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Abstract—Sensor data fusion imposes a number of novel re-
quirements on query languages and query processing techniques.
A spatial/temporal query language called�QL has been proposed
to support the retrieval and fusion of multimedia information
from multiple sources and databases. In this paper we investigate
fusion techniques, multimedia data transformations and �QL
query processing techniques for sensor data fusion. Fusion tech-
niques including fusion by the merge operation, the detection of
moving objects, and the incorporation of belief values, have been
developed. An experimental prototype has been implemented and
tested to demonstrate the feasibility of these techniques.

Index Terms—Data fusion, distributed database, multimedia
database, query language, query processing, sensor data fusion.

I. INTRODUCTION

SENSOR data fusion is an area of increasing importance that
requires novel query languages and query processing tech-

niques for the handling of spatial/temporal information. Sen-
sors behave quite differently from traditional database sources.
Most sensors are designed to generate information in a temporal
sequence. Sensors such as video camera and laser radar also
generate large quantities of spatial information. Therefore the
query language and query processing techniques must be able
to handle sources that can produce large quantities of streaming
data within short periods of time.

Another aspect to consider is that user’s queries may be mod-
ified to include data from more than one sensor and therefore re-
quire the fusion of multiple sensor information. In our empirical
study we collected information from different type of sensors,
including laser radar, infrared video (similar to video but gener-
ated at 60 frames/s) and CCD digital camera. In a preliminary
analysis of the above described sensor data, it is found that data
from a single sensor yields poor results in object recognition.
For instance, the target object may be partially hidden by an oc-
cluding object such as a tree, rendering certain type of sensor
ineffective. Object recognition can be significantly improved if
the query is modified to obtain information from another type of
sensor, while allowing the target being partially hidden. In other
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words, one (or more) sensor may serve as a guide to the other
sensors by providing status information such as position, time
and accuracy, which can be incorporated in multiple views and
formulated as constraints in the refined query.

Existing query processing techniques are not designed to
handle sensors that produce large quantities of streaming data
within short periods of time. With existing query languages
such as SQL, it is also difficult to systematically refine the
query to deal with information fusion from multiple sensors
and distributed databases. To support the retrieval and fusion of
multimedia information from multiple sources and distributed
databases, a spatial/temporal query language called has
been proposed [6]. is based upon the -operator sequence
and in practice expressible in a syntax similar to SQL.
allows a user to specify powerful spatial/temporal queries
for both multimedia data sources and multimedia databases,
eliminating the need to write separate queries for each. A
query can be processed in the most effective manner by first
selecting the suitable transformations of multimedia data to
derive the multimedia static schema, and then processing the
query with respect to the selected multimedia static schema.

The main contribution of this paper is to provide a system-
atic approach consisting of fusion techniques, multimedia data
transformations and query processing techniques for sensor data
fusion. The paper is organized as follows. Section II presents
background and related research. The basic concept of the dual
representation of the -query is explained in Section III. The
usage of the various types of operators is discussed in Sec-
tion IV. The techniques of sensor data fusion are explained in
Section V. Section VI describes the architecture of the system
for sensor data fusion. Section VII presents the data model, and
Section VIII the detailed syntax of and some examples. In
Sections IX–XI, we discuss sensor data fusion using the merge
operation, the detection of moving objects in a video, and the in-
corporation of belief values, respectively. Section XII concludes
the paper.

II. BACKGROUND AND RELATED RESEARCH

Sensor data fusion posed some special problems. First of all,
there is no general solution to the problem of sensor data fu-
sion for an unlimited number of different types of sensors. The
problem is usually restricted to a limited number of object types
observed from a specific perspective by a limited number of sen-
sors [22]. One such example is to select sensors that are looking
only at ground objects, primarily vehicles, from a top view per-
spective where the sensors are carried by a flying platform such
as a helicoptor. By studying this restricted problem in detail,
we may be able to understand better how to deal with complex
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queries for sensor data fusion. For a more general view on sensor
data fusion, see e.g., Waltz and Llinas [21].

As explained in the preceding section, sensor data fusion re-
quires a query language that supports sensor sources and the
systematic modification of queries. In early research on query
modification, queries are modified to deal with integrity con-
straints [19]. In query augmentation, queries are augmented by
adding constraints to speed up query processing [8]. In query re-
finement [20], multiple term queries are refined by dynamically
combining precomputed suggestions for single term queries.
Recently query refinement technique was applied to content-
based retrieval from multimedia databases [3]. In our approach,
the refined queries are manually created to deal with the lack of
information from a certain source or sources, and therefore not
only the constraints can be changed, but also the source(s). This
approach has not been considered previously in database query
processing because usually the sources are assumed to provide
the complete information needed by the queries.

In addition to the related approaches in query modification,
there is also recent research work in agent-based techniques that
are relevant to our approach. Many mobile agent systems have
been developed [1], [2], [16], and recently mobile agent tech-
nology is beginning to be applied to information retrieval from
multimedia databases [15]. It is conceivable that sensors can be
handled by different agents that exchange information and coop-
erate with each other to achieve fusion. However mobile agents
are highly domain-specific and depend on ad-hoc, ‘hardwired’
programs to implement them. In contrast our approach offers a
framework for data transformation and query processing and is
applicable to different type of sensors, thus achieving a certain
degree of sensor data independence.

