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Abstract 
 

The mental workload for fighter pilots in modern air combat is 
extremely high. The pilot has to make fast dynamic decisions under high 
uncertainty and high time pressure. This is hard to perform in close 
encounters, but gets even harder when operating beyond visual range 
when the sensors of an aircraft become the pilot's eyes and ears. Although 
sensors provide good estimates for position and speed of an opponent, 
there is a big loss in the assessment of a situation. Important tactical 
events or situations can occur without the pilot noticing, which can change 
the outcome of a mission completely. This makes the development of an 
automated situation assessment system very important for future fighter 
aircraft. 

This Master Thesis investigates the possibilities to design and 
implement an automated situation assessment system in a fighter aircraft. 
A Fuzzy-Bayesian hybrid technique is used in order to cope with the 
stochastic environment and making the development of the tactical 
situations library as clear and simple as possible. 
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1 Introduction 
 

To introduce the reader to this thesis, this chapter explains the 
problems of situation assessment. By doing that, the purpose of this thesis 
is presented and, in short, the steps I will go through to conclude a 
possible solution to automated situation assessment. 

1.1 Background 
The amount of information for pilots in modern air combat is 

extremely high. The pilot has to make fast dynamic decisions under high 
uncertainty and high time pressure. Under these premises, empirical 
studies [Sti88] indicate that the most critical component of the decision-
making is the situation awareness, obtained through continual observation 
of the environment. Once a mental “picture” of the situation is obtained, 
the decisions are driven by associations to other recognized tactical 
situations. This is called situation-awareness-centered decision-making, 
and is the most widely accepted representation of the human decision 
making in high tempo and important situations [Mul97].  

 

 
Figure 1.1. The numerous sources of information, and areas of immediate interest 
for a modern fighter pilot.  
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1.2 Purpose of this Master Thesis 
The purpose of this thesis is to investigate the possibilities for 

implementing a real-time automated situation assessment system to guide 
the pilot in his/her decisions. The knowledge and inference part of the 
system should be based on Bayesian networks, which have high 
modularity and possibilities to be expanded to all sorts of situations and 
systems. Finally, the system should be implemented in C++, and 
connected with TACSI+, a tactical data fusion simulator for flight 
missions developed at SAAB AB.  

1.3 Problem Description 
Since the early sixties, there has been an urge for fusing data in 

order to get data that are more accurate than one sensor alone can provide. 
Along the way, the area of multiple sensor fusion has identified four 
levels of the fusion procedure, namely Object Refinement, Situation 
Refinement, Threat Refinement and Process Refinement. (See section 2.2). 

The first level, Object Refinement, is the one where most work 
has been done. The goals include data alignment, tracking, identification, 
and classification. All of these goals can be achieved using numerical 
calculations and algorithms. The same holds for the fourth level, Process 
Refinement, where for example the sensor use is optimized for gaining the 
information most needed. 

The second and third levels are more vague than the others are. 
These levels therefore cannot be measured and optimized as the first and 
fourth ones. For example: How do you measure hostile activity? It is more 
of a cognitive process than a mathematical one. This, combined with the 
fact that most research in this area is made by engineers, has put this area 
of research behind the other data fusion levels. Of course, engineers are 
used to work with clear facts and numbers, so conducting research on this 
often make them feel a little out of line. 

The automated situation assessments could easily reduce the 
mental pressure for the pilot. Instead of analyzing a monitor full of 
symbols, the system could change representation or color of the object(s). 

This thesis attempts to give one possible solution in making a 
situation assessment system that copes with uncertainties, using both new 
and classical methods.  
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Figure 1.2. Example of what could be done with a situation assessor. The circular 
filled objects could be enemies, with grade of gray-level representing the threat 
they make. Triangular objects could be friends, and dashed objects unknown or 
civil aircraft. 

 

As seen in figure 1.2, the right image is much more 
comprehensible than the left. Instead of symbols representing sensor 
echoes, the system has aggregated aircraft flying close to one and other, 
and made a threat evaluation for each of the filled targets. (Note that the 
symbols in the figure are not representative to real-world applications. 
They are merely an example of how it could look like.) 

With more advanced situation assessment, one could not only use 
sensor and database data. Political situations, military plans and pilot 
experience could also be weighted in. 

1.4 Readers Guide 
The following section provides the outline for this thesis chapter 

by chapter. 

1.Introduction. The first chapter gives the reader the purpose and 
the background for this master thesis.  

2. Data Fusion. This chapter introduces the reader to the art of 
data fusion. The different levels are defined, their goals are stated and 
problem areas are identified. Common techniques used in the different 
levels are discussed, and their ability to work together as a hybrid 

5 
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technique. The differences between a decision support system and an 
autonomous system are stated using the man-in-the-loop definition. 

3. Situation Assessment. Here, the second level of data fusion is 
more specifically defined. Different philosophical views are used to clear 
out the difficulties in understanding the process of “assessing situations”, 
which humans do automatically all the time. 

4. Bayesian Networks. This chapter explains the theory of 
Bayesian Networks, the techniques advantages and fallbacks. The process 
of designing a network is discussed and finally there is an example of a 
Bayesian Network covering the area of whether headache is caused by a 
brain tumor or a hangover. 

5. Fuzzy Logic. The theory of inexact reasoning and fuzzy sets is 
explained in this chapter. Fuzzy classification of continuous data into 
discrete states with values of membership is treated. A comparison 
between Fuzzy Logic and Bayesian Networks is also done. 

6. System Architecture. Here, the aspects of the architecture in a 
situation assessment system are discussed. There is also some agent 
theory here. Finally, a suitably architecture for a situation assessment 
system is presented. 

7. Implementation. The system environment and the final 
architecture of the system is specified with conclusions drawn from 
chapter 6. Every part of the system is thoroughly described and 
exemplified. 

8. Simulations. In this chapter the results of the simulations is 
presented. Here, the tactical simulator TACSI developed by SAAB, with 
TACSI+ as a data fusion add-on is presented.  

9. Conclusions. Here, the results from chapter 8 are discussed. 
The question of evaluating an expert system plays a big role. 

10. Future Work. Possibilities to expand the system into a 
complete data fusion system (e.g. level 1+2+3+4) are discussed here, as 
well as the situation assessors’ mobility and ability to be incorporated into 
an existing (not complete) data fusion system. 
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2 Data Fusion 
 

This chapter gives a short insight to the field of Data fusion and its 
different levels. It will give the knowledge required to point out the field 
of Situation assessment and to understand the differences of the levels. 

2.1 General 
Data fusion is defined as a formal framework in which are 

expressed the means and tools for the alliance of data origining from 
different sources. The data fusion problem is not to combine the multiple 
source information, but to combine the information intelligently. This 
means fusing the data from multiple sensors, developing a more 
meaningful perception of the environment than using only one sensor. 
This is something humans do automatically, using mental reasoning 
methods and experience. 

The human perception finds it increasingly difficult to associate and 
classify the incoming data, due to the increasing complexity and number 
of sensors. Therefore, there has been an uprising interest in making 
automated systems that combine multiple sensor data and derive a more 
meaningful picture of the world. The motivation of making such systems 
mainly comes from the defense industry, medical industry and other 
industries that require fast, intelligent and correct decisions.  

The systems are mostly of a decision-aided nature (Man-in-the-
Loop), but go all the way to autonomous systems that make its own 
decisions without any interference of man. 

2.2 The JDL Data Fusion Model 
The most dominate model for data fusion is the Joint Directors of 

Laboratories (JDL) model [Ste98]. As seen in Figure 2.1, the model 
contains four levels of data fusion processing.  
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Figure 2.1. The JDL data fusion model. 
 

The levels should not be thought of as “things to occur” in a 
specific order. As the figure implies, the first three levels could be 
processed in parallel. More detailed definitions of what the data fusion 
levels consist of are described below. 

