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Abstract – This paper discusses research activities that 
are being conducted at DREV to extend the traditional and 
conventional concept of a support database to the one of a 
Knowledge Management and Exploitation Server 
(KNOWMES) product for Information Fusion (IF) and 
Situation Analysis (SA). First, we present the SA process 
and the requirements for support databases and knowledge 
bases. Then, we describe the functional architecture of 
KNOWMES that makes use of ontologies and 
heterogeneous knowledge sources. Finally, engineering 
aspects for the building of KNOWMES are provided. 
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1 Situation analysis 
Situation Awareness (SAW), a state in the mind of a 
human, is essential for commanders to conduct decision-
making (DM) activities. It is about the perception of the 
elements in the environment, the comprehension of their 
meaning, and the projection of their status in the near 
future [1,2]. Situation Analysis (SA) is defined as a 
process, the examination of a situation, its elements, and 
their relations, to provide and maintain a product, i.e., a 
state of SAW for the decision maker. A very high-level 
description of the SA process, developed by the Situation 
Analysis Support Systems (SASS) Group at Defence 
Research Establishment Valcartier (DREV) [3], is given in 
Figure 1. 
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Figure 1: High-level description of the situation analysis process 

 



2 Data Fusion: A Key Enabler for SA 
Data fusion (DF) is clearly a key enabler for SA. 
According to Steinberg et al. [4], in their revision of the 
model proposed by the JDL sub-panel, data fusion is the 
process of combining data to refine state estimates and 
predictions. It is subdivided into five levels, where each 
succeeding level deals with a higher level of information 
abstraction. Level 0, known as the sub-object assessment 
level, deals with the estimation and prediction of 
signal/object observable states on the basis of pixel/signal 
level data association and characterization. This includes 
the signal detection and feature extraction. Level 1, or the 
object assessment level, uses the sensor data from Level 0 
to optimally estimate the current kinematical properties of 
the target, and predict their future. It also makes inferences 
about the target’s identity and other key attributes. The 
output of Level 1, i.e., information about individual 
objects, is aggregated into a composite tactical picture at 
Level 2. This concerns the situation assessment issue and 
leads to a more symbolic representation of the 
environment and the relationships among the entities and 
the events in it. At the highest level of data fusion is the 
impact assessment level, or Level 3, that projects the 
current situation into the future and infers about the impact 
of the assessed situation, the vulnerability and the force 
capabilities. 
Up to recently, the data fusion process had often been 
portrayed as a purely passive, open loop treatment that 
simply transforms the pieces of information it receives. 
However, the effectiveness of an advanced fusion system 
is not only determined by the capabilities of its individual 
functionalities/resources alone, but also by the 
effectiveness of the whole system integration [5]. This 
integration must focus on a cooperative, synergistic and 
efficient utilization of all of the available 
resources/processes. To achieve higher performances, a 
modern fusion system therefore needs many additional 
functions, the most essential being an active feedback, or 
adaptation, that defines the role of Level-4 Data Fusion, 
also known as process refinement [4]. 

3 A Priori Data and Knowledge 
The techniques being developed for data fusion and 
resource management (RM) in Decision Support Systems 
(DSSs) for Command and Control (C2) are becoming 
increasingly more sophisticated, particularly through the 
incorporation of methods for high-level reasoning 
processes. A fundamental component of these processes is 
a database (or databases) containing a priori knowledge 
that lists expected objects, behaviors of objects, and 
relationships between objects.  
A priori knowledge contains static (or slowly changing) 
information/knowledge to support the various processes 

providing the commander with a gain in a level of situation 
awareness. It refers to different aspects such as political 
and geographical knowledge, platforms characteristics, 
mission guidelines, weapon characteristics, corridors and 
flight paths, lethality, emitter characteristics, doctrine, etc.  
that can be used by data fusion modules. 
The choices made for the design and composition of the 
databases can therefore be an important factor in the 
usefulness of the DF and RM processes that they support. 
These choices can also potentially impose critical analysis 
bottlenecks in the processes, and, ultimately, they can even 
represent significant barriers to enhancing these processes. 
The expression “a priori knowledge” entails several things. 
The “knowledge” portion of the expression refers to the 
fact that the database may contain more than just a 
description of objects. More abstract notions about the 
behavior of these objects, or the relationships between 
objects can also be included. It is the existence of this 
different level of information, so important to sophisticated 
DSS processes, that characterizes the database as 
containing knowledge, not simply data. 
The “a priori” portion of the expression entails that the 
contents of the database are mostly collected, analyzed and 
stored in advance of use in the decision support processes. 
However, aspects like user modification of the database, or 
intelligent learning agents that can dynamically add 
knowledge to the database, also need to be considered. 
It thus seems useful to go beyond the basic concept of a 
support database towards the more advanced one of a 
knowledge server that must incorporate various knowledge 
sources useful to the information process. After reviewing 
the use of traditional support databases, we present some 
more elaborate concepts to support the data fusion process, 
incorporated in a knowledge server. 

