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Abstract—This paper presents a scenario-based approach to
deal with uncertainties in situation assessment problems. Scenario
representation is based on causal models, whereas scenario
generation involves the estimation of the states of model variables,
done by means of observations and inferences of hidden states
by using domain knowledge. Moreover, scenario management
is addressed by means of a probabilistic framework involving
Bayesian and credal networks, which allows the evaluation and
ranking of scenarios according to likelihood, used to prioritize
information to be presented to decision makers. The presented
scenario approach also supports the adaptation of the reasoning
models on the fly, as scenarios are generated and relevant
information changes or becomes available.
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I. INTRODUCTION

When making decisions in complex contemporary ap-
plications, e.g. intelligence operations and large-scale crisis
management, decision makers often need to construct and
manage multiple hypotheses regarding the situation descrip-
tion in order to deal with uncertainties. Hypotheses about a
situation’s description are commonly referred to as scenarios.
A scenario can be defined as a projected or imagined sequence
of events describing what could possibly happen (or have
happened). Scenarios can be used to deal with uncertainty
by allowing the exploration of diverse descriptions of a given
situation (and its possible developments) that are compatible
with known information at any given time. Scenarios can thus
offer multiple states of situation awareness and help overcome
cognitive biases, and as such should ideally explore the whole
set of plausible and relevant states of the world. Owing to
human cognitive limitations, however, keeping track of all
relevant information can become a challenge, even when only
a few scenarios are considered.

The need to consider scenarios in situation (and threat)
assessment in general has been addressed. In [12], a human-
centered framework for situation assessment is presented
which addresses, amongst other aspects, the consideration of
various plausible futures in situation assessment and decision
making. The framework focuses on the information require-
ments of decision makers, which include an overview of the
current and past situation as well as an estimation of various
plausible future situations. The authors emphasize the need
for automated processes that produce a comprehensive and

ranked list of plausible futures, which should be contrasted
based on their impact and likelihood to occur. A general threat
assessment framework is presented in [13], which aims to
extend the awareness on the current situation by estimating
plausible futures. Current situation and plausible futures are
represented based on an application-specific ontology mod-
eling objects and relationships between objects and between
activities that can occur for each object. A score for each
object of interest is defined, indicating the plausibility that
a future activity will occur on that object. An example of
the framework in computer security is presented, where the
ontology is a security-based representation of a computer
network and activities are possible attacks targeting objects
in the network.

Scenario-based methods have been also proposed which
address the generation and management of scenarios. In [21],
a prototype of a tool for the generation and management
of hypotheses for situation analysis is presented, based on
concepts from multiple hypothesis tracking. In this approach,
hypothesis representation is based on a proposed situation
modeling graphical language, which allows an analyst to
express the uncertainties involved in the problem by generating
multiple situation hypotheses. Moreover, a hypothesis tree
representation is used to visualize the process of generating
and managing the full set of hypothesis. The approach and
computer tool presented in [11], on the other hand, focus on
a qualitative analysis to support the generation and evaluation
of hypotheses in applications such as threat assessment and
forensic analysis. The approach is based on two established an-
alytical methods, namely Morphological Analysis and Analysis
of Competing Hypotheses, and accounts for available evidence
by matching it against the elements of the hypotheses (rather
than the full hypotheses). In [3], a decision support system
for applications such as large-scale emergency management is
presented, which deals with uncertainties in decision making
by means of a scenario framework. The approach combines a
scenario representation based on causal maps with a distributed
reasoning framework for scenario generation. Moreover, Multi-
Criteria Decision Analysis techniques are used for the eval-
uation of decision alternatives against a number of goals
and given a number of possible future developments. The
likelihood assessment of threat scenarios for terrorist attacks,
e.g. improvised explosive device attacks, is addressed in [22]
by using Bayesian networks [17]. Scenarios elements include
who, what, where, when, why and how, whereas a general
threat model is developed in the form of a Bayesian network,



whose nodes represent social and technical factors associated
with diverse types of attacks. The model computes relative risk
across scenarios based on currently available information and
predicts scenario occurrences.