III. THE DUAL REPRESENTATION OF THE

QUERY LANGUAGE

As noted in Section I, is a spatial/temporal query
language for information retrieval from multiple heterogeneous
sources and databases. Unlike SQL, which does not explicitly
deal with spatial/temporal queries, is designed with that
purpose in mind. Unlike SQL, which deals only with databases,

is designed to deal with both static sources (databases)
and dynamic sources (sensors), and furthermore these sources
are distributed. Its strength is its simplicity: the query language
is based upon a single operator—the -operator. Yet the concept
is natural and can easily be mapped into an SQL-like query
language. The -query is useful in theoretical investigation,
while the SQL-like query language is easy to implement and is a
step toward a user-friendly visual query language. An example
is illustrated in Fig. 1. The R, also called a universe,
consists of time slices where each time slice consists of objects
with the same time value. To extract three predetermined time
slices from the source , the -query in mathematical notation
is .

The meaning of the -operator in the above query is “select,”
i.e., we want to select the time dimension and three slices along
this dimension. The subscript in indicates the selection of
the time dimension. In the SQL-like language the query is
expressed as

Fig. 1. Example of extracting three time slices from a source.

SELECT t
CLUSTER , ,
FROM R

A new keyword “CLUSTER” is introduced so that the pa-
rameters such as , , for the -operator can be listed. The
word “CLUSTER” indicates that objects belonging to the same
subset of the universe (i.e.,, a cluster) must share some common
characteristics (such as having the same time value, being sim-
ilar to one another, etc.) Clustering is a technique used in pattern
classification to form subsets of similar objects. A cluster may
have a substructure specified in another (recursive) query. Clus-
tering is a natural concept when dealing with spatial/temporal
objects that are specifiable only through similarity to other ob-
jects. The mechanism for clustering will be discussed further
in Section VIII. The result of a query is a string that de-
scribes the relationships among the clusters. This string is called
a cluster-string, which will also be discussed further in Sec-
tion IV.

The dual representation of means that a query can be
formulated as an SQL-like query [6] or as a sequence of generic
operators (the -operators introduced above) and specialized
operators (the -operators to be discussed in the following sec-
tion). Translation from one representation to the other is quite
straightforward.

The operators may handle both qualitative and quantita-
tive information. Primarily, the operators allow operations on
a sensor-data-independent level, i.e., sensor data should be
transformed into information structures at high abstraction
levels that are sensor independent. To accomplish this, the
queries are expressed in terms of operator sequences where the
transformations of the sensor data are carried out stepwise by
the operators. The operators reduce the dimensions of the mul-
tudimensional search space to which each successive operator
is applied. Intuitively, the reduced search space is also another
cluster. Thus, as successive operators are applied, the clusters
become more and more refined.

In contrast to this refinement of the search space, the fusion
and related operators take multiple clusters as input and fuse
the information to determine a belief value that may support a
certain hypothesis such as whether different observations in the
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clusters correspond to the same object. Furthermore the fusion
and related operators can handle uncertain information through
the use of belief values.

IV. OPERATOR CLASSES

The operators in can be categorized with respect to their
functionality. The two main classes are the transformational op-
erators (the -operators) and the fusion operators (the -opera-
tors). In this section the two main operator classes are discussed
according to their input, output and functionality.

A. -Operators

A -operator is defined as an operator to be applied to any
multudimensional source of objects in a specified set of intervals
along a dimension. The operator projects the source along that
dimension to extract clusters [6]. Each cluster contains a set of
objects or components whose projected positions fall in one of
the given intervals along that dimension. As an example, let us
write a -expression for extracting the video frame sequences
in the time intervals and from a video source
VideoR. The expression is VideoR
where VideoR is projected along the time dimension to extract
clusters (frames in this case) whose projected positions along
the time dimenson are in the specified intervals.

In case of uncertainty, the components of the clusters may be
associated with various probabilities or belief values. Input and
output data may be of either qualitative or quantitative type, al-
though generally the later type is of main interest. Thus input
data will be accessed from either a raw-data source such as a
sensor, or from a structured data source such as a database, or
from some internal source such as qualitative strings that are
strings consisting of object descriptions projected along certain
dimension(s) [6]. The output data correspond to clusters in rela-
tional representations that in practice may be available as qual-
itative strings of various types [6]. The general formalism can
thus be expressed in the following way:

A variety of -operators can be defined [11]. Many of these
operators are common in most spatial applications. Examples
are the determination of various attributes and spatial relations,
such as “northwest-of,” “to the left of,” etc. For simple inputs,
these operators can be described as

As an example to find a pair of objects such that the blue
object precedes the red object along the spatial dimension
V, the -operator instance is

where is a cluster string.
In case of uncertainty the input and output to the -operators

may include an attribute corresponding to a specific belief value.
The - and the -operators may include this attribute.
The -operator is concerned with matching between objects
found in a sensor image and objects stored in a library database
and where both objects are described in the same terms that may
be either qualitative or quantitative. Traditionally matching was
regarded as a part of information fusion. Generally, however, the

-operator and its result, i.e., a set of objects and their corre-
sponding normalized belief values, can be expressed as follows
when the input to the operator is a single cluster:

where corresponds to the normalized belief value that in
practice becomes an attribute to the actual object. An instance
of this is

The -operator can be expressed as follows:

For example, to find three moving objects, each preceding the
other, along the spatial dimension U, the operator instance is:

B. -Operators

The -operators are more complex because they are con-
cerned with sensor data fusion. Consequently these operators
require more complex expressions as well as input data in dif-
ferent time periods from multiple sensors.

The -operator performs sensor data fusion from het-
erogeneous data sources to generate fused objects. Fusion of
data from a single sensor in different time periods is also al-
lowed. The output of the -operator is some kind of high
level, qualitative representation of the fused object, and may in-
clude object type, attribute values and status values. The output
may also include a normalized belief value for each fused object.