 

• Level 1: Object Refinement – forms object assessments by 
observations of track-to-track associations and sensor measurements 
by different sensors. The object assessments created are tracks, 
classified by fused estimates of type, identity and position, with one 
track for each object. 

• Level 2: Situation Refinement – forms situation assessments by 
relating the objects to existing situation assessments, or by relating 
object assessments to each other. The situation assessments are 
relations between objects, or subsets of objects, friendly or hostile. 

• Level 3: Threat Refinement – forms threat assessments mainly by 
considering possible consequences of the situation assessments, or by 
relating them to existing threat assessments. The threat assessments 
are identification of possible capabilities and intent of hostile objects, 
and the expected outcome. 
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• Level 4: Process Refinement – identifies what is required to improve 
level 1, 2 and 3 assessments, and how sensors should be controlled to 
obtain the most important data for best improvement of the 
assessments. 

2.2.1 Object refinement Techniques 
Level 1 consists mostly of numerical procedures such as 

estimation, target tracking and pattern recognition. (See Figure 2.2.) The 
two most commonly used methods for identity fusion are Bayes law and 
Dempster-Shafer reasoning, where a combination of the two methods 
gives the best approach [Fer98].  

2.2.2 Situation & Threat Refinement Techniques 
The level 2 and 3 operations require a higher level of abstraction 

and inference, which leads to other methods such as Expert Systems, 
Bayesian Belief networks, Fuzzy logic and Neural nets. The differences 
between the second and third level fusion are that level 2 is trying to 
detect a pattern or behavior in the object assessment that indicates a 
certain relationship (or threat) right now. Level 3 then tries to quantify the 
threat’s capability and predicts the objects intent by some sort of 
technique e.g. multi-hypothesis tracking or other reasoning techniques 
[Mul97], [Lam99]. 

2.2.3 Process Refinement Techniques 
Compared to the other levels, level 4 is more of a feedback level, 

combining data from the level 1, 2 and 3 to make the best decisions 
possible to optimize the data fusion and use of the sensor suite. This 
Sensor Management procedure does not only use sensor data to evaluate 
its next step. There can be restrictions on certain sensors, so that they 
cannot be used, a sensor can be malfunctioning or be jammed etc. The 
sensor manager must therefore regard its internal environment and 
restrictions before it tries to optimize the sensors for the external 
environment.  

Because of the diverse tasks of the sensor manager, no single 
technique is applicable to the system. The tasks include decision-making, 
scheduling and optimizing, which quite clearly show the difficulties in 
trying to use one single technique [Jen97]. 
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Figure 2.2. Applicable techniques sorted in an inference hierarchy. 

2.3 Man-in-the-Loop 
One question that comes up when discussing data fusion systems 

is the function the system-user should have in the control loop. If the 
system only is decision-aided, the user is in control of the process, and the 
system does not run without the interaction of man. This is known as man-
in-the-loop. Another possibility is that the user just acts as an observer, 
and does not interact with the system at all, also known as man-out-of-the-
loop. 

For the man-in-the-loop alternative, it could be hard for the user 
to act in fast systems, but he still has the ability to make input. On the 
other hand, when using the man-out-of-the-loop alternative, the system 
could act erroneously in highly prioritized situations – without letting the 
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specific tasks. 
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Clearly, one cannot say which approach is the right one before the 
real-time requirements are set and a risk-analysis is done. 

2.4 Today’s Limitations in Data Fusion 
Although data fusion and the techniques have come a long way, 

there are two facts that must not be forgotten: 

 

Reviewing this, one can easily understand that data fusion still has 
some ground to cover.  

2.4.1 Level 1 Limitations 
It is possible to detect, identify and track objects in reasonable 

environments. In a sparse spatial environment, non-maneuvering objects 
can be tracked. With the right training, identification can be made with 
feature- or model-based methods. 

If the object is highly maneuvering, or if it operates in a complex 
environment, correct tracking is more difficult to accomplish. A complex 
object or an object for which we have no training data cannot be properly 
identified. 

2.4.2 Level 2 Limitations 
The techniques (See Figure 2.2.) have limited ability to detect 

patterns and combine objects into higher-level entities with automated 
reasoning. 

The methods cannot even closely be compared with the human 
ability of pattern recognition. There is also lack of good routines for the 
use of negative reasoning. That is, if not knowing what A is – negative 
reasoning uses the knowledge of what A is not. 

2.4.3 Level 3 Limitations 
Possibilities to evaluate hypothetical threats using automated 

reasoning techniques exist, such as gambling-theory, but it is difficult to 
model the intent of an intelligent threat.  

There are no magic algorithms and there is no perfect sensor. 
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2.4.4 Level 4 Limitations 
Techniques exist for making basic models for sensor performance 

and optimize commensurate sensors automatically. 

There is no technique to optimize the use of distributed non-
commensurate sensors because of the adjustment-weights in such a multi-
criterion optimization. There are also difficulties with modeling real 
sensor performance in a correct way. One of the biggest challenges 
remaining is to combine sensor performance with human-in the-loop 
reasoning.  
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3 Situation Assessment 
 

This chapter describes situation assessment on a more philosophical 
basis, and describes what characteristics different levels of situation 
assessment have. 

3.1 General 
Situation assessment is the process of evaluating a situation for its 

suitability to support decision-making. One theory proposes that 
experienced decision makers base most of their decisions on situation 
assessments [Nob98]. The decision-makers mostly use experience for 
their decisions - that is, they select actions that previously have worked 
well in similar situations. What they do is to extract the most significant 
characteristics from the situation. Due to the presence or lack of certain 
essential characteristics, they relate to similar situations and what actions 
that have worked well in past cases. 

Shortly, situation assessment is to create relevant relations between 
objects in the environment. 

3.2 Problems with Situation Assessment 
Although the overall data fusion is fairly accepted, the situation 

refinement (data fusion level 2) process is generally not well understood. 
There are several factors contributing to this lack of understanding, 
mainly because it is not as essential as the level 1 and 4 data fusion. The 
fact that many of the scientists working with data fusion are more 
educated in numerical calculations rather than in the symbolical domain is 
one problem, and the increasingly complex environment of relations is not 
fully understood by anyone. Therefore, most of the work in data fusion 
has been done within the other levels. 

3.3 Understanding Situation Assessment 
To translate the process of situation assessment into a 

computational model, we need to clear out a few problems that occur 
when trying to do that. 
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As we said earlier, situation assessment is a description of relations 
between objects, or object assessments. To fully understand situation 
assessment, it is crucial that we understand object assessment. 

3.3.1 Object Assessment - Philosophically 
To interact with the world and understand what is happening, we 

have to associate objects with properties. At this level, the properties are 
measurable and refined in matter of identity, type, range, elevation etc. A 
flying object, for example, doesn’t mean anything in particular until we 
attach the properties missile, velocity and position to it.  

In figure 3.1, we see the object refinement process associate the 
properties to the object, and the importance the properties make. 

The object assessment also uses rules based on geometry, 
kinematics, and the presumption that a certain object cannot change its 
properties breaking these rules, while remaining the same object. The 
idea, that the world is a world of objects with properties, is the 
Aristotelian conceptualization (around 350 BC), and is still the base of 
modern object assessment [Lam99].  

 

Figure 3.1. The world of Aristotle, bui-      Figure 3.2. The world of Wittgenstein, 
lt with object assessments.             built with situation assessments. 

3.3.2 Situation Assessment - Philosophically 
While the Aristotelian conceptualization functions very well with 

object assessments, we find it hard to use it when climbing the levels in 
data fusion. Because of the higher level of abstraction and symbolic 
language instead of numbers, the idea of objects with properties cannot 
fully describe the situation. 
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For example, consider the situation that object A is targeted by 
object B. In the Aristotelian world B then has the property of targeting A, 
and A has the property of being targeted by B. The more general the 
relation targeting gets, the more difficult it is to assign the properties to 
the objects. The relation belongs to neither of the objects; it is a 
relationship between them! Trying to express this in Aristotle’s 
framework is impossible. We have to turn to Wittgenstein in order to do 
that. Ludwig Wittgenstein proposed that the world is the totality of facts, 
not of things, where facts are the application of relations to objects 
[Wit22].  