In this paper, a scenario-based approach is proposed to sup-
port decision makers in exploring scenarios in situation assess-
ment, which addresses some of the shortcomings of the above
methods. The approach, which is based on standard reasoning
and information fusion methods, addresses the representation,
generation and management of scenarios, with the ultimate
goal to provide decision makers with relevant information for
planning and decision making. The representation of scenarios
is based on causal models [18], representing the inherent
cause-effect dependencies between the phenomena that are
being reasoned about. The generation of scenarios involves
the estimation of discrete states for the variables in the causal
model (referred to as scenario variables), where these states
represent the phenomena of interest. In this process, scoping
of states is key, which consists in defining the range of states
assumed by each of the scenario variables. The combination
of states for all relevant variables constitutes the scenarios.
Typically, the estimation involves information that is relevant
for decision making but cannot be directly observed (i.e.,
hidden states). As such, the hidden states must be inferred
from observations of some relevant states and generic domain
knowledge, used to map the observations to estimates about
the hidden states.

The evaluation and management of scenarios can be
achieved by specifying probabilistic models capturing the
causal dependencies in the causal model. An efficient repre-
sentation of probabilistic models are Bayesian networks, which
provide a convenient and natural representation of causal-
effect relations. Bayesian networks support efficient algorithms
to perform predictive and diagnostic inference based on the
rigorous theory of probability. However, Bayesian networks
require the quantification of the uncertainties in the cause-
effect relations through the specification of sharp numerical
values. Usually, human experts are not proficient in translating
their domain knowledge into numerical probabilities, therefore
knowledge about the model parameters is often conflicting
with other experts, incomplete or completely missing. In order
to handle parameter specification, credal networks [5] are used.
Based on the theory of convex sets, these networks allow an
expert to specify the parameters through probability intervals
[6]. A set of probability intervals specified for a scenario
variable corresponds to a set of probability measures, which is
a convex set. Based on the strong extension of credal networks
[5], a credal network can be transformed into a Bayesian
network, where the extreme points of the convex set can
be represented through auxiliary variables. With the help of
such a Bayesian network, a posterior probability interval can
be computed that represents the range of likelihoods for a
single scenario. Based on such computed intervals for a set
of scenarios, a score-based ranking scheme can be applied to
provide a total ordering on the scenarios.

In order to exemplify the main concepts of the scenario ap-
proach throughout the paper, an Intel-driven running example
is introduced. The example regards a smugglers’ operation that
will take place in the near future, and for which intelligence
information has become available. The situation is depicted

in Figure 1. It is known with certainty that smugglers will
travel with a small boat loaded with contraband from a known
origin to one of three possible destinations (islands X, Y or
Z in Figure 1). It has been observed that extra fuel was also
loaded but the amount is not precisely known. The goal of the
patrol ships is to intercept the smugglers before they reach their
destination. Therefore, the Intel analysts must reason about
possible intercept areas in the sea where patrol ships can be
sent. Background information used in the reasoning includes
the knowledge that smugglers usually travel in a straight line
(shown by the dashed read lines in Figure 1), except if they
(i) have to deviate from bad weather en route, or (ii) need to
reach a large refuel ship (represented by the circled numbers
in Figure 1) off route, in case they do not have enough fuel
to reach their destination. The locations of refuel ships are
assumed to be public information and constant for the duration
of the smugglers’ travel, whereas the location of patrol ships is
known to the analysts. Two distinct phases will be addressed,
namely, a first phase before the smugglers depart as well as a
second phase after departure, when the smuggling operation is
ongoing. In both phases, the Intel analysts must reason about
possible intercept areas but in the second phase, there is the
possibility to directly observe smugglers’ actions and other
phenomena that are relevant for the estimation of the intercept
areas.

Figure 1. The smugglers’ running example.