The fusion operators rely upon solutions to the association
problem [11], which is generally concerned with how to deter-
mine whether an object of a certain class observed at one time is
the same object observed at a later time. The observations may
be made by the same sensor or by different sensors of either the
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same or different types. This is a complex problem [11] that nor-
mally requires probability-based approaches such as Baysian
networks [10] or Dempster–Shafer theory of evidence [23].

The output from the fusion operator may serve as the answer
to a query. This result may consist of a list of objects each having
a belief value. The object with the highest belief value is the
most likely answer to the query and thus should come first in the
list. The general description of the fusion operator is therefore

Last, but not least, a -operator that takes two images
from either the same sensor or two different sensors, transforms
them into unified cluster data and then establishes the similarity
between the two with respect to their contents, can be described
as

The similarity operator relies upon qualitative techniques
such as the technique described in [7]. Similarity retrieval
has for a long time been part of image information retrieval
and includes techniques for iconic indexing [4]. However in
similarity retrieval the complete content of the images, instead
of just single objects, is of concern. Similarity retrieval is also
less concerned with the identity of the objects but with sets of
objects, and their relationships and positions.

V. SENSOR DATA FUSION

In sensor data fusion [4], queried objects from the different
sensors need be associated to each other in order to determine
whether they are the same object registered at different times
and at different locations. Tracking is another problem that is
closely related to the sensor data fusion problem. In tracking, the
problem is to verify whether different object observations repre-
sent the same or different objects. Another problem of concern
is the uncertainties of the sensor data. Consequently, there is a
demand for a well-structured and efficient general framework to
deal smoothly with a large number of different query types with
heterogeneous input data.

In sensor data fusion, the main issue is how to develop a
general framework that can be applied to carry out the fusion
process in query processing. The fusion framework that will be
applied in this work is based on a method described by Horney
et al. [25], which makes use of a technique that is quite general
and can be applied not only to fusion of sensor data but also to
other problems. However this fusion method should be replace-
able by other methods, which will be tested later. The fusion
method is chosen because it is efficient, simple to implement,
demonstrates a high degree of generality and fits well into the
environment of concern in this research work. Other related ap-
proaches to fusion are given by Parker [18] and Klein [14].

For certain sensors the objects can only be determined with
respect to their type but rarely with respect to their identity.
Therefore classification of the objects is necessary. This is a
process that can be carried out in a matching algorithm that

TABLE I
EXAMPLE OF BASIC SPATIAL STATE VALUES AND THEIR BELIEF VALUES AND

WITH THEIR QUALITATIVE VALUE SETS

should display a result that includes not only the type of the
object but a normalized belief value, , associated to the ob-
served object type. A number of attributes and state variables
can be extracted from the sensor data where the actual types of
attributes depend on the actual sensor types. Among the most
important state variables are orientation, type and position, di-
rection of motion, speed and acceleration. Most attributes and
state variables, such as position and orientation, may be deter-
mined either in quantitative or in qualitative terms. In , rea-
soning is generally performed on qualitative information, ba-
sically represented in terms of Symbolic Projection. For this
reason, it is an advantage to use qualitative input to the fusion
process as well.

The following probabilities are determined during the fusion
process for indication of the belief values in different state vari-
ables.

The probability is the probability that object
observation A is the same as object observation B.

is the probability that the observations A
and B can be associated to each other given the position of
B relative the position of observation A.

is the probability associating the
observations A and B to each other given the position of B
and its direction relative the position of A.

These probabilities can be replaced by a set of belief values
as can be seen in Table I. Here the belief values are of qualitative
type but they may be quantitative as well.

Given some spatial attributes and their probabilities or nor-
malized belief values, as in Table I, the basic means to carry out
the fusion process are available. The attributes/state values and
their belief values correspond to information obtained from the
sensor data as a consequence of the queries. However, the result
of this process must clearly be represented in a structure that
efficiently supports the fusion process. The structure proposed
for completion of the fusion process is to a high degree related
to a scheme proposed by Chong et al. [7]. The structure here is
called a fusion scheme. A difference between the two schemes
is that the one used by Chong et al. is merely concerned with de-
termination of tracks of objects, i.e., both the tracks registered
by individual sensors and tracks from the fusion process, which
they call a system track. In this work, the scheme is concerned
with all information that relates to the objects, i.e., including
state variables and attributes.

Generally, the information acquired from the sensors is stored
as instance descriptions and eventually forwarded into the fu-
sion composition table (FCT), which serves as input to the fu-
sion routine. FCT is organized as a set of pages, one for each
observation. These pages are called object instance pages (OIP).
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Fig. 2. (a) Flow of the sensor data fusion process for two single instance sensors. (b) Flow of the sensor data fusion process for two sensors with multiple instances.

In some applications it may be convenient to represent these
pages in terms of HTML code since that way it may be pos-
sible to carry out the fusion process in a distributed environ-
ment. The fusion process can now be seen as a process where
information acquired from a set of sensors is fed into the query
system and its fusion routine. Query execution corresponds, in
principle, to a process where a multudimensional search space
through projection is reduced to clusters in lower dimension-
ality. In the extreme, a cluster may correspond to a single ob-
ject instance, which together with its belief value is fed into the
FCT. Eventually the fusion is carried out by the -operator. This
scheme is automatically created by the system. The structure of
the scheme may vary depending on the type of sensor informa-
tion that is under consideration, e.g., image sequences from a
video generate sequences of pages while for single images just
a single page is generated [see Fig. 2(a) and (b)].

