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Abstract - The objective of this paper is to make a

picture of the recent articles published on informa-

tion fusion. Indeed, a great number of documents

dealing with this technique are available in the lit-

erature. A classi�cation scheme including applica-

tion �elds, fusion goals, fusion system architecture

and mathematical tools is proposed. This overview

of the last three years allows to compute the arti-

cle distribution into each class. Finally, some ele-

ments of preliminary analysis of this classi�cation

are drawn.
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1 Introduction

At the beginning of the eighties, military scientists
were the pioneers in the use of applications of what
is now called information fusion. Since this period,
this concept has known a great development in other
varied application �elds but also in terms of concep-
tual tools. Especially in the last few years, due to the
advent of the age of information technology, a lot of
technical papers about information fusion have been
published. The objective of this paper is to make a
picture of all the di�erent aspects developed recently
in this �eld of information fusion. The literature sum-
mary presented is aimed at helping newcomers in this
�eld design information fusion systems:

� Choice of relevant and necessary data for the fu-
sion system inputs and choice of sensors used to
acquire them,

� Choice of the mathematical representation of the
data considered and choice of the adequate mech-
anism to combine them in a pro�table way,

� Choice of the output information format in order
to have an easy interpretation of results provided
by fusion systems for further treatment.

An important point in such a literature study is the
de�nition of what is encompassed in the considered
term of information fusion. Many de�nitions adapted
to a speci�c activity or a given application �eld have

been proposed [1]. A recently proposed one in [2] seems
to us to be more interesting because of its more general
avor:

\data fusion is a formal framework in

which are expressed means and tools for the

alliance of data originating from di�erent

sources. It aims at obtaining information

of greater quality ; the exact de�nition of

'greater quality' will depend upon the appli-

cation".

Thus, the terms of data fusion, image fusion, sensor
fusion, classi�er fusion, . . . are included in this general
de�nition, as well as the various types of information
which range from measurements to verbal reports (sig-
nals, attributes, geometrical characteristics, linguistic
description, . . . ).

The �rst sentence of the de�nition pointed out,
through the \means and tools for the alliance of data",
the importance of the architecture and of the mathe-
matical tools in information fusion systems. The sec-
ond sentence emphasizes, through the notion of \in-

formation of greater quality", the importance of fusion
goals and performances in relation with the application
considered. These ideas provide a convenient classi�-
cation scheme for the collected papers. Therefore, in
section 2, articles are classi�ed according to their appli-
cation �elds. A short description of fusion system goals
and performances claimed by authors is presented in
section 3. The section 4 concerns the fusion system ar-
chitectures encountered. Papers are classi�ed in func-
tion of their conceptual fusion levels (signal, feature,
decision) and in function of their hardware organiza-
tions (centralized, distributed). Finally section 5 is de-
voted to the mathematical tools used to represent and
to fuse the considered data. For each section, graphics
allow to know the statistical distribution of papers in
the di�erent categories considered and some comments
are drawn.

About one hundred articles were used for this statis-
tical study. They come from di�erent journals edited
in the English language in the years 1997-98-99 (books
and conference papers have not been considered). Ta-
ble 1 gives the list of journals considered.



journal title

Proceeding of the IEEE
IEEE Transactions on Systems, Man and Cybernetics
IEEE Transactions on Geoscience and Remote Sensing
Optical engineering
Fuzzy sets and systems
International journal of intelligent systems
Aerospace Science and Technology
IEEE Transactions on Aerospace and Electronic Systems
International journal of remote sensing
Lecture notes in computer science
Computer vision and image understanding
IEEE Transactions on Neural Networks
International journal of approximate reasoning
Pattern recognition
Pattern recognition Letters
Photogrammetric Engineering and remote sensing
Arti�cial intelligent in medicine
IEEE Intelligent Systems
IEEE Transactions on Biomedical Engineering
IEEE Transactions on Instrumentation and measurement
IEEE Transactions on Robotics and Automation
Image and vision computing
Information retrieval
Information sciences
International journal of systems science
Journal of intelligent and robotic systems
Robotics and autonomous systems
Signal processing
Pattern Analysis and Applications
IEEE Transactions on Aerospace and Electronic Systems
IEEE Transactions on Pattern Analysis and Machine In-
telligence

Table 1: Principal journal list.

All the papers (when possible) have been considered
for the four main classes proposed, but generally they
have been quoted only once in the text according to the
speci�c point they emphasize. When a hyphen is used
between number in quotation references it means that
all the number within the range must be considered.