3.1 Traditional Support Data Base 
Traditional support databases are used to store and retrieve 
large amount of data that can be accessed efficiently using 
standard languages (e.g., the SQL language for relational 
databases) for use by data fusion algorithms.  

3.1.1 Level-1 Data Fusion Support Data 
Level-1 fusion requires a large number of characteristics to 
be taken into account during the reasoning process. An 
example of a L1DF support database is a platform database 
(PDB) for target identification that is generally necessary 
to provide the identity characteristics of the expected 
targets. This platform database typically contains platforms 
with their countries, emitters, etc. 
For example, a PDB can be a listing of all the surface, sub-
surface, air and land platforms that can potentially be 
detected and reported by the sensors, or the information 
sources of a military surveillance system. Here the word 
surveillance takes a general sense that includes detection 
tracking, monitoring, etc. The platforms are described in 



terms of the parameters that are measured and seen by the 
sensors.  
In one particular instance used at DREV, the PDB is 
composed of three objects, since two other secondary 
listings are linked to some fields of the main PDB. There is 
the linked Geo-Political Listing (GPL) that lists the 
attribute data assessed by the COMINT sensor for each 
country or organization of the world and an Emitter Name 
Listing (ENL) that includes the name and class of all the 
radio emitter sources that can be detected by the (ELINT) 
sensor. 

3.2 Advanced knowledge-based Concepts 
Databases are limited both in data representation and in 
capabilities for supporting the data fusion process. If 
databases are well suited to describe objects and their 
attributes, they are less appropriate to represent 
taxonomies of objects, or specify the behavior of objects 
[6,7]. 
So, more expressive knowledge representation formalisms 
are needed to capture the semantics and behavior of 
concepts, and mechanisms are required to exploit this 
formalism (e.g., inference capabilities, automatic classifier, 
semantic retrieval). Concepts such as ontologies and 
knowledge bases have been proposed for years by the 
artificial intelligence community to represent declarative 
knowledge of different nature. They should be analyzed 
more thoroughly and exploited for the design of intelligent 
data fusion and/or situation analysis support systems 
(SASS). 
Along this path, knowledge models to be exploited by 
SASS reasoning modules should be kept in separate 
knowledge bases in order to facilitate the knowledge base 
building and updating, and to enable knowledge 
components reuse. This is not possible if knowledge 
objects are encoded within reasoning modules. In this way, 
the knowledge components could be accessible by 
heterogeneous and possibly distributed agents. 
Furthermore, a SASS should analyze and combine 
observables within the context of this a priori knowledge. 
This ability to automatically retrieve relevant pieces of 
knowledge in context would be very valuable. 
Each level in the data fusion process requires specific 
knowledge corresponding to its reasoning process. In this 
regard, the knowledge server should incorporate both 
shallow and deep knowledge. The underlying knowledge 
models should be flexible enough to represent different 
types of knowledge. 
To satisfy these knowledge representation requirements 
(expressiveness and heterogeneity of knowledge sources), 
we propose the concept of a knowledge server aiming at 
incorporating different types of knowledge sources that 
could be exploited by a situation analysis support system.  
This knowledge server is called KNOWMES (Knowledge 
Management and Exploitation Server). The system we 
envision aims at integrating various information and 

knowledge sources, theoretical knowledge related to the 
domain theory (doctrines, procedures, etc.), static domain 
knowledge encapsulated in ontologies, as well as 
experiential knowledge. 
These heterogeneous knowledge sources are described in 
the next sections. Ontologies specify the concepts of the 
domain and constitute a key component of our approach. 
Knowledge bases incorporate instances of the ontologies 
as well as other declarative knowledge (rules, etc.). Case 
bases and lessons learned repositories store experiential 
knowledge for further reuse. 