The fusion process proceeds all through the execution of the
query feeding the FCT and produces a response to a proposi-
tion, i.e., which of the registered objects can be associated to
each other. The registered objects are determined by the query
interpreter and inserted into the FCT for a fusion step. Since the
object instance pages in the FCT contains the actual attribute
values and their corresponding qualitative belief values it is fea-
sible for the -operator to answer propositions like: “are all the
observations in the FCT corresponding to the same object.” The

result of the fusion process will tell which object observations
that can be associated to each other, although the result, to some
degree, exhibits a qualitative uncertainty, which must be evalu-
ated by the user in his final decision process.

The fusion method is applied to the FCT under considera-
tion of the current proposition, which depends on the query, the
sensor types and the data. For all the object combinations and
with respect to the qualitative belief values for the various at-
tributes and state variables, the process is carried out with re-
spect to the given proposition. The value set of the qualitative
belief values is {h(igh belief), m(edium belief), l(ow belief)}.
In practice, this means that a score need to be given to the ac-
tual voting alternative of FCT, which may be 3 for a high belief
value, and so on. The scores given for a certain attribute alter-
native may be added up and a total score is available for each
alternative. The alternative with the highest score is considered
the most probable and the remaining alternatives are ordered
with respect to their rank.

A query demonstrating the usage of with the sensor
sources video and laser-radar can now be provided. Given the
input information from the laser-radar [Fig. 3(a)] and the video
camera [Fig. 3(b)], the query is as follows: is there a moving
vehicle present in the given area and in the given time interval?
In this query, the laser-radar data can be used as an index to
the video. In this way, most of the computational efforts can be
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Fig. 3. (a) Laser radar image of a parking lot with a moving car (encircled). (b) Two video frames showing a moving white vehicle (encircled) while entering a
parking lot.

Fig. 4. (a) Flow of the sensor data fusion process for the video/laser-radar example. (b) Set of objects observed at different times and where the arrows indicate
the different situations in a simplification of Fig. 3(a) and Fig. 3(b).

avoided since the vehicles can be identified in almost real time
in a laser-radar image. However, in the laser-radar used here, it
cannot be determined whether an identified vehicle is moving
or not. Consequently, once a vehicle has been identified in a
laser–radar image, we need to determine whether it is moving
by analyzing a small number of video frames taken in a short
time interval. This is possible to accomplish because the loca-
tion of the vehicle at a certain time is known from the laser-radar
information, which is illustrated in Fig. 3(a) and (b). The three
images illustrate a situation where a car is first about to enter a
parking lot (the two video frames) and at a later time the car has
entered the parking lot (the laser-radar image).

The query is logically split into two parts, one looking for the
vehicles in the laser-radar image and another looking for the ve-
hicles in the video frames during the same time interval as the
laser–radar image. The result of these two subqueries are fused
by applying the fusion operator , which in-

cludes the fusion procedure with the voting scheme. The fusion
is applied with respect to type, position and direction including
also their belief values.

The query demonstrating the problem can thus be expressed
as
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Fig. 5. System architecture for sensor data fusion.

The -operator performs the fusion process during the exe-
cution of the query. Each vehicle identified in any of the images
during the query is subject to the determination of these state
variables and attributes and their belief values. Fusion is then
completed with respect to all the possible combinations of the
identified vehicles. The proposition that takes place in the fusion
process for this query can thus be formulated as: can observa-
tion A be associated to observation B?

A simplified description of the situation in Fig. 3(a) and
Fig. 3(b) is shown in Fig. 4(b), where just one of the parked cars
is left, i.e., the one to the right. The arrows or rather all their
combinations taken in sequence correspond to all the possible
combinations that will be subject to fusion. Consequently there
are eight alternatives to discriminate between.

VI. SYSTEM ARCHITECTURE FOR SENSOR DATA FUSION

Fig. 5 illustrates a generic system architecture for sensor data
fusion. A user interacts with a user interface to produce a -
query. This can be done directly or through a domain specific
virtual environment customized to the user’s level of expertise
and described in the user awareness subsystem. Once a -query
has been formulated, it can be compiled and its correctness and
feasibility checked. For a -query to be executable all the re-
quired operators must have been implemented in the system.

Fig. 6. Hierarchy of dimensions.

The knowledge of what type of queries the system can execute
is given in a knowledge base formed by the Meta Database and
the Applied operators. The Meta Database contains a set of ta-
bles describing which operators are implemented in the system
and how they can be used. The Applied operators are the set
of algorithms that implement the operators. Once a query has
been successfully compiled the Sigma Query Engine executes it
against the Distributed Multimedia Database or directly against
the sensors input. During the execution it applies input filtering,
indexing and data transformation required by the application of
the operators in the query. The execution of a query produces
(Fused) Knowledge that can then be used to modify the virtual
environment in which the user operates, providing useful feed-
back through appropriate result visualizations.

One of the important characteristics of this architecture is that
the same query language can be used to access any data source.
This is possible due to the fact that the Meta Database and the
Applied Operators hide the information to be processed, pro-
viding the processor with a general data model, on which
programmers base their queries.

VII. DATA MODEL

The query language makes use of the Dimension
Hierarchy Data Model (DHDM) to support a common and uni-
form treatment of heterogeneous data sources. The dimension
hierarchy is a generic structure, based upon which different
instances of representation schema can be constructed to best
suit the sources and the queries. In this data model, a data
source type is represented by a set of table schemas called
Representation Schema (RS for short). Each table schema
describes a dimension along which to cluster the sources of
that type and is characterized by a name and a list of fields:

(with ) where

• dim is the name of the table schema;
• attr is a proper attribute of dim;
• are the names of other table schemas.