This paper is organized as follows. Section II discusses
scenario representation based on causal models and the scoping
of states for scenario generation. In section III, Bayesian and
credal networks are discussed regarding the management of
scenarios. Finally, section IV concludes the paper and points
to future research.

II. SCENARIO REPRESENTATION AND GENERATION

In this section, the representation of scenarios based on
causal models is discussed, as well as the process of estimat-
ing the states of scenario variables, referred to as scenario
generation. In this process, scoping of states is key, which
consists in defining the range of states assumed by each of the
scenario variables.

A. Causal models

For the required estimations in the targeted domains, hid-
den states are typically inferred based on observations of some
relevant states and generic domain knowledge in the form of
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Figure 2. Causal graph representing the causal relations in the running
example before (a) and after (b) the smugglers’ departure.

models capturing the relations between the different observed
and hidden phenomena. Moreover, hidden and observable
phenomena of interest are often outcomes of causal processes.
Therefore, the representation of scenarios is based on causal
models, representing the inherent cause-effect dependencies
between the phenomena that are being reasoned about, made
explicit through the use of causal graphs. This representation
also offers a natural representation for scenarios, as these
typically include an account of the causal flow of events that
are relevant in a given situation.

Figure 2 shows causal graphs describing the causal rela-
tions in the first (a) and in the second (b) phase of the running
example. The semantics of the scenario variables are explained
in Table I. The graphs represent causal relations between the
variables whose states are of primary interest for planning /
decision making, i.e. InterceptArea (I), and variables whose
states can be observed by some means, e.g. Weather (W ) or
RefuelingReport (R). The first phase involves only predic-
tive reasoning whereas the second phase involves diagnostic
reasoning as well. The variables LocationRefuel (LR) and
LocationPatrol (LP ), which in the example are assumed to
be constant, are represented in the causal graphs by means
of dashed lines. This makes their causal relations with the
other scenario variables explicit, however, these variables will
not be explicitly taken into account in scenario generation and
management.

Table I. OVERVIEW OF SCENARIO VARIABLES FROM THE CAUSAL

GRAPHS IN FIGURE 2, AS WELL AS THEIR SEMANTICS.

Variable Semantics

AmountFuel (F ) The initial amount of fuel in the smugglers’ boat
to be used to travel from origin to destination.

Destination (D) Destination to which the smugglers travel.
LocationRefuel (LR) Locations of stationary refuel ships in the con-

cerned area of the sea.
Weather (W ) Weather conditions (for the concerned area and

time) relevant for the smugglers’ traveling.
RefuelingAction (A) Occurrence (or not) of a refueling action by the

smugglers, as well as its position.
LocationPatrol (LP ) Locations of available patrol ships in the con-

cerned area of the sea.
InterceptArea (I) Area where the patrol ships can intercept the

smugglers’ boat.
RefuelingReport (R) Occurrence (or not) of a report, made by refueling

ship at location R1 , on the refueling action by a
boat matching the smugglers’ boat description.

B. Scoping of states

Generating scenarios in the present approach means that
discrete states are estimated for each variable in the causal
graph, and the combination of estimated states for all variables
constitutes the set of scenarios. In this case, one scenario is
a unique combination of the discrete states of all variables
− corresponding to a unique version of the story and with no
uncertainty per se − whereas the full set of scenarios expresses
all the uncertainties involved in the estimation problem. Typi-
cally, the range or scope of states for scenario variables is not
determined a priori but as the inference processes take place,
and the states of (hidden) variables are estimated based on
observations and the states of related variables.

For observable variables, the scoping of states depends
on the degree of certainty of the observations. In case these
are uncertain, a variable may be assigned multiple states, the
range of which is determined in a way that is compatible with
the observations. In the first phase of the running example,
FuelAmount is observed but as the exact value is not known,
this uncertainty is represented by means of a few possible
values, e.g. Small (200−300 litres), Medium (300−400 litres)
and Large (>400 litres). For Destination, on the other hand,
either one of three values, X, Y or Z, is possible. In either case,
the scoping of states is achieved by restricting the space of
possible values for the variable (which is in principle infinite)
to a set of values that is relevant to the problem at hand.