3.2.1 Ontologies 
In the artificial intelligence community, where the concept 
of ontologies has been investigated in the first place for the 
engineering of knowledge bases, an ontology is defined as 
a formal and explicit specification of a conceptualization 
[8]. It specifies the semantics of the concepts of a domain 
using attributes, properties, and relationships between 
concepts, as well as constraints and axioms. Therefore, it 
provides a formal and shared understanding of a domain, 
facilitating exploitation both by human agents or 
application programs. In the above definition, the notion of 
axioms is important because it enables to describe the 
formal semantics and behavior of concepts in order to 
reason about them. 
Different formalisms and knowledge representation 
languages have been proposed to describe ontologies. 
Some are limited to describing concepts, attributes, and 
relations, and resemble conceptual models in databases or 
object-oriented models (e.g., UML class models). They 
specify models of concepts and their instances in 
taxonomies, for example, vehicles, aircraft, ships, and 
missiles. Others use more formal knowledge representation 
languages such as first-order predicate logic that support 
inferences. Among them, Ontolingua is a knowledge 
representation language based on first-order predicate 
calculus, and LOOM uses description logic and integrates 
an efficient automatic classifier. 
The strength of ontologies is that they constitute 
knowledge components that are reusable across different 
applications. Different level data fusion processes could 
thus exploit these knowledge bases according to their 
reasoning processes. Furthermore, the ontology 
engineering methods that have been proposed so far 
provide useful guidelines for the development of 
ontologies. 
Finally, ontologies can serve to support knowledge level 
interoperability among heterogeneous knowledge sources 
[9,10]. They provide a layer between an agent (human or 
artificial) and the physical knowledge sources, by formally 
defining the domain knowledge and explicitly specifying 
the content of the knowledge sources using the concepts of 
the ontology (meta-models). Using this approach, 
knowledge and information sources can be linked to the 
concepts of the ontology, and services can be provided to 



exploit the data and knowledge bases in order to provide 
the IF and SA applications with access to the 
information/knowledge they require, as well as to integrate 
the outputs produced by these applications in a long-term 
memory.  

3.2.2 Knowledge bases 
The distinction between ontologies and knowledge bases is 
sometimes confusing in the AI literature [11]. From our 
perspective, having defined the model of the domain of 
interest through an ontology, knowledge bases contain 
instances of concepts of the ontology, as well as 
declarative knowledge expressing more sophisticated 
relationships between concepts, causal relationships, etc. 
In particular, these knowledge sources enable the 
reasoning process to perform model-based reasoning. 
The knowledge components that could be relevant to be 
captured to support data fusion and sensor management 
include, for example, a repository of aircraft characteristics 
and performance, sensor capabilities and enemy tactical 
doctrine. The acquisition of these knowledge models is 
part of the knowledge engineering activity for the building 
of KNOWMES. 

3.2.3 Case base 
Experiential knowledge constitutes an important 
knowledge asset to be captured in a knowledge 
management system. Experiences, when formalized and 
structured in an efficient manner, could be retrieved and 
reused to support new tasks by exploiting the case-based 
reasoning paradigm. 
A thorough analysis of the domain could reveal the types 
of knowledge assets for which case-based reasoning could 
be exploited to structure and reuse them (e.g., hypotheses 
management, pattern matching, etc.). The case bases could 
be exploited automatically by an application or by an 
operator when dealing with a new situation.  
This technique has been exploited in a project supporting 
the search and rescue activities, namely ONTOSAR [12], a 
knowledge management environment based on ontologies. 

3.2.4 Lessons Learned knowledge base 
Intelligent lessons learned systems [13] are a new research 
field aiming at capturing and reusing experiential 
knowledge that is usually described in less structured form 
than case bases. Unlike case bases, lessons learned 
knowledge bases are not committed to support one 
particular task. They rather aim at incorporating in a 
repository any relevant knowledge gained from experience 
that could be useful for subsequent tasks, such as tips, best 
practices, or failures, from which there is something to 
learn. The idea is to analyze what kind of knowledge is 
learned from the DF process, at what stage of the process, 

in what form it could be captured, in order to store this 
knowledge asset and make it exploitable. 

