is a prerequisite (Messmer and Bunke 1995), the 
method that we outline can operate either on the graphs of the 
scenes, or on the scenes themselves. A graph abstraction is helpful, 
however, in revealing the nature of the scene-querying problem 
and the different types of solutions that are possible. 

C. Query Preprocessing
Before executing a spatial scene query, all relational constraints 
that are missing but implied must become explicit (e.g., Fig. 
5.2(a). This process achieves better efficiency because it prunes 
the search space for the implicit relations and does not have to 
consider their entire domain. It also helps with the early detection 
of logically inconsistent queries that correspond to impossible 
configurations. The explication of implicit relations can be 
automated with composition tables, which encode the possible 
spatial relations between two variables Vi,Vj given the relations 
between variables Vi,Vk and Vk,Vj. Composition tables exist for 
topological relations (Egenhofer and Sharma 1993; Egenhofer 
1994b), directional relations (Papadias and Egenhofer 1996), and 
combinations of directional and distance relations (Papadias et 
al. 1999b).
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III. Creating the Association Graph and Extracting the 
Maximal Cliques
The solutions to a scene query can be given by extracting the 
maximal cliques of an association graph. An association graph 
(Ambler et al. 1973) captures the mutual dependencies between 
two relational structures. For a query graph G with node set (v1,..., 
vn) and a database graph H with node set (u1,...,uN ) the nodes 
and edges of their association graph are created in two distinct 
steps, as follows: during the first step, a node of the association 
graph is created for each compatible pair of nodes between G 
and H. Specifically, if a node uj of the database graph satisfies 
the relaxed unary constraints of a node vi in the query graph, 
then an association graph node aij = (vi ,uj) is created to register 
this possible correspondence. During the second step, the edges 
of the association graph are generated by joining nodes that have 
compatible relations; that is, an edge is inserted between nodes 
aij and akl of the association graph if the relationship between 
nodes uj and ul of the database graph satisfies the relaxed binary 
constraints explicated by the relationship between nodes vi and 
vk of the query graph. 
Given the way that the association graph was constructed, the 
notions of complete solution and incomplete solution coincide 
with those of maximum clique and maximal clique respectively. 
Simple cliques amount to redundant solutions, that is, they are 
incomplete solutions already encapsulated within a larger complete 
or incomplete solution. The traversal of the association.
graph and the extraction of the maximal cliques can be done 
by clique-enumerating algorithms (Bron and Kerbosch 1973; 
Loukakis and Tsouros 1981; Tomita et al. 1988).

A. Post-Processing of Results
The stage of post-processing consists of evaluating the similarity 
of each retrieved scene to the query, filtering the results, and 
presenting the final set of solutions to the user. 

IV. An Example of Processing a Spatial Scene Query
To demonstrate how the concepts and methods apply to a practical 
scene retrieval scenario, consider the example of the spatial scene 
query of fig. 5.10. The solutions to the CSP that corresponds to 
the user’s query can be extracted as the maximal cliques of an 
association graph, which is formed by comparing the respective 
constraints between the query and the database scene. These 
solutions, which can be complete or incomplete, are the sub graph 
isomorphisms between the query graph and the database graph. 
The construction of the association graph starts by selecting an 
arbitrary object in the query scene, for instance, X, and finding 
objects in the data scene that are compatible. Object X is an 
academic building; therefore, it can be matched with objects A, 
I, E, and N of the data scene that are also academic buildings. 
Thus, nodes (X, A),(X, I ),(X, E) and (X, N) of the association 
graph are generated. The rest of the nodes are created accordingly, 
by matching variables Y and Z of the query scene with all objects 
of the data scene that are faculty parking lots and resident parking 
lots, respectively. To insert the edges of the association graph, all 
node pairs are examined sequentially. Nodes (Y,G) and (X, A) 
should not become adjacent, because Y meets X, whereas G is 
disjoint from A. However, nodes (Y,G) and (Z,H) should be joined 
by an edge, because the relation between Y and Z is the same as 
the relation between G and H (i.e., meets). The only pairs of nodes 
that are a priori excluded from this process are those that include 
the same variable in both nodes of the pair. For instance, the pair 
((X , E),(X , A)) need not be examined at all, because variable X 

cannot correspond to objects E and A simultaneously. Differently 
expressed, the uniqueness requirement prevents solutions that 
assign multiple objects to one variable. Continuing this process 
for all nodes completes the creation of the association graph.