Now we have the ability to generally express an event or 
relationship between objects, without losing the fact of what is happening 
to whom. The semantics of targeting (B, A) implies both that A is targeted 
by B and that B is targeting A, without any need to assign the relationship 
targeting to any of the objects. With these types of expressions, we can 
think in wide terms such as behavior and intent, instead of trying to 
express object properties. (See figure 3.2.) 

3.3.3 A Neurological Example 
The differences in Aristotle’s and Wittgenstein’s views of the 

world seem to have a neurological basis. In 1943, Sub lieutenant Zasetsky 
suffered a head injury that affected his ability to associate symbols with 
their meanings. As an example, he couldn’t say whether a fly is bigger or 
smaller than an elephant. He knew that a fly was small and an elephant 
was big, witch is correct in the Aristotelian view, but when trying to use 
the words bigger and smaller, he became confused. He couldn’t figure out 
in what way the words referred to the objects. This is known as Zasetsky’s 
disorder [Lur72].   

Clearly, Zasetsky was able to make the correct object 
assessments, but failed to make the situation assessments between the 
objects. 

3.4 Situation Awareness 
Situation assessment, which comes from the wider concept 

situation awareness, can be hierarchically split into different levels. 
Situation awareness is defined as the perception of the elements in the 
environment within a volume of time and space, the comprehension of 
their meaning and the projection of their status in the near future 



Situation Assessment in a Stochastic Environment using Bayesian Networks 

 14

[End95]. We see that this definition overlaps the data fusion levels 2 and 
3. 

 Endsley specifies the definition of situation awareness and finds 
these three levels. 

• Situation Awareness level 1: Perception and event-detection 

• Situation Awareness level 2: Current situation assessment 

• Situation Awareness level 3: Near future situation prediction 

These levels are the normal way of reasoning when trying to 
evaluate a situation. First, an event occurs. Then you assess the current 
situation, and after that try to predict what could possibly happen. This is 
a straightforward reasoning model, with increasing abstraction for each 
level. 

At first glance, the event-detection doesn’t belong within the 
situation assessment levels. If a situation already is assessed and nothing 
changes, the situation does not need any more evaluation of the second 
and third levels until new events occur. Even if nothing changes, the 
object still exists in the environment, and therefore has to be analyzed. 
The event-detection process is filtering the environment, and thereby 
reduces workload for the overall situation assessment process.  

In order to make a situation assessment according to the second 
level data fusion, the first level refinement has to be included in the 
system. 

3.5 Classification methods 
The most common techniques used in situation assessment 

systems are high-level classification methods. In order to recognize and 
classify the situations, the technique must be able to handle uncertainty 
and have an easy way of modeling the situations. 

One extreme, neural nets, has the obvious ability to recognize 
situations. Neural nets starts with no knowledge at all, and learns from 
training data. The drawback is that the net has to be adequately trained, 
and lack of training data is always a big problem. 

The other extreme, a forward-chained expert system, has to be 
modeled by an expert and cannot update its knowledge automatically. The 
system contains no more than the knowledge of its designer, and if taking 
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the difficulties of storing the knowledge properly into account, not even 
that. 

Somewhere in between these techniques is Bayesian networks 
(See section 4). This technique can be modeled as an expert system, but 
also has the ability of updating its beliefs. To make the system easy to use, 
the nodes in the net are often discrete. An expert can easily enter estimates 
of the probabilities for one situation leading to another, and by that come 
up with a “quite good” net. By using the ability to update the net, the 
performance increases if we have proper training data to use. Bayesian 
networks also have the ability to investigate hypothesis of the future.  

One of the problems with Bayesian networks is that they are 
heavy to compute, creating problems for a big system to work in real time. 
The input is also a problem when using discrete states in it. The data has 
to be classified first. 

3.6 Hybrid Techniques 
In order to make a good system, the abilities for each and one of 

the techniques will not often be enough. A good approach is to combine 
different techniques, taking the most suitable characteristics from each 
technique. 

As mentioned in section 3.5, the Bayesian approach has many 
feasible features, but lack the ability to handle continuous input. If 
combined with the Fuzzy approach (See section 5.2) of making the data 
members of discrete sets, the hybrid system should be able to handle all 
the demands of the Situation Assessor. 

The hybrid technique of using fuzzy classification as input to the 
discrete Bayesian network is very appealing. Both techniques are easy to 
model and have very viewable and easy-to-understand “semantics”. The 
combination of the techniques does not destroy that. Rather the opposite, 
as it feels natural to combine them. 

To my knowledge, this fuzzy-bayesian hybrid technique has not 
been used in any real world applications before. A lot of research in 
combining fuzzy classification with Bayesian networks, making the 
networks continuous, is ongoing.  
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4 Bayesian Networks 
 

This chapter describes Bayes’ theory, Bayesian networks and 
their ability to function in a situation assessment system. 

4.1 General 
Bayesian networks are a set of connected nodes describing a 

domain of the world. The nodes represent a variable with a set of states 
described by a conditional probability matrix associated with the nodes 
connected to it. 

The unique strength of Bayesian networks comes from its 
combination of two artificial intelligence tools: neural networks and the 
Bayesian reasoning. Like neural networks, the Bayesian network contains 
information about the domain, and can carry and modify the information 
when propagated among the nodes. The Bayesian net knowledge can be 
stored a priori, or be learned from examples. Unlike neural networks, the 
Bayesian network has a rational reasoning process in nodes and links, 
giving the net an understandable semantics to communicate to the 
developers.  

4.2 Bayes’ Theory 
Bayesian networks use probability calculus to express the 

uncertainties. This is called Bayesian calculus, or conditional probability. 
A conditional probability statement is that, given event B, the probability 
for event A to happen is x. 

 

xBAP =)|(  Eq 4.1 

 

This does not mean that P(A) = x whenever B is true. It means 
that when B is true, and everything else is irrelevant for A, then P(A) = x. 

The most fundamental rule for probability calculus is the 
probabilities for joint events. 
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),()()|( BAPBPBAP =  Eq 4.2 

 

The probability for event A and B to happen is the probability for 
B to happen multiplied with the conditional probability for A given B. 
The inversion formula or Bayes’ rule (Equation 4.3) is based on equation 
4.2. 
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When fusing multiple sources of information, the extended 
Bayes’ rule can be used. If e is a vector of multiple sensor measurements 
and Hi is a set of S states for the hypothesis H. 

 

∑
=

= S

i
ii

ii
i

HPHeP

HPHeP
eHP

1

)()|(

)()|(
)|(  Eq 4.4 

 

The probability P(Hi) in equation 4.4 is called the a priori 
probability, or unconditional probability. That is, the probability of state i, 
before any measurements is made. In the Bayesian theory, these 
probabilities must have a value, but since no measurements are made, 
their values are often a good guess – or just evenly distributed over all 
states in that node.  

The outcome of the equation, P(Hi |e), is the a posteriori 
probability of state i given the measured vector e . Since the denominator 
in equation 4.4 is the same for all states, it can be seen as a normalizing 
constant and left out in the calculations. 

The likelihood P(e | Hi) is calculated as a conjoint multiplication 
of the sources likelihood vectors. If the sources are conditionally 
independent, we can use the chain rule (Equation 4.5) to get the joint 
probability 
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where N is the number of sources [Pea88], [Jen96]. 

4.3 Bayesian Networks 
The Bayesian network (also called belief network, causal net or 

inference net) is a set of probabilistic variables, nodes, and a set of 
directed links between them. Each node has a finite set of states that are 
mutually exclusive, and whose likelihood distribution is denoted as belief 
value. The directed links represent an associative or inferential 
relationship between them. 