Scoping of states for hidden variables requires knowledge
of the processes in the domain and their inter-dependencies.
Each process can be viewed as a function representing a causal
relation, thus mapping variables’ input states (causes) to other
variables’ output states (effects). For hidden variables, the
definition of the range of states is based on the output of the
local reasoning functions (or more precisely, of models that
approximate such functions), which restrict the space of state
possibilities for the variables. Note that these models can be
very diverse, e.g. computational or mental, deterministic or
probabilistic, as well as combinations of processing methods.

Referring to Figure 2a, the states of RefuelingAction
can be estimated based on the states of both, Destination
and FuelAmount, for which nine state combinations exist.
Each of these combinations corresponds to a partial scenario,
i.e. a given version of the situation so far (see initial partial
scenarios Sij in Table II). The estimation is done by using a
predictive model that takes as input the values in the initial
partial scenarios (as assumptions), but also takes into account
information on the locations of refuel ships (LocationRefuel)
as well as knowledge on the mechanisms of fuel usage in the
smugglers’ boat. As such knowledge is typically imperfect, the
prediction is based on uncertainties, which is represented with
the help of multiple values for RefuelingAction for some,
but not all, initial partial scenarios.

As an example, initial partial scenario S11 in Table II
involves the assumptions that the smugglers will travel to the
closest destination (X) with a small amount of fuel. In this
borderline case, it is inferred that the smugglers may or may
not need to refuel, and in case they need, they will do it at
position 1 (see Figure 1). Therefore, scenario S11 splits into
two new partial scenarios, S111 and S112, which each is a
different version of the story. Some scenarios, however, do not



Table II. INITIAL PARTIAL SCENARIOS Sij (BASED ON ASSESSMENTS OF Destination AND FuelAmount) AND NEW PARTIAL SCENARIOS Sijk

(GENERATED WITH THE ADDITIONAL ASSESSMENT OF RefuelingAction). IN THE NOTATION FOR SCENARIOS, INDEXES i, j AND k REFER TO THE STATES

OF FuelAmount, Destination AND RefuelingAction, RESPECTIVELY.

FuelAmount Destination Initial partial scenario RefuelingAction New partial scenario

Small X S11

No S111

Yes at 1 S112

Small Y S12 Yes at 1 S121

Small Z S13 Yes at 1 S131

Medium X S21 No S211

Medium Y S22

Yes at 1 S221

Yes at 2 S222

Medium Z S23

No S231

Yes at 1 S232

Yes at 2 S233

Large X S31 No S311

Large Y S32

No S321

Yes at 1 S322

Yes at 2 S323

Yes at 3 S324

Large Z S33 No S331

split but simply continue. For instance, scenario S21 involves
the assumptions that the smugglers will travel to the closest
destination with a medium amount of fuel. In this case, in
spite of uncertainties regarding fuel usage mechanisms, the
assumed amount of fuel is large enough to reach the assumed
destination. Therefore, it is inferred in this scenario that the
smugglers will not need to refuel, and scenario S21 simply
continues as scenario S211.

The scoping of states for RefuelingAction results in
four states, namely No, Yes at 1, Yes at 2 and Yes at
3. Moreover, this variable estimation results in a general
increase in uncertainty, reflected in the increased number of
scenarios (from nine to 16). Note however that − as not all
four states of RefuelingAction are compatible with each
of the nine initial partial scenarios − the resulting number
of relevant scenarios is smaller than 36. This incompatibility
of state combinations can thus reduce the number of relevant
scenarios significantly. Furthermore, the scoping of states for
RefuelingAction means that refueling ships at positions 4, 5
and 6 in Figure 1 are not considered relevant for the problem.
As for observable variables, scoping is achieved by restricting
the space of possible values to a set that is relevant to the
problem at hand. Note that, in case destination W in Figure 1
would appear as a possible smugglers’ destination during the
reasoning about scenarios, the refueling ship at position 4
would also become relevant, adding the state Yes at 4 to the
set of states for RefuelingAction.