4 KNOWMES architecture and 
services  

In this section, we describe the functional architecture of 
the proposed KNOWMES server. It is characterized by the 
knowledge models it incorporates and by the knowledge 
management services it provides. The knowledge models 
components have been discussed above. Consequently, we 
focus here on the knowledge management services that 
KNOWMES should provide to support DF and SA 
processes. 
Knowledge management promotes the creation, leveraging 
and exploitation of knowledge in order to maximize 
business results or to support decision-making. The well-
known objectives are to enable organizations “to know 
what they know” and “to give the right information to the 
right person at the right time to make informed decision”. 
In our context, the main objective of this type of system is 
to support the situation analysis process by providing 
access to relevant information and/or knowledge sources 
when needed. From an organizational perspective, the 
objective is to capitalize on the theoretical and experiential 
knowledge in the domain of interest in order to make it 
available for every user, and to enable the creation of new 
knowledge through the process of knowledge management 
itself, so that the expertise of the domain becomes 
available and that experiential knowledge becomes 
reusable. It should then facilitate expertise transfer from 
experts to novices. 
The KNOWMES server is represented in Figure 2. It is 
designed to provide knowledge services both to 
applications (e.g. the SA application (SAAP), or CODSI 
[14], a sophisticated human-computer interface for the 
study of information fusion concepts), and to human 
operators to enable them access to the knowledge sources 
that it contains. Furthermore, it provides efficient tools to 
search for information within these heterogeneous 
knowledge sources (search engine, browser). 
In this architecture, the ontology models are used both to 
formally represent the domain models and to specify, at a 
conceptual level, the underlying heterogeneous 
information sources meta-models. 
Furthermore, the maintenance and enrichment of such a 
knowledge server is an important issue to take into 
account. New data, information or knowledge should be 
added to the server both by an operator, and dynamically 
through the use of intelligent agents. 
These different knowledge management services are 
presented in the next sections. 
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Figure 2: Architecture of KNOWMES 

 

4.1 Search services 
One of the most important services provided by a 
knowledge management system is a search engine 
capability to enable the retrieval of information among 
heterogeneous information/knowledge sources. Using our 
architecture, the search engine could perform semantic 
searches by exploiting the ontological meta-models to 
retrieve information stored in heterogeneous formats. 
The problem-solving components exploiting the 
knowledge server content should express queries in order 
to automatically retrieve information corresponding to 
their needs. A query format must be established so that the 
server is able to interpret the queries and retrieve relevant 
information/knowledge accordingly. Some formalisms 
have been proposed to satisfy such requirements, e.g., 
KQML (Knowledge Query Manipulation Language) 
within the multiagent community, or, more recently, 
formalisms based on XML (Extensible Markup Language). 
The search engine could be exploited both by external 
applications and by operators to retrieve information 
relevant for their tasks (e.g. retrieve a case similar to the 
current situation within the case base). 
The user interface must enable the user to specify his/her 
needs for information independently of the location and 
implementation of the information sources. It should offer 
both a keyword-based interface, and a natural language 
interface with some help to specify the queries. 
Given that the information/knowledge sources are 
heterogeneous in their nature (static information from 
doctrine or procedures, formalized knowledge from 
expertise, models, knowledge coming from experiences), 
they must be stored in different formats (databases, 
knowledge bases, electronic documents). Therefore, 

intelligent functions must be provided to interrelate these 
heterogeneous knowledge sources, and to integrate 
heterogeneous information in response to request from 
users. 

4.2 Reasoning capabilities 
KNOWMES has to integrate and exploit the relevant 
reasoning capabilities that are required by problem-solving 
components that will exploit it. For example, the most 
sophisticated ontology tools integrate inference capabilities 
that enable the implementation of more powerful semantic 
searches. These should be considered according to the 
reasoning mechanisms required. 

4.3 Knowledge browsing 
The knowledge server must enable users to browse 
relevant knowledge sources for consultation during their 
activities (e.g., browsing for elements of doctrine, 
description of the semantics of particular instances of 
ontologies, etc). Ideally, the user interface should be 
adaptive and should provide knowledge browsing 
according to the context (the task that is being performed, 
the comprehension of the situation). In order to design 
such an intelligent browser, the system must be based on a 
model of the tasks and maintain a model of the context in 
order to provide useful information. 