Together they form a directed acyclic graph. Because of the 
causality of the net, there cannot be any feedback cycles, see figure 4.1. 
No calculus has yet been developed to cope with that. 

To each of the variables there is a conditional probability table 
P(X | Y1,… ,Yn), for each of X’s parents Y1,… ,Yn.  

 

A B

C

D E

F

Directed graph with feedback cycle

A B

C

D E

F

Directed acyclic graph

Figure 4.1. The left directed graph is cyclic and cannot be used in Bayesian 
Networks. The right graph is acyclic; witch is the correct structure to use. 
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The nodes that are not connected with each other, directly or 
indirectly, are independent. For all of them the rule of independence 
applies. 

 

( ) ( ) ( )BPAPBAP =,  Eq 4.6 

 

If there is a way in the directed graph from one node to another, 
the probabilities must be calculated using the conditional probability 
table(s) from one node to the other. 

The conditional table for the right acyclic graph in figure 4.1 is 
specified from the probabilities P(A), P(B), P(C|A,B), P(D|C), P(E|C,F) 
and P(F|D).  

4.4 HUGIN 
A very powerful tool of using Bayesian networks is the software 

program HUGINTM [HUG]. It allows the user to draw the network, using 
nodes and edges, and then compile the net and make a complete 
probabilistic model. When compiled, the user can easily insert evidence of 
changed input, and then propagate the net and update the belief in every 
node. 

I had the opportunity to try a version of the Hugin Lite demo with 
additional C++ API, which made my job easier implementing the nets in 
the Situation Assessor. 

4.5 An Illustrative Example 
Imagine that you want to describe the domain of the world why a 

friend has a headache. In this description of the world, there are only two 
ways of getting headache, namely from a hangover or a brain-tumor. To 
expand the net and get more viewable in- and output we assume that an X-
ray can detect a brain-tumor. A hangover is dependent on whether the 
friend has gone to a party the night before, and does then possibly smell of 
alcohol the morning after.  
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Figure 4.2. A Bayesian network describing the relations of getting headache from 
a hangover or a brain-tumor.  

 

4.5.1 Proper Design 
The most crucial part of using Bayesian networks is the design of 

the net. In order to get the correct outcome the net has to be a good 
(perfect) representation of the situation covered. Every possible 
dependency must be considered in order to make a good representation.  

When drawing the net it is also very important to consider which 
node depends on which, because of the causality of net. For example, a 
hangover depends on a party the night before, but a party does not depend 
on a hangover the day after. In order to make the net describe the situation 
correctly, the design and direction of edges must carefully be considered. 
If the direction of an edge is hard to find, or if it seems to be in both 
directions, try finding a third event witch makes the other two 
independent. The correct net for this situation is described in figure 4.2. 

4.5.2 Node Probabilities 
In each node, there are two discrete states, true and false. If 

needed, a node could contain more discrete states, but that is not necessary 
in this case.  

When the net is designed, we have to enter the probabilities for a 
certain situation to be true. That is, an expert specifies each node’s 
conditional probability table. In this case they are P(Party), P(Hangover | 

Party 

Headache 

Pos.Xray 

Brain-tumor 

Smells alcohol 

Hangover 
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Party), P(Brain-tumor), P(Headache | Hangover, Brain-tumor), P(Positive 
X-ray | Brain-tumor) and P(Smells alcohol | Hangover).  

Being an expert of my friends habits, the probability of him being 
to a party in the evening is approximately 0.2. If he is at a party, P(Party) 
= true, he usually gets a hangover with the probability 0.7. That is, 
P(Hangover | Party = true) =  0.7. If not being at a party, he does not 
drink, and then gets a hangover with the probability 0. 

The remaining conditional tables are specified in the same way, 
and are illustrated in figure 4.3. 

 

Figure 4.3. The conditional probability tables for the nodes in the above net. 
 

4.5.3 Inference 
The probabilities of interest are not the ones entered in the 

conditional probability tables. The interesting is the probability for the 
individual node states. (See equation 4.5.)  This is called propagation, and 
simply uses the rules of conditional probability starting at the top of the 
tree and then propagates along the edges. 

For example, the probability for having a hangover is 
P(Hangover), and with the dependency of P(Party) this is 
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P(H.O.) = P(H.O.| P = true) * P(P = true) + P(H.O.| P = false) * P(P = false) 
 

Using the values from the conditional tables, the marginalization gets 

 

P(H.O.) = 0.7 * 0.2 + 0 * 0.8 = 0.14 

 

Similarly, the joint probability of not having a hangover is 

 

P(not H.O.) = 0.3 * 0.2 + 1 * 0.8 = 0.86 

 

The joint probability tables for the net are shown in figure 4.4. 

 

Figure 4.4. The propagated net, with joint probabilities for the each node. The 
probability is in percent.  

 

This state pictured above (See figure 4.4) is a ground state of the 
Bayesian net. The net has been designed, the conditional probability tables 
have been specified and the net has been propagated.  

Party 
True = 20.0 
False = 80.0 

Hangover 
True = 14.0 
False = 86.0 

Headache 
True = 11.6 
False = 88.4 

Smells Alcohol 
True = 19.8 
False = 80.2 

Pos. X-ray 
True = 1.10 
False = 98.9 

Brain-tumor 
True = 0.10 
False = 99.9 
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4.5.4 Entering Evidence 
When an event has happened, or evidence of a variable having a 

certain probability has been detected, the net has to be propagated with the 
new evidence inserted. When entering evidence in one of the top-nodes it 
is quite easy to understand, but if the evidence is entered in a node with 
parents, the update process is not as clear. The solution is using Bayes’ 
rule across the directions of the edges (See equation 4.3).  

Assume an X-ray test has been done and the result is positive, i.e. 
P(X = true). According to Bayes’ rule the (prior) conditional probability is 

 

0891.0
011.0

001.098.0
)(

.).(.).|(
)|..( =∗==

XP
TBPTBXP

XTBP  

 

In order to get the correct belief, the probability for brain-tumor 
P(B.T. = true) and P(B.T. = false) has to sum up to one. According to 
section 4.5.3, the total probability for P(B.T.) is 

 

P(B.T. = true) = P(B.T. | X) * P(X) + P(B.T. | not X) * P(not X) 

 

and similarly for P(B.T. = false). After normalizing the beliefs, the 
process continues along every edge in the net accordingly.  

 Bear in mind that the conditional probability tables never changes 
by entering new evidence, only the belief propagated throughout the net. 
The knowledge entered in the net is always the same. 

In order to automatically change the conditional probability tables 
a feedback learning function must be implemented. That can be done in 
several ways, but falls outside the scope of this thesis. 

For more information about Bayesian networks and their 
applications, I recommend the book “An Introduction to Bayesian 
Networks” by Finn V. Jensen [Jen96]. 
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5 Fuzzy Logic 
 

This chapter describes the fuzzy logic approach to inexact 
reasoning. The basic concepts are described, and the way it could be used 
in a situation assessment system. 

5.1 Inexact Reasoning and Fuzzy Sets 
Fuzzy logic is used when inexact reasoning is necessary. Instead 

of having distinct boundaries between membership states (a crisp set), 
fuzzy reasoning uses soft boundaries. Using a crisp set, the membership-
value of the objects is zero or one. A fuzzy set on the other hand uses a 
membership-value between zero and one [Zad65]. Figure 5.1 shows the 
differences of using hard and soft boundaries.  

 

Figure 5.1. An example of the crisp set VEHICLE, and the fuzzy set FAST. 
 

The crisp set vehicle allows the plane and the car as members, 
while the turtle and the rabbit are not members. The fuzzy set fast lets the 
plane be a member with value 1, the car with value 0.8, and the rabbit 
with 0.2.  

If we try to use the set fast as a crisp set, we probably would have 
got just the plane and car as members. With that data, the plane and car 
are equally “fast”, and the rabbit and turtle are equally “not fast”.  