Given an RS, a Representation Schema Instance (RSI) of a
source is a set of instances of the table schemas in RS. In the
following, an instance of a table schema will be referred to
as a table of type and is composed by a possibly ordered
set of rows where is
a value for the attribute of and is a reference to
a table of type .
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Fig. 7. RSI of a short video clip illustrating the spatial/temporal position of the people shown in the video clip.

Let us give an example showing how to represent a video clip
according to DHDM. The first thing to do is to create an RS for
video clips. The main idea is to successively project or decom-
pose the video clip along some dimensions. On one hand, the
type and number of dimensions strictly depends on the level of
detail of the video clip representation we need to reach in order
to get to the entities of interest occurring in the video clip. On
the other hand, each dimension must have been implemented as
an operator that must be present in the Applied operators reposi-
tory. As an example, let us suppose we want to represent a video
clip and are interested in representing the spatial/temporal posi-
tion of the people shown in it. The already implemented dimen-
sions we want to use are then the , the and the

, in this order. The resulting RS is given by the following
table schemas:

The initial dimension defines the sources to be
processed and the dimension along which
these are to be decomposed. Similarly the dimension
defines the temporal instances to be considered
and the dimension along which to decompose the
resulting entities. The dimension does not refer to any
other dimension since we are not interested in further details.
It can be noted that the chosen RS actually defines a hierarchy
of dimensions along which to decompose the source. The
underlying hierarchy is shown in Fig. 6.

Let us suppose that the video clip has three frames, each par-
titioned into 4 4 slots, and shows, among others things, four
people in the slot position (3, 3) of the first frame, the slot posi-
tions (4, 3) and (4, 4) of the second frame, and the slot position
(1, 3) of the third frame, respectively. Fig. 7 shows the corre-
sponding RSI.

It should be noted that the table of type has only one
entity, i.e., the video clip under consideration. This entity refers
to a table of type containing three entities that, in the above
example, are the three frames of the video. Each frame refers to
a table of type , each containing a set of entities corre-
sponding to the slots partitioning the frame. Finally, the tables
of type contain entities corresponding to the actually rec-
ognized shapes in each slot. For the sake of clarity, not all the
tables are shown in Fig. 7.

An alternative way of depicting the RSI shown in Fig. 7 is
the graph view given in Fig. 8 where each dimension (table) is
depicted with an oval and each entity (row) is depicted by a box.
Again for the sake of clarity, not all the graph nodes are shown.

From the graph view of Fig. 8 the hierarchy of dimensions
underlying the representation schema becomes evident. As a
matter of fact, the hierarchy shown in Fig. 6 is easily built from
Fig. 8 by disregarding the entity nodes.

Given a data source, there are many ways of representing it.
This means that a source can be represented with different RSIs,
depending on which information in the data source needs to be
represented and then queried. Therefore, flexibility is the main
motivation behind this approach. As an example, an alternative
dimension hierarchy for representing a video clip is shown in
Fig. 9. Here, again, we look at a video clip as a sequence of
frames, but now each frame is seen as a set of separated rows
and columns. Moreover, each frame row or column is seen as a
set of shapes of a certain type.

VIII. LANGUAGE

To write a query on a given data source, a programmer
must know which representation schemas are available on that
source and, for each schema, the corresponding dimension hier-
archy. This is similar to SQL, where a programmer must know
the table names and the table attributes of the relational database
for the query. To better explain the behavior of a query, we
first need to refine the concept of clustering first introduced in
Section III.
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Fig. 8. Graph view of the RSI shown in Fig. 7.

Fig. 9. Alternative hierarchy of dimensions to represent a video clip.

Given a representation schema instance, i.e., a set of instan-
tiated tables representing a source, a cluster is represented by
a set of table rows from one or more tables. Given a subset of
tables st in a representation schema instance, with the term clus-
tering we refer to the operation of creating a cluster from st by
deleting or simply not selecting some of the table rows in st.

Examples of clustering on the RSI of Fig. 7, are
that creates a cluster, on the table of type
“time,” with all the video frames;

{ : 1, 3} that creates a cluster, on the table of type
“time,” with only the video frames with
time stamps 1 and 3;
that creates a cluster, on the tables of type
“position,” with all the video frame areas
occurring in the third column of each
frame.

A clustering operation on a subset st of tables can work in one
of the following modes: destructive mode, where all the table

rows or entities that are not selected are deleted from st; and
conservative mode, where all the current table rows or entities
that are not selected are kept in st but not included in the cluster,
i.e., they are virtually deleted. They will be used to show the
context of the selected cluster elements.

On the other hand, a cluster can be
open the cluster, created by a clustering operation, is open

to successive destructive clustering operations, i.e.,
the elements in the cluster can be deleted by succes-
sive clustering and selection operations;

close the elements in the cluster can only be virtually
deleted by successive clustering and selection oper-
ations.

As an example, if the clustering operation { : 1, 3} on
the table of type “time” in Fig. 7 is considered destructive, then
the second video frame, i.e., the second row in the table, will be
deleted from the RSI.

Basically, a query refines a source RSI by successively
clustering it on some dimension under some constraints. In other
words, by using clustering operations, the query selects
and/or deletes entities in a data source. The result of a query can
be used by a nesting query to further refine the data source or
can be output according to some presentation criteria.