4.4 Knowledge authoring 
New information or knowledge that will enrich the 
knowledge server will be added through a knowledge 
update service. This service must have the capability to 
deal with new knowledge provided both by a user and 
coming from external applications. The knowledge 
produced as a result of problem-solving components 



execution is communicated to the knowledge server using 
information agents. These agents must then be able to 
identify the type of knowledge source that is concerned 
(data, knowledge, new case), according to knowledge 
sources meta-models, and enrich the knowledge repository 
accordingly. 
Furthermore, the knowledge server has to enable operators 
(that are not knowledge engineering specialists) to 
integrate new knowledge sources in the repository or 
delete knowledge assets. It must provide intuitive 
graphical interfaces representing knowledge maps 
(concepts and relationships between them) to facilitate this 
task.  

5 KNOWMES analysis and design 
Methodologies for the analysis and design of knowledge-
based systems are now mature [15]. The analysis and 
design of a knowledge server should benefit from these 
proposals from the knowledge engineering field, as well as 
from the more recent knowledge management discipline. 
Knowledge engineering activities for the analysis and 
design of KNOWMES consist in the building of domain 
models through ontology engineering, as well as the 
analysis and design of the knowledge server components. 
We present next these two complementary activities. 

5.1 Ontology engineering 
The construction of ontologies and knowledge bases 
should follow formal methodologies, possibly supported 
by ontology development tools. In particular, several 
methodologies and tools have emerged for the construction 
of ontologies in order to make this activity an engineering 
process rather than an art [16]. 
Given the need to use a priori knowledge for DF and RM 
in decision support systems for C2, and the importance of 
implementing these types of knowledge base properly, 
R&D activities are currently being conducted to: 

1. Define the requirements for the a priori 
knowledge base in the context of its intended use. 

2. Determine the architecture and knowledge 
representation for the a priori knowledge base that 
satisfies the specified requirements. 

3. Implement the a priori knowledge base. 

5.1.1 Requirements 
A task is being performed to analyze the DF and RM 
domains, as they pertain to decision support systems for 
C2, and determine the requirements for the a priori 
knowledge base that will support the developments in 
these domains. The purpose of this task is to ascertain the 
requirements for the a priori knowledge base that will 
focus all subsequent work.  
A survey of relevant theory, models, tools and 
technologies is also conducted with the purpose of 

ensuring a comprehensive awareness of the issues 
associated with these aspects. 
An assessment of the requirements is performed in order to 
determine related problems and issues that must be 
resolved, or at least understood, in order to build the a 
priori knowledge base architecture and the necessary data 
representation.  
Issues that need to be considered are: 

• Need for real-time performance. 
• Applicability of ontologies and Object-Oriented 

database design. 
• Applicability of COTS products and the implications 

for their use. 
• Differing requirements for different applications or 

functions. 
• Fundamental differences in dealing with organic and 

non-organic data. 
• Integration with independently defined and 

maintained databases (e.g., geo-political databases). 

5.1.2 Knowledge representation 

At this point, an architectural design satisfying the 
requirements can be recommended. The aspects that the 
design is expected to address include: 

• Selection of a knowledge representation model. 
• Selection of knowledge/databases tools and 

technologies. 
• Methods for knowledge base queries. 
• Operating systems and hardware platforms supported. 
• Integration with other independent a priori knowledge 

bases. 
• Distribution of the a priori knowledge bases (among 

hardware platforms and software functions/agents). 
• Import/export capability. 
• Means to make the knowledge available to various DF 

and RM processes. 
• Knowledge base management and control. 
• Desirability for modularity, portability, and 

expandability. 
• Capability to strip out classified portions of the 

knowledge base, allowing the export and use of a non-
classified version of the a priori knowledge base. 

• Awareness of possible enhancements to incorporate 
user modifications, learning, synchronization, 
interoperability, etc. 

Activities need to be conducted to specify the 
representation of data and knowledge in the a priori 
knowledge bases. One must determine the general 
categories of knowledge (e.g., a collection of objects that 
can be described by a similar set of parameters) that will 
be included in the a priori knowledge base. 



For each of the general categories of knowledge, an 
appropriate scheme must be defined to represent that 
knowledge in the a priori knowledge base. A description of 
this scheme must be generated, at a level of detail that 
would permit populating the knowledge base according to 
this scheme. For example, for a certain type of knowledge 
(e.g., descriptions of objects), it may be appropriate to 
represent the data by allocating a specified number of 
fields, providing a definition for each field, specifying the 
type of data that will be used in the field, and establishing 
relationships between fields. For other types of knowledge 
(e.g., behaviors of objects), it may be appropriate to 
specify some scheme that represents a set of rules. 