FAST VEHICLE 



Situation Assessment in a Stochastic Environment using Bayesian Networks 

 26

Using the fuzzy set fast, we know that the plane is the fastest 
(membership-value 1), the car is not so fast, the rabbit is much slower 
than the car and the turtle is the slowest, having membership-value 0.  

5.2 Fuzzy Logic and Classification 
When trying to classify something, such as temperature, we 

usually want to grade the membership. Something can be very cold, quite 
hot etc. The difference between 19 and 21 degrees Celsius is not very big, 
but when using hard boundaries as in figure 5.1 (left), 19 degrees is cold 
and 21 degrees is hot. Trying to model a system using hard boundaries 
doesn’t work very well. Besides, it could get hard to control the system 
because real signals always contain some noise, which in this case could 
result in a false classification! 

Fuzzy boundaries (figure 5.1, right) is like using adjectives in 
spoken language. The classification can be more precisely described, and 
an element can be a member of several states at the same time. Then 19 
degrees could be classified as cold with membership-value 0.6 and hot 
with membership-value 0.4. The differences between 19 and 21 degrees 
are also no longer any problems using noisy signals, because of the small 
membership-value differences. 

 

Figure 5.2. Differences between hard and fuzzy boundaries when trying to 
classify something as cold or hot. 

 

Temperature 20°  C 20°  C 

Degree of Membership 

Cold Hot Cold Hot 

1 1
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The process of classifying a numerical value into a graded state 
membership is called fuzzyfication. This is the first and most important 
step when using fuzzy logic in a system. 

5.3 Fuzzy Inference 
When using fuzzy logic as inference engine, there are three steps 

throughout the process. 

 

• Fuzzyfication 

• Inference 

• Defuzzyfication 

 

A short example follows, explaining one way of using fuzzy 
inference. There are other ways of dealing with fuzzy inference, but the 
main idea is the same. The choice of inference is of no importance to this 
thesis, so they are not dealt with. 

As seen in figure 5.3, the kinematics and ID data is fuzzyfied from 
numbers to membership values. Then they are combined with the 
following inference rules: 

 

• IF aircraft is departing, OR ID is friend THEN behavior is 
friendly. 

• IF aircraft is approaching, AND ID is foe THEN behavior 
is hostile. 

 

The logic operator AND is represented with min(A,B), and OR is 
represented with max(A,B).  

Finally, the result is combined in the same diagram and a “mean” 
value is extracted from the graph (defuzzyfication). This is done by 
determining the peak or, in this case, the center of area.  

Take figure 5.3 as an example. Membership value of that the 
aircraft is departing is 0.2, and membership value of that ID is friend is 
0.3. The inference rule here is OR, which gives the combined membership 
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value of max (0.2, 0.3)  =  0.3. Then, the membership function of that 
behavior is friendly is cut at membership value 0.3. The same applies to 
the second rule, but instead using min (0.8, 0.7)  = 0.7. 

At the last step, the two truncated membership functions are put 
together, and the center of area is calculated. The total hostility value is 
the value on the x-value of the “mean”. 

 

Figure 5.3. An example of fuzzy inference. 

5.4 A Comparison Between Bayes and Fuzzy 
Fuzzy logic has a very good way of classifying numerical data 

into fuzzy sets of discrete variables, which is something Bayesian 
networks do not have. On the other hand, the inference in Bayesian 
networks is better and has the opportunity of using conditional 
independence from several sources without losing its ability of being 
viewable. 

IF aircraft is departing      OR ID is friend      THEN behavior is friendly 

IF aircraft is approaching  AND ID is foe     THEN behavior is hostile 

Hostility = X 

Kinematics = A ID = B 

Direction 

Direction 

Identity 

Identity 

Hostility 

Hostility 

Total 

Departing Friend Friendly 

Approaching Foe Hostile 
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Fuzzy inference has certain input and output, meaning that the 
propagation must go in one direction. The Bayesian network does not 
work that way. The connected nodes infer with each other in meaningful 
ways, where evidence can be inserted in every single node and update the 
belief for all the rest.  

The Bayesian inference is built on classical statistics, so there is 
no “magic boxes” or ad hoc solutions. Every node can also be properly 
examined at all times because of the no hidden-layer structure. 
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6 System Architecture 
 

This chapter describes a possible solution of the system 
architecture for the situation assessor, making the system as easy to 
understand and implement as possible. 

Furthermore, the architecture is designed based on a current 
situation assessor, implemented in a fighter aircraft with multiple sensor 
input. 

6.1 General 
A review of the view of situation awareness mentioned in section 

3.4 using the first and second situation awareness levels for the situation 
assessment system, give us a quite clear picture of the system. By using 
both fuzzy logic and Bayesian networks, a natural direction of information 
flow appears. As said earlier, Bayesian networks have the shortcoming of 
using hard boundaries between states, so if fuzzy logic is used to classify 
the incoming data and Bayesian networks for the inference process the 
best of two worlds are combined. In applications, the fuzzy-bayesian 
hybrid technique mentioned here has not to my knowledge yet been used. 

The system should contain an event detector to detect events in 
the environment, a manager for the situation refinement process and an 
interface to the environment and the user. In order to let each of these 
modules have access to the objects and situations assessed, the 
Blackboard Architecture is the chosen. 

6.2 Blackboard Architecture 
Blackboard architecture systems are a class of systems that can 

include most representational and reasoning systems. They are composed 
of three functional components: 

• Knowledge sources component 

• Blackboard component 

• Control information component 
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Figure 6.1. A model for a blackboard architecture system. 
 

The knowledge-source component is represents by sets of coded 
knowledge, in this case the Bayesian networks in the situation assessment 
manager. Each set is a specialist of solving a specific problem or subsets 
of problems. These specialists are called agents. 

The blackboard component is a globally accessible database, 
containing the current problem state and the data needed by the 
knowledge sources. The data needed in this case is object assessments 
from the surrounding environment and situation assessments from already 
assessed situations. 

The control information component monitors the changes of the 
blackboard and determines what the focus of attention should be in 
solving the problem. The event detector covers the area of monitoring the 
object assessments on the blackboard and tells the situation refinement 
manager what problems to solve [Kho97]. 

6.3 Agents 
Intelligent agents and multi-agent systems are one of the most 

important technologies in computer science today. An agent is (among 
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other definitions) defined as; an entity authorized to act on another’s 
behalf [Kho97]. 

The four ingredients Percept, Action, Goal and Environment of an 
agent are called PAGE, and is a standard description of an agent [Rus95], 
see table 6.1. 

 

Table 6.1. Examples of agent types and their PAGE descriptions. 
Agent type Percepts Actions Goals Environment 

Fruit Storage 
Control System 

Temperature, 
Humidity 

Control Fruit 
Weight and 

Fruit Disease 

Keep Fruit 
Fresh 

Storage 

Oil Dewaxing 
System 

Oil Type, Oil 
Inflow Rate, 

Tank Oil Level 

Adjust Oil 
Inflow Rate, 
Adjust Oil 

Outflow Rate 

High Quality  
Dewaxed 

Lubricant Oil 

Petroleum Plant 

Inventory 
Management 

System 

Sales Forecast, 
Existing Stock 

Stockpile, 
Liquidate, 
Replenish 

Minimize 
Storage Cost 

Inventory and 
Sales Databases, 

User 

 

Shortly, an agent is a self-contained problem solver with the 
following characteristics: 

 

• Autonomy: To operate without the direct control of other 
entities and control its own actions. 

• Social Ability: To interact with other agents, which is very 
important for a “team” of agents. 

• Reactivity: To perceive and react against their environment. 

• Pro-Activeness: To take the initiative to act without any 
outside stimulation. 

• Mobility: To be capable to transport itself across different 
systems to achieve its goals. 

• Learning and Adaptability: To improve the intelligence and 
abilities over time and by that solve the problem faster and 
better. 
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The agent may be described in different ways depending on the 
system application. However, the basics of the above characteristics are 
the same [Ngu97]. 
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7 Implementation 
 

This chapter covers the work made to implement a real-time, fully 
functional situation assessment system, in an environment simulating a 
fighter aircraft. 