2 Application �elds

2.1 Defense systems

Historically, the �rst application �eld is military ap-
plications. Such applications include detection [3{5],
identi�cation [6] and tracking [7{9] of aerial tar-
gets [10]. The use of radar, infrared sensors, sonars
and other sensors brings di�erent kinds of information
utilized by the fusion center [11, 12]. Mine detection
is an example where the use of metal detectors, in-
frared cameras or ground penetrating radars allows to
increase the detection rate [13]. Then another type of
applications concerns the automatic detection of vehi-
cles [14, 15]. Attributes obtained both from static and
dynamic images are merged generally at the decision
level.

A second group of applications concerns battle�eld
surveillance, tactical situation assessment, threat as-
sessment and object detection [16]. There are based

on a priori knowledge about enemy and land observa-
tions. This information is often uncertain and vague.
Other observations such as weather, aerial acknowledg-
ment can be used in complementarity [17, 18]. Finally
person authentication, based on biometrics measures
(voice, face and pro�le image, ...) can be improved
with information fusion. A multi-modal recognition is
realized. Aggregation of all attributes leads to binary
decision : authorized or non-authorized person [19{21].

2.2 Geoscience

Geoscience concerns the earth study with satellite im-
ages and aerial images (remote sensing) [22,23]. Fusion
can be operated on multi-date images or on images ac-
quired by means of di�erent sensors [24]. the main
problems in this area are the classi�cation and inter-
pretation of images [25{27]. The fusion of attributes
allows the detection of roads, airports, mountainous
areas or ice concentration [28{31]. Another applica-
tion is the aggregation of images, of the same scene,
with di�erent spatial resolutions. The objective is to
obtain results with a �ner resolution than all input im-
ages [32{36].

2.3 Robotics and intelligent vehicles

In this �eld, there are two principal problems :

� Identi�cation of the environment in which the
robot evolves.

� Navigation.

Studies have been realized in order to achieve robot
localization in real time [37]. The environment recon-
struction can be encoded into an \occupancy grid".
Information is acquired by means of cameras, laser or
ultra sonar sensors, . . . The environment can be dy-
namic and it is necessary to include temporal coher-
ence between data [38{41].

Navigation consists in both avoiding collisions be-
tween vehicles and tracking a trajectory [42{44]. Vehi-
cles equipped with a video camera and a range �nding
laser can be noted [45,46], but also robots which must
be autonomous without any external intervention [47].
In the agricultural �eld, machine guidance is realized
by detecting the frontier between the cut zone and the
non-cut zone. Texture attributes calculated from im-
ages are aggregated [48].

2.4 Medicine

Information fusion is also used for medical applica-
tions. The problems considered are the diagnosis and
the modelization of the human body [49{51]. New vi-
sualization and acquisition techniques allow data con-
frontation. Tumor delineation is improved using ra-
diographic images and ultrasonic images [52, 53], also
brain images are classi�ed using multi-modal images.
Finally, a medical image classi�cation of di�erent tis-
sues can be referred to as an example [49]: spleen,
liver and muscles are considered by means of several



images produced with an electrical impedance tomog-
raphy system.

Studies on 3D reconstruction of blood vessels by fu-
sion of angiographic and echographic information are
proposed too. Modelization of the human brain is re-
alized in 3 dimensions with a system based on infor-
mation fusion. There are other research articles on the
automatic sleep phase recognition and bacterial recog-
nition using information fusion [54, 55].

2.5 Industrial Engineering

Applications in industry like non-destructive control
use di�erent measurements to validate soldering for
example [56]. Other applications are considered: in
industrial baking, control of quality of rice and maize
is predicted by fuzzy rule [57]. Another informa-
tion fusion system allows the detection of tool break-
age [58, 59]. In economy, managers have to combine
many criteria which are both numeric and linguistic to
take a decision [60]. Poll analysis is often used and re-
quires the consideration of a great amount of data and
fusion systems allow to synthesize them. Finally, infor-
mation fusion is used in train localization, �sh recog-
nition or vehicle passage detection [61].

2.6 Statistical overview

Figure 1 shows that there are more papers in defense
applications. This is justi�ed by the fact that this �eld
was the �rst for which information fusion was used.
Note that the part called \general concepts" gathers
documents on information fusion without speci�c ap-
plications which focus on information fusion concepts
(fusion architecture or mathematical tools for exam-
ple [62,63]). Then, geoscience and robotic �elds appear
quite important consumers of information fusion. Fi-
nally, medicine and industrial engineering are the �elds
which have had fewer papers so far but they are �elds
in emergence for information fusion.

            

Figure 1: Paper distribution by application �elds.