5.1.3 Implementation 

In order to implement the architecture, one must create a 
detailed design consistent with the data and knowledge 
representation scheme, identify the software development 
tools and the hardware needed for the implementation, etc. 
Eventually, one needs to add content (i.e., knowledge) to 
the a priori knowledge base infrastructure implemented. 
This has to do with determining (according to the 
requirements) what specific a priori knowledge (i.e., 
objects, object behavior, and relationships between 
objects) is needed to support DF and RM, and parsing this 
knowledge according to the knowledge representation 
scheme so as to populate the knowledge base. 

5.2 Knowledge engineering and 
management 

One objective for the design of a knowledge server is to 
build a set of knowledge models that can be accessed and 
reused by different applications and to provide a set of 
services that exploit these knowledge models and their 
instances. Whereas knowledge engineering focuses on 
knowledge modeling and knowledge representation 
aspects for the design of knowledge-based systems, 
knowledge management in organizations is more 
concerned with the creation, organization, structuring, 
leveraging and maintenance of knowledge for a more 
efficient exploitation of the knowledge assets [17].  
Whatever methodology is being used, a knowledge 
acquisition effort has to be carried out to better understand 
the whole SA process and the different information or 
knowledge sources to be exploited, how they are used, and 
the results that are produced at each stage of the process. 
One must identify the information/knowledge sources used 
at each stage of the situation analysis process and their 
nature (background information, expertise knowledge, 
model, etc.) and also identify the outputs of a situation 
analysis support system that shall be structured and 
incorporated into a knowledge server. Furthermore, one 
must identify the various services that have to be provided 
by the knowledge server. A knowledge acquisition 
methodology (e.g. CommonKADS) shall be used to help 

carry out this activity. As a result of this work, the 
identified requirements, the guiding principles and a high-
level conceptual architecture of the knowledge server shall 
be provided. 
Then, following an appropriate formal approach, the 
services that have been identified previously must be 
modeled and designed. The study and exploitation of 
concepts and tools from the ontology engineering and 
information integration domains are required. The concept 
of intelligent information agents that facilitate the 
integration of heterogeneous information sources and 
perform intelligent search among heterogeneous 
knowledge sources, must be part of the architecture. 
Communication between applications through agent 
communication languages must also be modeled for the 
exchange of information between agents and/or 
information/knowledge sources. The form, the content of 
the messages for information exchange as well as the 
communication mechanism have to be identified. The 
approaches coming from artificial intelligence (e.g. 
KQML) and from the XML/CORBA standards must be 
exploited. 

6 Related work 
Other efforts are ongoing at DREV to experiment with the 
development and use of ontologies to ensure 
interoperability between different CCIS. The Canadian 
COP21 project (Common Operational Picture), and the 
CINC21 (Commander in Chief 21st Century) Coalition 
collaboration aim at facilitating the exchange of 
information between nations, and also at providing 
improved situational awareness through the development 
of ontologies and knowledge management services that 
exploit them. Even if these projects are at a preliminary 
stage, we think that the use of ontologies as a means to 
represent a shared understanding of a domain that will be 
used as a intermediate layer to access heterogeneous 
data/information sources, seems promising. 
In another context, the DARPA HPKB (High Performance 
Knowledge Base) project [18] promotes technologies for 
developing very large, flexible and reusable ontologies and 
knowledge bases. It has experimented with the building of 
several large knowledge bases to support different military 
problems. As part of the DARPA Joint Forces Air 
Component Commander (JFACC) program, an ontology 
for air campaign planning has been built to represent a 
wide variety of knowledge content in the air campaign 
domain [19]. The objectives of this work were to integrate 
knowledge acquisition and modeling efforts from 
developed knowledge-based applications, to create a 
repository for general knowledge about air campaign to 
use in several applications and to facilitate interoperation 
and communication between systems with a shared 
terminology. 