7.1 General 
The model of the Situation Assessor was implemented with 

TACSI+, a data fusion simulator developed by SAAB AB. The code was 
written in C++ with Microsoft Visual Studio, and the Bayesian nets were 
created using HUGIN Lite with an additional C++ API. 

7.2 Requirements 
First, the system had to be able to work in real-time. Secondly, the 

architecture had to be modular and scalable. Finally, the system should 
make an efficient analysis of the environment and produce the correct 
situation assessment for the given assignment. 

The proposed assessment had to be somewhat robust, and not too 
sensitive to changes, but still able to make fast changes in its belief in 
certain strategic situations. 

7.3 The Architecture 
Trying to stay as close as possible to the Blackboard Architecture, 

a clear picture of the system immediately appears. Figure 7.1 explains the 
architecture for the whole situation assessment system, and the arrows 
symbolize the information flow between the different modules. An arrow 
beginning at the edge of the blackboard symbolizes that the module uses 
whatever information needed on the blackboard. 
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Figure 7.1. An overview of the system architecture for the Situation Assessor. 
Colored areas are part of the system, and white areas are created by or outside the 
system. 

 

Worth noticing is that the relations are not assigned to the objects. 
In line with Wittgenstein’s view of the world (see section 3.3.2), the 
relations are more a state between the objects, and therefore separated 
from them. 

The Objects on the blackboard represent object assessments 
coming from the level 1 data fusion process, taking place in TACSI+. The 
Relations are different types of situation assessments, such as “A is 
attacking B” or “C is following a commercial corridor”. Each of the 
relations created by the agent specialized in recognizing that type of 
relation. The agent creates a list of relations, each containing the 
information needed for the specific relation to make sense. 

The Database module is striped because of its obvious 
importance to the system. It contains any data needed to perform the 
assessments, for example, where commercial corridors are located, or 
what type of attack pattern that can be expected. Whether it is a part of the 
system or not, is not as important as the fact that the system can 
communicate with it. When using the system on multiple platforms, the 
best solution would be to share database, and by doing that maximize the 
amount of knowledge and experience. 

TACSI+  
/ 

Environment 

BLACKBOARD 
Blackboard 

Writer Object 1 Object 2 Object n 

Relation A Relation B Relation m 

Event Detector 

Blackboard &  
Agent Manager 

Agent A Agent B Agent m 

USER 
/ 

INTERFACE Database 



7. Implementation 

37  

Not mentioned earlier in the text is the Blackboard Writer, who’s 
only task is to keep track of the input, and update the object assessments 
on the blackboard. 

7.4 The Input 
The input to the system is fused kinematics and attributes from 

objects in the environment. The environment in this case is the 
surrounding airspace, covered by the different sensors in the fighter 
aircraft. The sensors are for example RADAR (RAdio Detection And 
Ranging), IRST (InfraRed Search and Track), FLIR (Forward Looking 
Infrared Receiver), IFF (Identification Friend or Foe) and RWR (Radar 
Warning Receiver).  

SAAB has developed a system simulating the sensor detections in 
a modeled range of time and space called TACSI. The Situation Assessor 
is connected to an extended system called TACSI+, which is a data fusion 
simulator.  

In TACSI the scenario is made, defining the type, id, flight plan 
and onboard sensors of each aircraft. From TACSI the aircrafts’ state are 
extracted, and put into the data fusion simulator TACSI+. TACSI+ uses 
the information from TACSI in order to make a high fidelity DF1 for the 
own aircraft using the onboard sensors. This approach makes the 
information realistic, not knowing anything else than what the sensors can 
measure and data fusion level one algorithms can estimate. 

 

7.4.1 TACSI+ 
TACSI has been equipped with the accessories necessary to make 

level one data fusion, and is called TACSI+. The system fuses the 
detected data of the objects’ position, kinematics, class and ID. The result 
of the fusion is a full object assessment for each object.  

7.4.2 Object Assessments 
After being processed in TACSI+, the data for one time period is 

sent to the system, and put on the blackboard by the Blackboard Writer. 
The classical problems with data association and tracking, are dealt with 
in TACSI+, and do not concern the Situation Assessor.  
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The object assessments on the blackboard contain both kinematics 
and other fused data from the level 1 data fusion. Figure 7.2 gives a 
representative picture of what the actual object could look like. The 
covariance matrix for the fused kinematics is represented by a box due to 
lack of space. 

Figure 7.2. An example of an object assessment placed on the blackboard. The 
numbers after an attribute stands for the graded membership value discussed in 
section 5.1 and 5.2. The abbreviations of different CLASS mean; Fighter, Bomber, 
Transport, AWAC and Civil. 

7.4.3 Ontology 
When classifying objects it is important to have the right ontology 

– “the structure of reality”. Without the ontology it would be impossible 
to design a system that makes sense! The ontology that is essential for an 
application does not necessarily have to be complete in every sense. Take 
for example an aircraft; if it is classified as friend, this system does not 
need to know of what type it is. On the other hand, if it is classified as foe, 
it is crucial to know its class (A foe fighter is much more dangerous for 
friend fighters than a military transport!). 

The object ontology used in this system is displayed in figure 7.3. 
Note the difference between all possible object assessments and the 
possible end-states in figure 7.3. Not all possible classification options are 
displayed, but that is not necessary for the semantics. An aircraft that is 
classified neutral with high possibility is not automatically a civil aircraft. 
Over time, the belief of ID could change into foe – and then there must be 
some classification of the type of the aircraft. 

The object ontology described in figure 7.3 is enough for this 
system, and does not need to be expanded.  

OBJECT 

NAME 
TRACK 

ID 
CLASS 

POSITION 
SPEED 

OBJECT 1 
1

Friend: 0.05 Neutral: 0.10 Foe: 0.85 
F:0.78 B:0.07 T:0.04 A:0.03 C:0.08 

x:2552  y:6452  z:3412 
vx:22  vy:143  vz:-20 

ATTRIBUTE

KINEMATICS 

COVARIANCE MATRIX 
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Figure 7.3. A picture of the object ontology in this environment. 
 

There is also a need of ontology for relations, i.e. the outcome of 
the Situation Assessor. The process of identifying relevant relations is not 
as easy as one could imagine! It gets even harder when trying to quantify 
them in simple IF-THEN rules. Other “relevant” relations turn out to be 
totally independent to the situation.  

The relations implemented in the situation assessor are: 

• Pair. Two or more dynamic objects in formation, e.g. pair of 
planes. 

• Along. One dynamic object flying along a static object. A 
transport flying along a boundary for example. 

• Attacking. One dynamic object attacking a dynamic or (non-
virtual) static object. A fighter attacking another fighter or a 
bomber attacking a place for example. 

7.5 The Event detector 
To reduce the workload of the Situation Assessor, an event 

detector is attached as a pre-processor of the data input to the system.  

The main task of the module is to compare an objects current data 
to a stored vector of the previous one. If something significant has 
happened, the event detector stores the new vector and tells the 

 

Object

Static Dynamic 

Air Lane 

Boundary 

Place 

Friend Neutral Foe 

Fighter 

Bomber 

Transport 

AWAC 
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Blackboard & Event Manager to investigate what has happened. 
Otherwise, nothing is stored and nothing needs to be investigated. 

7.5.1 What is an Event? 
In order to detect an event, we have to define what an event is. To 

numerically detect an event is not obvious. If an object changes its course, 
class or identity attributes, an event has clearly occurred. Changes in 
position are for most flying objects crucial for staying maneuverable (and 
flying), and cannot be addressed as an event. 

 The nature of the attribute data input is fuzzyfied, and is 
represented with graded membership values (See section 5.2). The easiest 
way of reasoning if an event has occurred within the attributes is to see if 
the data have changed with statistical significance with some confidence. 