The following is a simple query template:

SELECT dimension_list
CLUSTER clustering_op_list
FROM source [query_re-
sult][{nested_query}]
[WHERE condition]
[PRESENT presentation_method]
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The FROM clause requires the specification of the input to
the query: this can be either the name of the data source, or the
result of a previously executed query or a nested query.
The SELECT clause requires the list of the dimensions along
which to cluster the input. The CLUSTER clause requires a list
of clustering operations, one for each dimension declared in the
SELECT clause. The form of a clustering operation is as those
shown above:

with the addition of the optional keyword “filt_mode” standing
for one of the four filtering modes:

1) PUBLIC if the clustering operation is to be destructive
and the resulting cluster is to be open.
2) PRIVATE if the clustering operation is to be destructive

and the resulting cluster is to be close.
3) ALL&PUBLIC if the clustering operation is to be con-

servative and the resulting cluster is to be open.
4) ALL&PRIVATE if the clustering operation is to be con-

servative and the resulting cluster is to be close.
If no filtering mode is provided then the clustering operation

is considered PUBLIC. Each refers either to the
wild character “ ” indicating that all the dimension values must
be considered, or to a constant value or to a variable whose con-
straints are to be set in the WHERE clause. The use of the fil-
tering modes allow us to define the granularity of the context of
a query result.

If the query is not nested in any other query it may not require
any clustering and behave as a standard SQL query. In this case
the keyword CLUSTER is followed by the wild character “ .”

The PRESENTATION clause requires the name of a presen-
tation module that should have been defined “ad hoc” for the
presentation of the particular type of the query input. If omitted,
the presentation of the query output will be done by using a de-
fault presentation module.

Given the dimension hierarchy in Fig. 6 representing a video
clip, we want to write a query to retrieve the columns of the
second frame in a video clip, containing some people.

// Subquery 4
SELECT type
CLUSTER
FROM
{
// Subquery 3
SELECT shape
CLUSTER {shape: }
FROM
{
// Subquery 2
SELECT x-coord
CLUSTER {x-coord: }
FROM
{
// Subquery 1
SELECT time

Fig. 10. Another possible hierarchy of dimensions for representing video
clips.

CLUSTER {time: 2}
FROM Video
}

}
}

WHERE type = ‘person’

The query must be read starting from the inner subquery and
proceeding with the closest enclosing ones. Subquery 1 clus-
ters the video source along the dimension and extracts the
frame with time stamp 2. Subquery 2 extracts all the columns
from the frame by clustering along the dimension x-coord. For
each column, subquery 3 extracts all the shapes from all the
columns by using the dimension .

Subquery 4 extracts all the people from all the shapes by
asking for shapes of type “person.” The final result will then
be only the columns of frame 2 containing shapes representing
people while all the other shapes will be lost. Note that subquery
4 does not use clustering but, more likely to an SQL query, uses
the WHERE clause to further refine the data. This is possible
because subquery 4 is not nested in any other subquery.

Given the hierarchy of dimension of Fig. 10, we will now
write some queries to retrieve information from a video clip.

In the following, we will consider the simplified input video
clip shown in Fig. 11.

Query 1: Extract all the video frame columns containing en-
tities with the name John and entities with the name Bill.

SELECT name
CLUSTER PUBLIC
FROM
{
SELECT x-coord
CLUSTER { x-coord: PUBLIC }
FROM
{
SELECT time
CLUSTER { time: PUBLIC }
FROM Video
}

}
WHERE name CONTAINS ‘John’ AND name CON-
TAINS ‘Bill’
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Fig. 11. Simplified video clip.

Fig. 12. Extracting all the video frame columns.

The result is given by the following frame column shown in
Fig. 12.

Query 2: Extract all the video frame columns containing an
entity with name Joe Moe. We want to know who else is in the
same frame columns.

SELECT name
CLUSTER
FROM
{
SELECT object
CLUSTER {object: PRIVATE }
FROM
{
SELECT x-coord
CLUSTER {x-coord: PUBLIC }
FROM
{
SELECT time
CLUSTER {time: PUBLIC }
FROM Video
}

}
}

WHERE name CONTAINS ‘John’ AND name CON-
TAINS ‘Moe’

The result is shown in Fig. 13. Note that because of the
PUBLIC filtering mode along the dimensions frame and
column, all the frames and columns that are not concerned with
the final query have been eliminated. However, because of the
filtering mode PRIVATE along the dimension object, all the
objects have been kept both in the “SELECT object” and “SE-
LECT name” subqueries. The final result shows the required
objects in a highlighted form and also (nonhighlighted) others
forming their column context.

Let us consider now the hierarchy of dimensions in Fig. 14
for querying the Web.

Let us now consider the following query:

SELECT pattern
CLUSTER
FROM
{/ subquery 1 /
SELECT image, url
CLUSTER {image, url: ALLPRIVATE }
FROM
{/ subquery 2 /
SELECT page
CLUSTER { page: PUBLIC }
FROM WWW
}

}
WHERE pattern CONTAINS ‘Bill Clinton’
AND pattern CONTAINS ‘dog’

Subquery 2 allows the external queries to search one Web
page at a time. Because of the PUBLIC filtering mode all the
pages that will not match the whole query will be deleted. Sub-
query 1 will project each page against the dimensions image and
url illustrating all the images and the address of each page. The
outer query will then project all the resulting clusters of single
images against the dimension pattern selecting the images with
patterns corresponding to Bill Clinton and a dog. Because of the
ALLPRIVATE filtering mode on image and url, the query will
return all the complete web pages containing at least an image
with Bill Clinton and a dog, together with their url address.
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Fig. 13. Extracting all the video frame columns containing an entity with name Joe Moe.

Fig. 14. Possible hierarchy of dimensions for the web.