3 Fusion goals and perfor-

mances

The articles can be dissociated from the principal ob-
jective aimed at by the fusion of information. This
classi�cation can be viewed as the answer to the ques-
tion: \why is information fused and what is the gain?".

Three main answers, which are now described, have
been considered.

3.1 Dimensionality reduction

This type of objective consists in synthesizing several
items of information [36, 43, 46, 64]. The user hopes to
have an easy to store and to interpret output informa-
tion. There are two di�erent aspects in this category.
The �rst one is to have an output dimension less impor-
tant than the input dimension [45, 60, 62]. The second
one is the increasing of abstraction level which charac-
terizes information. Raw data have a small abstraction
degree unlike decisions which have the highest abstrac-
tion degree. An illustration is the classi�cation task.
The number of applications in which the goal is to lead
to a classi�cation or to take a decision, is important.
Thanks to several input data, the output decision con-
cerning the belonging to a class can be obtained with
better quality [14,18,51,65]. In most cases, a model of
the result is required in order to evaluate this quality.
The false alarm rate or the non-detection rate are two
frequently used indicators [13,20,21,61]. A measure of
consistency of the output is also considered [64].

3.2 Precision and certainty

The information fusion de�nition retained in the intro-
duction shows the need to obtained results with bet-
ter quality. The improvement of the precision and the
certainty is an aspect of this quality [8, 34, 35, 66, 67].
These notions characterize an imperfection of the in-
formation. The certainty is de�ned like an attribute on
the veracity of the measure. The precision can be seen
like the interval size within the output is contained [68].
A means to reduce imprecision/uncertainty is the fu-
sion of redundant information [8, 35]. Error variance
or histogram comparison are useful for evaluating the
reduction of uncertainty/imprecision [30, 32, 33, 50].

3.3 Robustness

In many information fusion systems, the aim is to have
a reliable output, which requires a robustness relative
to the noise present on each input datum and to the
deterioration or even missing of the sensor. A solution
consists in de�ning a validity for each input. Then
the combination mechanism must manage this valid-
ity [69]. In practice, conict measures between in-
puts is a means to detect discordant inputs. In some
cases, in order to test fusion systems, noise is added
to input information and the result obtained is an-
alyzed and compared to the result obtained without
noise [56, 70{73].

3.4 Statistical overview

The distribution of the di�erent documents according
to their goals, is presented in the �gure 2. Dimen-
sionality reduction is the most important goal encoun-
tered. It is simply because the main role of a fusion
system is to synthesize information. In this category,



61% are documents on classi�cation and decision prob-
lems. Precision / certainty and robustness come in fact
in second place as a re�nement of dimensionality reduc-
tion in order to obtain information of greater quality.

            

Figure 2: Paper distribution by fusion goal.

4 Fusion system architecture

The architecture of a fusion system is also discussed in
the literature. Two main points are pointed out which
are the fusion level and the hardware organization.

4.1 Fusion level

A fusion system can be characterized by levels. They
correspond to an abstraction degree of input and out-
put information. The �rst level (called signal level)
concerns the aggregation of raw data provided directly
from sensors, without any transformation. It corre-
sponds to the smallest abstraction level [3,24,32,33,74].
Then, there is the feature level fusion. These features
(object dimension, area, . . . ) are extracted from raw
information before being aggregated [41, 50, 73, 75, 76].
Finally, the highest abstraction level corresponds to
the decision fusion. It is the fusion of decisions pro-
posed by each input datum. The result is also a de-
cision [4, 52]. These three fusion levels are illustrated
by means of a diagram in [77]. Dasarathy in [78] has
spread this hierarchy to �ve fusion modes according to
the output level obtained by the fusion process.

Figure 3 shows the distribution according to the
three levels cited above. The class called \general"
contains papers which discuss the general notion of fu-
sion level [22,23,77,78]. It can be seen that signal level
fusion has been the most frequently considered during
the last three years, probably because it is often used in
the most considered application �eld (defense systems)

            

Figure 3: Paper distribution by fusion level.

4.2 Hardware architecture

Two main kinds of architecture are encountered in the
literature : the distributed architecture and the cen-
tralized architecture. There were explained in details
in [79]. In the case of distributed architecture, there
are several fusion nodes which communicate with one
another [80, 81]. In opposition, the centralized archi-
tecture is composed of a unique node of fusion and all
the input data come to this node.

In �gure 4, the proportion of documents belong-
ing to the centralized class is important. This can be
explained by the fact that centralized fusion is both
conceptually and materially a classical problem. Dis-
tributed fusion systems are more recent and come up
against hardware di�culties, which will be overcome
by the advent of new communication technologies.