The kinematics has a covariance matrix associated with it, so the 
same statistical approach as in the attribute case is also made here.  

The monitored events are changes in speed, bearing, id and class 
information for every object on the blackboard. All statistical distributions 
are assumed normal (Gaussian), and the hypothesis tests are made within 
a 95% confidence interval.  

7.6 The Blackboard & Agent Manager 
The Blackboard & Agent Manager is the coordinator for the 

knowledge part of the system. It keeps tracks of the agents in use, knows 
what the specialty of each agent is, and what kind of event(s) that could 
interest them. 

When an event is detected, the manager addresses the right agent, 
tells the agent for which object(s) the event has happened, and makes sure 
that the agent has all the information needed on the Blackboard. If there is 
need for information stored in the database, the manager collects the 
information, so that the agent can access it when required. 

7.6.1 Database 
The database could contain anything from commercial corridors 

for civil aircraft to military tactics and doctrines. All that could be used to 
make more appropriate situation assessments! It could also be used to 
store information about situations that could be used to improve the 
agents. 
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7.7 Agents 
The agents contain two parts. The first part collects the data 

needed, and fuzzyfies the kinematics from the object(s) specified by the 
manager. The fuzzyfication process is very dependent on the agent that 
uses the data, and must be developed together with the Bayesian net. The 
expression “close” clearly differs when trying to detect a pair of planes 
compared with a hostile behavior (See Figure 7.4.).  

 

Figure 7.4. Membership function Close for the Pair and Attacking agent. 
Depending on area of interest, the same expression can have totally different 
numeric meanings. 

 

In order to deal with uncertainties in input data to the 
fuzzyfication process, I decided to use the following approach. The 
stochastic variables are assumed Gaussian. 

First, the stochastic variable N(x, σ) is approximated with a 
triangle (See figure 7.5), placing the lower left and right corner in (x, y) = 
(x - 2σ, 0) and (x, y) = (x + 2σ, 0) respectively. The top center corner is 
placed in (x, y) = (x, 1/(2σ)), making the triangle normalized so that 
equation 7.1 is true, making the triangle shaped distribution work like any 
other statistical distributions would. 

 

∫
∞

∞−

= 1)( dxxf   Where f(x) is the triangle.             Eq. 7.1 
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Figure 7.5. The approximation of the Gaussian distribution N(0, 1), into a 
triangular distribution, covering a 95% confidence interval for the Gaussian 
distribution. 
 

When fuzzyfying the data using the Gaussian approximation 
described above, the process is a bit different than dealing with clear 
numbers described in chapter 5. The following solution was made. 

 

For every fuzzy membership function Z1(x) ... Zn(x) in the 
normalized distribution  f(x) ‘s domain, the membership value Ma for f(x) 
in Za is 

 

∫
∞

∞−

= dxxZxfM aa )()(  Eq. 7.2 

 

which is the normalized membership value so that the sum over all 
membership values equals to one. 
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The following figure, Figure 7.6, shows a domain with a 
stochastic variable x ∈  N(1.5, 0.5), and two fuzzy membership functions 
Z1 and Z2. 

 

 

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 
0 

0.5 

1 

1.5 

Figure 7.6. Fuzzyfication of the stochastic variable x. The membership values are 
approximately M1 = 0.826 and M2 = 0.174. Note that the membership values 
would have been M1 = 0.833 and M2 = 0.167 if x was treated as a fix variable. 
Though the difference is quite small, the membership values smoothes out with 
increasing uncertainty. 

 

When all data is collected and fuzzyfied it is sent to the second 
part, the Bayesian networks. To make the process as fast and easy to 
compute as possible, the networks are templated in order to be used by 
other objects without creating any new. This reduces the complexity and 
computational cost of the system a lot. It also prevents propagation of 
possible dependencies of the measurements. 

This means that the agent cannot draw any conclusions about the 
history of an object. The net just calculates a current situation assessment 

Z1 Z2 
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for the specified event and is not concerned with the object(s) involved. 
The robustness and history is calculated and used in the specific relation 
on the Blackboard. 

7.7.1 Relations 
When a relation Ri is detected with the possibility P(Ri) over a 

certain threshold r0, it is written on the Blackboard, connecting the 
object(s) to the specific relation with the possibility estimated. If the 
relation already exists, the estimate is written without any need to exceed 
the threshold. The estimates are kept over a certain history of time to be 
used in a fading memory- or a sliding window- function. This gives 
robustness to the total belief P(R) of a certain relation. 

By varying the size of the memory functions, the relations can be 
made more robust or more sensitive depending on the nature of the 
relation. It is of course more important to actually detect a threatening 
situation than to detect it later, with higher confidence. 

When the total belief P(R) of a relation rises above the active 
threshold ra, the relation is said to be active. This means that the total 
belief is so high that a relation can be established with certainty. There is 
also a threshold for deleting relations, rd. When the total belief diminishes 
under this threshold the relation is deleted from the blackboard, and must 
be created again from the beginning.  
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Figure 7.3. A scheme for robust handling of relations, compensating for the 
template approach in the agents. 

7.8 Functionality & Drawbacks 
The computation time is efficiently held low with the use of the 

event detector (See section 7.5), minimizing the tests made.  

The use of template agents also lowers the computational cost, but 
even more the use of memory. A more correct solution is to create a 
Bayesian net for each relation and (pair of) object(s) (and database 
objects) possibly used in a relation. The complexity would grow with 
approximately RO2, where R is the number of relations (agents) in use and 
O is the total numbers of objects. Still, if used, there could be a 
dependency problem with the propagated measurements.  

If an input node has a slight belief overweight in one of the states, 
a feedback net would let that belief grow every time propagated. Even if 
no more measurements has been made, the feedback node would have the 
wrong belief due to the inaccurate growth. 

The overall architecture is very flexible and scalable, allowing the 
user to add new agents to the system without changing the previous 
functionality. The user can simply chose which agents to load, and by that 
controlling the situations assessed. Because all results are presented on the 

P(Ri) > r0 or R exists 

Write on Blackboard 

P(R) > ra P(R) < rd 

Prune relation R Make relation R active 
Present to the user 

Passive 
relation 
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global Blackboard, agents can use results from each other, or demand 
other agents to work for them in order to get the data needed.  

Finally, the agents are possibly not active enough to be addressed 
as real agents. They lack automated ability to learn, and does not take any 
own initiative to achieve their goal.  
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8 Simulations 
 

This chapter describes the simulation done with the situation 
assessor. It is explained what kind of simulation is made, what type of 
information is needed in the simulated scenario and what agents that are 
active during the simulation process. 

8.1 General 
The first thing worth mentioning is that only one simulation was 

made. Because of the situation assessor being an expert system, there is no 
need to tune or try it on several scenarios. The only outcome is “expected” 
or “not expected”. However, the scenario does not cover every possible 
situation. In order to evaluate the reality of system, a large number of 
different scenarios have to be evaluated. 

In order to make a simulation with the situation assessor there is 
need for flight data. This is done using the Saab TACSI as an 
environmental model for multiple fighter aircrafts.  

The situation assessor is run as an off-line process, using data 
produced by TACSI+. Specifically the situation assessor needs tracks with 
type and id estimates. 

8.2 The Scenario 
The scenario is 100 seconds long and includes 5 fighter aircraft 

and one air transport (See Figure 8.1.). The bottom aircraft (AC1) is the 
own ship, and all data is based on that ship’s sensor data. To the right is a 
commercial corridor, or air lane, which the air transport (AC6) is flying 
along. Aircraft 2 and 3 start in a pair, but split up at t = 50 seconds. 
Aircraft 4 and 5 are separated from the start, but join in a pair at t = 40 
seconds. They split up again at t = 60 seconds, when AC4 is climbing and 
AC5 is diving (Not visible in Figure8.1). 