IX. SENSOR DATA FUSION USING THE MERGE OPERATION

In this and the next two sections, several important topics
in sensor data fusion, including fusion by the merge operation,
the detection of moving objects, and the incorporation of belief
values, are discussed in detail. Although we cannot say they are
the only topics of interest in sensor data fusion, we found these
topics to be very important in order for sensor data fusion to
work.

From the database point of view the merge operations are
used to fuse information coming from two or more RSIs to pro-
duce a new RSI. There are many possible merge operations and
they strictly depend on the particular environment the query has
to work in. A simple example of merge operation is the CARTE-
SIAN_MERGE operation defined in the environment of the re-
lational databases. Each operator can be defined on one or more
distinct pairs of RSI, but the same operator may not have dif-
ferent implementations for the same pair of RSI. It is impor-
tant to note that the merge operators may behave differently de-
pending on the clusterings defined in the queries used in the op-
eration. The template of an application of a merge operation is

MERGE OPERATOR
FROM
{select operation [merge operation]}
,
{select operation [merge operation]}

Given the hierarchy of dimensions template for relational
databases in Fig. 15, and a relational database containing,

Fig. 15. Dimension hierarchy template for relational databases.

among other things, a table “Names” with attributes SSN and
name containing data about some people. Suppose we want
to look for all Web pages containing images about the people
whose name is in the database. To do this, we first extract the
table “Names” from the database by temporarily storing it in
resultTable. This is done by using the following INSERT INTO
clause:

INSERT INTO resultTable
{
SELECT Table
CLUSTER { Table: ‘Names’}
FROM DataBase

}

The final result is obtained through the following composed
query:

MERGE_AND
FROM
{
SELECT name
CLUSTER {name: }
FROM resultTable
},
{
SELECT pattern
CLUSTER {pattern: }
FROM
{
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Fig. 16. Dimension hierarchy for VIDEO.

SELECT image
CLUSTER {image: }
FROM
{
SELECT url
CLUSTER {url: PUBLIC }
FROM WWW

}
}
}

In this query, the operator MERGE_AND returns a RSI made
of the Web documents containing images with the people whose
names occur in the name field of the table “Names.”

X. DETECTING MOVING OBJECTS IN A VIDEO

Let us consider a data source VIDEO described by an RSI
based on the dimension hierarchy in Fig. 16.

This hierarchy does not allows us to write queries to de-
tect which objects are moving in a given time interval, though it
allows us to select the frames in an interval. To detect movement,
we would need to find two frames in the interval containing the
same object with high belief value. If the two occurrences are in
the same positions then it is likely that the object is still. Other-
wise the object is likely to be moving.

In order to identify the moving objects in a VIDEO by using
the language we need to introduce the concept of derived
attribute. A derived attribute of an entity stores information pro-
duced by the processing of already known information. The de-
rived attributes are calculated by using transformation methods
that translate an RSI into another. This new RSI describes the
same search space but it may be based on a different dimension
hierarchy.

As an example, let us consider the following query
based on the dimension hierarchy of Fig. 16.

/ Query 1 /
INSERT INTO video_piece
{
SELECT
CLUSTER
FROM aVIDEO
WHERE AND

}

Fig. 17. Hierarchy dimension generated by the show_state algorithm.

Query 1 stores in video_piece all the frames of aVIDEO in
the interval . In order to detect all the moving objects
in such interval we write the following query:

/ Query 2 /
SELECT moving_property
CLUSTER
FROM
{
SELECT object
CLUSTER: show_state: { object:

PUBLIC }
FROM video_piece
}

WHERE moving_property=‘moving’

The inner subquery in Query 2 not only selects all of the
objects in the required interval but also builds on them the
new dimension moving_property by using the transformation
method show_state. The old RSI is then translated into the new
RSI in Fig. 17 that is then used to represent all the objects in
video_piece. The external subquery in Query 2 is then able to
select all the objects with moving_property=‘moving’.

The transformation method show_state calculates the
moving_property attribute value of each object by checking
the object coordinates in each frame. In order to give the
appropriate values, for each object, it has to calculate the object
identity over the frames.

The change of RSI in is an operation very similar to
the creation of a view in SQL: indeed, starting with an RSI we
build a new RSI by structuring already stored information in a
different way. On the other hand the attribute moving_property,
calculated by the algorithm translating the RSI, may be consid-
ered as a derived attribute in SQL, since it provides information
derived by other existing data.

XI. BELIEF VALUES

Detecting the object identity over several frames is not an
easy task and most of the times it is not possible to state with
certainty whether two objects in two different frames are the
same. It becomes then necessary to use belief values for derived
attributes. In this case we can rewrite Query 2 as follows:

/ Query 3 /
SELECT moving_property
CLUSTER



700 IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 06, NO. 5, OCTOBER 2004

Fig. 18. Example of video_piece.

FROM
{
SELECT object
CLUSTER: show_probable_state: { ob-

ject: PUBLIC }
FROM video_piece
}

WHERE

This query selects not only the objects that certainly moved
in the required interval in video_piece but also the objects that
moved with a belief value. As an example, supposing to use the
dimension hierarchy of Fig. 18, let us apply Query 3 to the input
video_piece shown in Fig. 18.