Fig. 4: Solving a CSP by Creating the Association Graph and a 
Database and extracting the Solution

Maximum-maximal cliques in this graph correspond to complete 
solutions, maximal but not maximum cliques to incomplete 
solutions, while simple cliques correspond to redundant incomplete 
solutions already embedded into a larger solution. For example, the 
clique {(X, I ),(Y,G)} is a redundant solution, because it is already 
contained within the maximum clique {(X , I ), (Y,G),(Z,H)}. The 
latter is the only complete solution, yielding the object assignment 
(I,G,H) to variables X,Y and Z, respectively. The graph also 
contains two maximal cliques of size 2 and six maximal cliques 
of size 1, all of which constitute assignments that yield incomplete 
solutions. The solutions to the original query, whether complete or 
incomplete, are all exact. The solutions to the relaxed version of 
the CSP (i.e., the PCSP) are obtained in exactly the same manner 
as those for the original query, that is, by extracting the maximal 
cliques of an association graph. The nodes and edges of the new 
association graph, however, are formed this time with respect to 
the relaxed constraints. The extraction of the maximal cliques for 
the PCSP is equivalent to obtaining a set of approximate solutions 
to the original CSP, which also includes incidental exact matches. 
An arbitrary relaxation policy that relies on 1st neighbors of the 
coarse topological relations and enlarges the domain of the objects’ 
class constraints degrades the speed of the retrieval by creating 
a complex association graph, as well as the quality of the results 
by retrieving many irrelevant solutions (fig. 5).

Fig. 5: Costs on Efficiency and Quality Introduced by a careless 
Relaxation
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These problems are alleviated if the original topological 
constraints are substituted with semi-qualitative metrics and the 
class constraints are not relaxed (Figure 5.12). For example, the 
original meet constraint on the relation of object X to object Y is 
substituted with a normalized distance of 0, which is then relaxed 
to allow matches with database
Distance relations in the range (0, 0.15). In addition to the exact 
complete solution {(X , I ), (Y,G),(Z,H)} in Figure 5.10, the 
solutions to this PCSP include two more complete, but approximate 
solutions, which are {(X, E),(Y, F),(Z, L)} and {(X , N), (Y, P), 
(Z,Q)}. There are four incomplete solutions, two of them being 
exact and two being approximate. As the example demonstrates, 
the combination of quantitative or qualitative distance and object 
constraints is likely to return solutions that form local structures 
in the database scene. Such local structures correspond to disjoint 
components in the association graph (Figure 6). Hence, further 
efficiency can be achieved by operating an enumerating clique 
algorithm independently on each of these components, rather than 
on a larger graph consisting of a single connected component 
(Fig. 5).

Fig. 6: Creating the Association Graph for a Relaxed Query and 
a Database Scene and Extracting the solutions

Solutions of little value, such as single-object matches (i.e., 
isolated nodes in the association graph) may now be discarded 
by applying a filter as a percentage of the nodes of the maximum 
clique. For example, a filter of > 0.6·ω(A) for Figure 5.12 omits 
from the results all maximal cliques consisting of a single node, 
thus eliminating node {(Z,M)}. The dissimilarities to the ideal 
values at each node and edge are converted to similarities by a 
non-linear monotonically-decreasing function (Equations 2.1b-c), 
thus transforming the association graph to a weighted association 
graph (Fig. 5.13). By applying the sequence of Equations 5.1 to 5.5 
on each maximal clique of the resulting graph, a scene similarity 
score is assigned to each maximal clique, and the results can be 
ranked and presented to the user.

Fig. 7: Calculation of the similarities Between Objects and 
Relations Tranforms the Association Graph Into a Weighted 
Association Graph

The often-exploratory character of a spatial query and the 
approximate expressions that it may take combined with the 
relatively large number of constraints that exist in it. Diminish 
the possibilities of retrieving exact matches. Whereas similarity 
retrieval at the level of attribute values and objects may be 
considered a welcome enhancement to current spatial information 
systems, similarity at the level of a scene becomes imperative. 
Thus, the initial constraints should be seen as ideal starting points 
that should be approximated by some measure. Approximating is 
tantamount to relaxing the original constraints, thus substituting 
the original problem with a weaker version of it.

V. Conclusion
Relaxation is a critical part of the solving process because it affects 
the efficiency of the retrieval and the quality of the solutions. 
Performing the relaxation is not simply a matter of expanding 
the set of acceptable attribute values to a constraint but requires 
the aggregation of a variety of knowledge specific to the spatial 
domain. Such knowledge can be captured by deciding on the 
relative importance of constraints based on the form of the query 
and by considering what spatial relations to employ in order to 
create a weaker version of the original problem. Solving the 
weaker problem yields a number of complete and incomplete 
solutions that may be exact or similar matches to the initial query. 
The solution process consists of extracting the maximal cliques of 
an association graph. The latter is constructed by matching objects 
and relations of the database scene, whose properties satisfy the 
relaxed constraints of the query scene. Each solution is assigned 
a similarity score based on the similarity of the matched relations 
and objects. Incomplete solutions are optionally penalized for 
their lack of completeness. Further filtering of the results is also 
possible based on several criteria. The maximal clique approach 
establishes the best possible correspondence between the inherent 
conceptual nature of the problem and its practical implementation 
and does not rely on simplifying assumptions that may restrict 
its applicability.
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