The id for AC1 is friend, AC2-AC5 foe and AC6 neutral. AC1 is 
a JAS39 Gripen, AC2 to 5 are fighters and AC6 is a transport. 
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Figure 8.1. The scenario described above. The triangles represent finishing points 
for the aircraft trajectories. The vertical gray line on the right represents a 
commercial corridor. 

 

All aircraft operate at 6000 meters height above sea level, except 
for AC4 and AC5 after their split. AC4 and AC5 finish at 7000 and 5000 
meters respectively.  

8.3 Active Agents 
Three agents were active during the scenario. These are the agents 

described in section 7.4 – pair, along and attacking. 

The semantic rules of the pair agent (See Figure 8.2.) are: 

• If two aircraft have the same bearing, elevation 
and speed, then they have the same kinematics. 

• If two aircraft have the same kinematics, the 
same identity, the same class, and are at a 
short distance from each other, then they form a 
pair. 
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Figure 8.2. The pair agent’s Bayesian network. 
 

The along agent (See Figure 8.3.) is similar to the pair agent. The 
semantic rules are: 

• If an aircraft has the same bearing as an air 
lane, and if it is close to the air lane, then 
the aircraft is flying along the air lane.  

 
This rule is expanded to incorporate the use of the aircraft class in 

the rule.  

• If an aircraft is civil there is a higher 
possibility that the aircraft is flying along 
the air lane. 
 

Figure 8.3. The along agent’s Bayesian network. 
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The attacking agent, (See Figure 8.4.), which, according to 
section 8.4, does not fully cover the true model of the situation. The 
semantic rules implemented are: 

• If an aircraft has high speed, has a close 
distance to another aircraft and has a bearing 
towards it, then the aircraft is trying to close 
in on the other. 

• If an aircraft is closing in on another, and has 
a different id and is a fighter aircraft, then 
the aircraft is attacking the other. 
 

 

Figure 8.4. The attacking agent’s Bayesian network. 
 

These are the agents used in the simulations. The conditional 
probability tables are left out because of their rudimentary knowledge 
base. (The reader can quite easily come up with an idea how they would 
look like.)  

8.4 Outcome 
The outcome from the scenario was “expected”, being one of the 

two possible outcomes from an expert system.  

The pair agent detected a pair between AC2 and AC3 after 10 
seconds, which lasted until t = 55 seconds. The agent also detected the 
pair between AC4 and AC5 between 45 < t < 68 seconds. The delays in 
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detected relations compared to the “real” relations are all depending on 
the size of the memory function described in section 7.7, except for the 10 
seconds delay in creating the pair relation between AC2 and AC3. That is 
because it takes a while for the sensors to detect, and form a track for the 
aircraft. 

The along agent quickly found the relationship between AC6 and 
the air lane. The air lane is a virtual object, and was inserted in a database 
before the simulation. The relation was active from 10 seconds until end 
of the simulation. The memory function was quite large, ensuring that an 
aircraft for short moments can diverge from its lane and return without 
pruning the relation.  

The attacking agent did only find one active relation. That was 
between AC2 (foe) and AC6 (neutral) towards the end of the simulation. 
From an objective view there would be more likely for AC4 (foe) to form 
an active attacking relation to AC1 (friend). The aircraft is closing, 
gaining energy (climbing), and is a foe. Clearly, the situation is not 
correctly modeled. The above-mentioned factors should have been used as 
a rule base instead of the current one. This proves the difficulty in 
quantifying high-order relations as a dependency on several more 
measurable situations. 
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9 Conclusions 
 

This chapter reviews the earlier chapters and presents conclusions 
regarding the previously presented techniques and architectures in a 
situation assessment system. 

9.1 General Conclusions 
The hardest problem to overcome in order to make a good 

situation assessment system is without doubt the process to identify what a 
situation depends on. There are always techniques that can do a specified 
task with measurable data. The big question is if the task is the right one 
to do, or if there is need for several other tasks or identified situations in 
order to make a complete and meaningful assessment for that situation. 

One other problem is the use of the situation detected. In a 
manned aircraft you have to ask if the pilot really want to know about the 
situation? Or does knowledge of the situation increase the pilot’s mental 
workload?  

9.2 Specific Conclusions 

9.2.1 Conclusions Concerning Techniques 
Using a discrete Bayesian network as inference engine is very 

powerful, quite easy to implement and enter with the correct information. 
The fuzzyfication of stochastic data into semantics is an easy and very 
appealing way of dealing with uncertainties, although that makes yet 
another tuning detail in the overall system. 

This proposed fuzzy-bayesian hybrid technique is an extremely 
powerful combination using the strongest qualities from each technique. 

9.2.2 Conclusions Concerning Architecture 
The proposed multi-agent blackboard architecture for the situation 

assessor is scalable and easy to deal with. The agents can work in parallel 
or in sequence, trigger on events, time scopes or be triggered by other 
agents. If the agent architecture is thoroughly thought through, it can be 
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reused for every new agent implementation. Only the trigger conditions 
and the goal (knowledge) differ between the agents. 

For data fusion, where there is a clear level for input (DF1, object 
refinement) and output (DF4, process refinement), the system would 
function without a single agent for situation or threat assessment. It would 
be a perfect test bed for developing different situation or threat assessment 
algorithms – not depending on the techniques used inside the agents. 

9.2.3 Conclusions Concerning the Implemented System 
The system implemented is fast (real time, using a 1 Hz sample 

interval) and accurate. As being an expert system it does what it is 
modeled to do, in the test scenario anyway. The disadvantage of the 
current system is that it cannot learn from experience – and is therefore 
solely dependant on the information from the designing expert. 

With the right experts and the right agents, the techniques and 
architecture described in this thesis could make a quite good situation 
assessment system.  

Reviewing the purpose of this master thesis from section 1.2, all 
goals are fulfilled. The thesis also suggests a path to use in future research 
in the area of data fusion, and a possible solution for a complete data 
fusion system (See chapter 10). 
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10 Future Work 
 

This chapter describes the future work with the situation assessor 
and a test bed for a complete data fusion system. The situation assessment 
system described in this master thesis is by no mean mature enough to be 
used in a real world application. The ideas can be used in future research 
for such a system with the following recommendations of areas in the 
upcoming work. 

10.1 General 
• To ensure a good basis for future research, the architecture should 

be implemented in sophisticated simulator. 

• Since situation assessment not only uses object assessments, but 
also threat assessments, it might be easier to start with identifying 
threat assessments, which leads to what kind of situations are 
needed to detect in order to make a correct threat assessment. The 
threat assessments could then be used in other situation 
assessments.  

10.2 A Situation Assessment System 
• Identify the situations desired to detect, and break them up into 

measurable entities. Make sure that the model of the situation is 
correct enough in its environment that every possibility is 
covered. The next step is to ensure that there is a complete base 
for making every situation assessment needed. This work is very 
hard and time consuming, and is never finished. A way of 
handling this is to make a model when a situation appears or when 
a situation gets important. 

• Evaluate different methods used for situation assessment. For 
example Case Based Reasoning, neural nets and gambling theory. 

• Assessing a situation does not only depend on the current 
situation. Another approach is to make an event detection system, 
identifying important events when they happen. These events can 
be much more easier for a system to detect and a pilot to 
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understand than a more vague situation. For example, gaining 
energy with a fighter aircraft is a classic tactical maneuver before 
an attack. It does not always lead to an attack, but could be crucial 
for a pilot to know.  

• The ability to learn should be implemented in the existing system, 
and the experts that designed the system should monitor and tune 
its knowledge so the system works as planned. 

10.3 The Complete System 
• Making a complete data fusion system takes time. Not only 

because of the enormous area, but also because research not yet 
has made any deeper progress in the higher fusion levels. As 
mentioned before, the most important thing to do is to make a 
good test bed for a complete system. With that asset the 
algorithms and research gets much easier. Using a multi agent 
system, agents can easily be replaced or added. 

 

Figure 10.1. A proposed architecture for a complete data fusion system. 
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