            

Figure 4: Paper distribution by architecture.

5 Mathematical tools

The role of the mathematical tool in information fu-
sion is twofold: it represents all the input data in a
formal common space, thus it can combine these data.
This decomposition in two steps allows the combina-
tion of heterogeneous information. Four main theories
are used by scientists in the information fusion �eld.

5.1 Probability theory

The �rst historical theory used is the probability the-
ory. Input data are modeled in a common space with
probability or likelihood numbers, that allow to model
measurement uncertainty probability. Bayes formula
merges these probabilities to obtain the probability
of each output hypothesis, knowing all the \a priori"
probabilities [4, 6, 19, 26, 82]. Kalman �lter [45, 83] is
also encountered in the literature. This algorithm pro-
vides recursively an estimate of the observed character-
istic in terms of the previous estimate and the most re-
cent observations. The main drawback of the Bayesian
method seems to be the identi�cation of the probabil-
ity distribution especially for poor sensor measurment.
Moreover, to simplify computation, sources are con-
sidered as independent. This hypothesis is very limi-
tatives in most cases.



5.2 Evidence theory

The evidence theory is a generalization of the proba-
bility theory. It allows the handling of non-exclusive
and non-singleton events [84]. Each measure attaches
a probability to any element of the power set of the
set of discernment [85]. This theory modelizes both
the imprecision and the uncertainty by means of the
probability assigned not only to singletons of �. The
Dempster-Shafer rule is used to aggregate these input
mass functions [40, 63, 70, 86]. The latter gives little
degrees of freedom to merge data especially for a lot
of one. Di�erent modes of decision associated allows
to handle the compromise speci�city/certainty of in-
formation.

5.3 Fuzzy set and possibility theories

Fuzzy subset theory is based on the partial belonging
to a class. Therefore since its origin, a lot of tech-
niques have been developed to make a fuzzy classi�-
cation [87]. The membership functions can also rep-
resent meanings of words, allowing thus a convenient
interface between numerical and symbolical represen-
tations [88{91]. This is interesting in fusion in order
to have expert knowledge modeling generally by rules
linking the features. Moreover a lot of operators are
able to model severe, compromise, indulgent behavior
of combination for numeric data [25,29,51,72,92]. An-
other aspect of fuzzy theory is the representation of
uncertainty i.e. possibility theory [37]. This latter en-
ables to deal with non precise statement and also to
combine information in an adaptative way [93].

5.4 Neural networks

More recently, neural networks have been used to ag-
gregate information. A neural network consists in lay-
ers of processing elements, or nodes, which may be
interconnected in a variety of ways. The neural net-
work performs a non-linear transformation of an input
vector [42, 61, 94, 95]. This theory is used when the
relation between output and input data is unknown.
The link between entries and output is learned by the
neural network [5,59,85,96]. Algorithms developed al-
low to consider a large amount of data. Note also that
neural techniques is sometimes used within the pre-
ceding theories for probability, possibility or evidence
distribution building [97].

5.5 Statistical overview

Figure 5 shows that the probability theory, the fuzzy
theory and the evidence theory are the most cur-
rently used to aggregate information. In the part
called \other", are counted documents which use more
speci�c tools such as voting choice, genetic algo-
rithm or very simple tools such as linear combina-
tion [66, 72, 98, 99].

            

Figure 5: Paper distribution by mathematical tools.

6 Conclusion

The inventory of articles concerning information fu-
sion of the last three years have been compiled and the
classi�cation scheme proposed in this paper consists
in the identi�cation of four main classes. The �rst
classi�cation is about the application �eld. Defense
systems appear to be an important consumer of infor-
mation fusion. A reason evoked is that this �eld has
used this technique longer than other �elds. Then con-
cerning the goals of the fusion system, dimensionality
reduction is encountered in 64% of the papers, which
emphasizes the fact that often more synthesized and
abstract information is sought. This study also shows
that fusion is more frequently realized at a signal level
and with a centralized architecture. Finally, it seems
that the most used mathematical tool at present is the
fuzzy theory. It is probably because it provides tools
both for numeric and linguistic data representation and
combination.

This overview is a �rst step in order to draw con-
clusions in order to design information fusion systems.
The next step is to analyze the correlation between
the classes and extract some knowledge concerning the
design of fusion systems. For example, is there a link
between the fact that most the papers have an ap-
plication in defense �elds and that signal level is also
currently used? This in-depth analysis would also give
indications about what mathematical tools to use when
the objective is for example to obtain more certain and
precise aggregated information.
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