7 Conclusion  
This paper proposed a framework that is intended to be 
integrated with existing situation analysis support systems, 
and that will enable the demonstration of the capabilities of 
the proposed concepts within such a framework. This 
environment should help acquire a better understanding of 
the SA process, e.g., its information structure, domain 
constraints and cognitive requirements. 
This research stands at the boundary of knowledge 
engineering and management, and information fusion. In 
this context, promising concepts such as ontologies, 
semantic knowledge integration or information agents will 
be investigated. Through experiments, other knowledge 
management techniques should be exploited such as data 
mining and knowledge discovery from the different 
information sources. 

8 References 
[1] M. R. Endsley, Toward a Theory of Situation 

Awareness in Dynamic Systems, Human Factors 
Journal, 37(1) , pp. 32-64, March 1995. 

[2] M.R. Endsley and D.J. Garland, Situation Awareness 
Analysis and Measurement, Lawrence Erlbaum 
Associates, New Jersey, USA, 2000. 

[3] J. Roy, From Data Fusion to Situation Analysis, 
Proc. of Fusion’2001 International Conference, 
Montréal, Canada, 2001. 

[4] A. N. Steinberg, C. L. Bowman, and F. E. White, 
Revision to the JDL data fusion model, Joint 
NATO/IRIS Conference, Quebec City, October 1998. 

[5] A. Benaskeur, and J. Roy, Hierarchical Adaptation 
Scheme for Multi-Agent Data Fusion and Resource 
Management in Situation Analysis, SPIE 
Proceedings, Vol. 4380, Signal Processing, Sensor 
Fusion, and Target Recognition X, Orlando, 16-18 
April 2001. 

[6] R. T. Antony, Principles of Data Fusion Automation, 
1995. 

[7] R.T. Antony, Database Support to Data Fusion 
Automation, Proceedings of the IEEE, Vol. 85, No.1, 
January 1997. 

[8] T. Gruber, A translation Approach to Portable 
Ontology Specifications, Knowledge Acquisition, 
Vol. 5, No. 2, pp. 199-220, 1993. 

[9] A. Preece, K. Hui, P. Gray, P. Marti, T. Bench-
Capon, D. Jones, Z. Cui, The KRAFT Architecture for 
Knowledge Fusion and Transformation, Proceedings 
of Expert System’99 Conference, 1999. 

[10] M. Nodine, J. Fowler, T. Ksiezyk, B. Perry, M. 
Taylor, A. Unruh, Active information gathering in 
INFOSLEUTH, Proc. of the International Conf. of 
Cooperative Information Systems, 1999. 

[11] D. O’Leary, Using AI in Knowledge Management: 
Knowledge bases and Ontologies, IEEE Intelligent 
Systems, May-June 1998. 

[12] A.-C. Boury-Brisset, Knowledge Modeling and 
Management for Command and Control 
Environments, Proceedings of the 2000 Command 
and Control Research and Technology Symposium, 
June 26-28, 2000, Monterey, CA. 

[13] R. Weber, D.W. Aha, I. Becerra-Fernandez, 
Intelligent Lessons Learned Systems, Expert Systems 
with Applications, Vol. 17, 2001, pp. 17-34. 

[14] J. Roy, R. Breton, and S. Paradis, Human-Computer 
Interface for the Study of Information Fusion 
Concepts in Situation Analysis and Command 
Decision Support Systems, SPIE Proceedings, Vol. 
4380, Signal Processing, Sensor Fusion, and Target 
Recognition X, Orlando, 16-18 April 2001 

[15] G. Schreiber et al, Knowledge engineering and 
management, The CommonKADS methodology, MIT 
Press, 1999. 

[16] M. Uschold, and M. Gruninger, Ontologies : 
principles, methods and applications, Knowledge 
Engineering Review, 11(2), 1996, pp. 93-155. 

[17] R. Dieng, O. Corby, A. Giboin, M. Ribière, Methods 
and Tools for Corporate Knowledge Management, 
Proceedings of KAW’98, Banff, Canada, 1998. 

[18] P. Cohen, R. Schrag, E. Jones, A. Pease, A. Lin, B. 
Starr, D. Gunning and Murray Burke, The DARPA 
High-Performance Knowledge Base Project, AI 
Magazine, Winter 1998, pp. 25-49. 

[19] A. Valente, T. Russ, R. MacGregor, W. Swartout, 
Building and Reusing an Ontology of Air Campaign 
Planning, IEEE Intelligent Systems, Jan/Feb 1999, 
pp. 27-36. 

 