The inner subquery uses the method show_probable_state to
obtain an RSI based on the dimension hierarchy of Fig. 17. The
transformation method will use the function similar defined as
follows:

This function returns the belief value for the identity of its
two object arguments:

(for all the other combinations the belief value is zero).
Due to the execution of show_probable_state, the objects in

video_piece are represented as shown in Fig. 19.
The probability that moved is 0.7 since is the same as

and , and it has a different x-coordinate. and are
occurrences of the same object with belief value equal to 1 and
have different positions, then we can state that the corresponding
object moved. and are occurrences of the same object and
have the same position in the frames they appear, (resp. )
is the same as with belief value 0.7 and its x-coordinate is
different from that of , then it moved with belief value 0.7.
and (resp. ) are the same object with belief value 0.9 and
have different x-coordinates, then moved with belief value
0.9. The external part of Query 3 deletes all the objects with
belief value less than 0.9.

Fig. 19. Output of Query 3 (parts colored in gray are not to be considered).

As an example, let us now provide a query translation
for the -query discussed in Section V. We want to retrieve all
the moving vehicles detected simultaneously by a laser radar
and a video camera. The query is made of three parts. The fist
part inserts into vehicles all the objects identified as vehicles
by first clustering the data from a laser radar along the time
dimension and then clustering the result along the object_3d
dimension in the time interval between t_in and t_out.

INSERT INTO vehicles
{
SELECT type
CLUSTER
FROM
{
SELECT object_3d
CLUSTER {object_3d: PUBLIC }
FROM
{
SELECT time
CLUSTER {time: PUBLIC ALIAS T}
FROM laser_radar
WHERE AND
}

}
WHERE type = ‘vehicle’
}

In the second part, the inner subquery selects a video frame
every ten frames in the same interval t_in and t_out. From each
of these frames all the objects are retrieved and, successively,
with a change of representation, the moving status of each object
is made explicit, i.e., the attribute status is added to each object.
Again, an operator such as show_state must exists in the Meta-
Database in order to make the recognition of a moving object
possible. Finally, all the resulting moving objects are inserted in
moving_objects.

INSERT INTO moving_objects
{
SELECT state
CLUSTER
FROM
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{
SELECT object
CLUSTER: show_state: {object: PUBLIC

}
FROM
{
SELECT time
CLUSTER {time: PUBLIC ALIAS T}
FROM video
WHERE AND AND

}
}

WHERE state =‘moving’
}

The last part of the query simply applies the MERGE_AND
construct to the results of the previous parts. Such operation will
finally retrieve only the moving vehicles detected by both the
laser radar and the video camera in the same time interval.

This application of MERGE_AND is legal since vehicles
stores a set of objects with attributes type, time, x, y, and z,
while x, y and characterize the position of the object in the
space. On the other hand, moving_objects stores a set of objects
with attributes state, time, x and y. The attributes involved that
can be joined are then time, x and y. It should be noted that the
dimensions and directions, occurring in the original -query,
are not considered here for the sake of clarity.

XII. DISCUSSION

In this paper, we described how to carry out sensor data fusion
from multiple sensors. In our approach, the queries are manually
created, and then modified, to deal with the lack of information
from a certain source or sources, and therefore not only the con-
straints can be changed, but also the source(s).

An experimental query processing system has been
implemented by researchers at the University of Pittsburgh,
the University of Salerno, and the Swedish Defence Research
Agency, to demonstrate the feasibility of applying the proposed
techniques to data from three types of sensors, including laser
radar, infrared video (similar to video but generated at 60
frames/s) and CCD digital camera. The users have successfully
tested a number of queries, ranging from simple queries to
complex ones for fusion, and systematic usability study is
currently being conducted. Having established the feasibility of
the techniques, we now discuss a number of issues for further
research.

The sensors in the above experiment are limited to the three
prespecified types of image sensors. To handle a large number of
different sensors, we propose the following extension [5], [24]:
the characteristics, applicable ranges, and processing algorithms
of these sensors are stored in a knowledge base, which enables
the system to deal with new sensors. The incorporation of do-
main-specific information into the knowledge base makes this
approach extendible to other multimedia applications.

The fusion method is based on a method that is replaceable
by other methods. Examples of other fusion methods that can be
used are Basian networks [10] and Dempster–Schafer [23]. The
proposed information structure is an information flow structure
that works in parallel with the queries and allows acquisition
and determination of the information necessary to carry out the
sensor data fusion process. It is not only necessary to determine
the objects, their state variables, and attributes that are requested
by the query but also the belief values associated to them. This
will put a heavy burden on the user to judge the result of the
queries with respect to the belief values returned by the query
system based on the uncertainty of the sensor information, be-
cause there will always be uncertainties in data registered by any
sensor. How to replace the manual query refinement process by
a semi-automatic or fully automatic query refinement process
is of great importance from a user’s point of view and will be
further investigated.

Regarding the issue of generality of the language, it is
at least as powerful as SQL because an SQL query can be re-
garded as an query with the clause “CLUSTER .” Since

can express both spatial and temporal constraints individ-
ually using the SELECT/CLUSTER construct and nested sub-
queries, and sensor data sources are by nature spatial/temporal,
there is a good fit. Its limitation is that constraints simultane-
ously involving space and time cannot be easily expressed, un-
less embedded in the WHERE clause. Although such constraints
may be infrequent in practical applications, further investigation
is needed in order to deal with such complex constraints.

Finally, the qualitative methods used by the -operators are
developed to support indexing and efficient inference making by
transforming the information acquired from the heterogeneous
data sources into a unified spatial/temporal structure. Such a uni-
fied structure is desirable because generic reasoning techniques
can be applied independently of the original sensor data struc-
tures. Thus, generic -operators based on qualitative methods
can be designed and implemented to support qualitative struc-
ture such as Symbolic Projection, which is discussed further in
[4] where a number of alternative qualitative approaches can
also be found.
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