The scoping of sates for InterceptArea proceeds in the
same way, so the states for Weather need to be assessed. In
the example, two possible distinct estimates are available for
the weather forecast which are both taken into account, namely
bad in a confined area and good elsewhere (see Figure 1), and
good everywhere. As each of the 16 new partial scenarios in
Table II is compatible with both weather conditions, 32 partial
scenarios ensue that can be used to estimate InterceptArea.
As before, the estimation is done by using a predictive model
that takes as input the values in the partial scenarios, but
also takes into account information on locations of patrol
ships (LocationPatrol) and usual patterns of smugglers’

traveling. Such models are typically non-deterministic so,
as before, some scenarios split into more scenarios whereas
other scenarios just continue. In the example, a final set of
50 (complete) scenarios is produced with the estimation of
InterceptArea for all 32 partial scenarios. The scope of
states for this variable includes 17 possible states (depicted
in Figure 3), which correspond to possible intercept areas in
the region of interest.

Figure 3. Scope of states for the variable InterceptArea, obtained from
predictive inference.

The scenario generation process described above can be
visualized by means of a scenario tree, which is shown in
Figure 4. Initially, the scenario tree is represented by a single
root node. As state estimations take place, the tree is built
by adding a level for each variable in the causal graph.
The number of branches at each level reflects the number
of possible states that are estimated for the corresponding
variable. Each complete branch of the tree − from the root
to the leaf node − corresponds to a single scenario and tells
a different (i.e. unique) story regarding how the smugglers’
operation may take place in the near future. In other words,
these are predictive scenarios regarding a situation that has
not yet happened. The total number of generated scenarios is
considerably large, even in this simple example. Note however
that there are 50 scenarios but only 17 different states of



primary interest for planning and decision making (i.e., the
states of InterceptArea), so different scenarios share the same
state for this variable. For assessment problems focusing on
the estimation of the states of only one or a few variables
of interest, scenarios that share the same states for these
variables can be considered equivalent from this point of view,
and may be clustered together. This clustering procedure can
significantly reduce the number of scenarios that need to be
considered.

Figure 4. Scenario tree representing the 50 complete scenarios (represented
as leaf nodes) generated in the first phase of the example, as well as the partial
scenarios. The multiple states for each variable are shown in the branches at
the corresponding level.

As the second phase of the running example starts, the
50 complete predictive scenarios represented in Figure 4
correspond to the state-of-the-art knowledge on the situation.
However, it is now possible to directly observe events repre-
sented by the scenario variables, as well as effects of such
events. For instance, in the example the ongoing weather
conditions are assessed and the bad weather in a confined
area is confirmed. Therefore, all scenarios with good weather
are discarded, as they now contain information which is
incorrect, and 27 scenarios (and 12 possible intercept areas)
remain. In this case, certain evidence on the weather is used
to discard or prune falsified scenarios. Moreover, at some

point a report is received from refueling ship at position 1
regarding a refuel operation involving a suspicious boat, whose
description matches that of the smugglers’ boat. Unlike the
certain evidence on the weather, this information is not enough
to prune scenarios, as all 27 are compatible with the occurrence
of such a report. Instead, a causal relation is explicitly modeled
in the causal graph in Figure 2b involving the added variable
RefuelingReport (R), which now becomes relevant to the
estimation of InterceptArea (I) via diagnostic reasoning. In
the scenario generation process, all 27 scenarios can be simply
continued as new scenarios, now including RefuelingReport
with the (certain) value Yes. However, as all scenarios have
the same value for this variable, this level does not need
to be represented in the tree (see the depth control pruning
mechanism in [20]).

III. SCENARIO MANAGEMENT

The set of generated scenarios may become significantly
large in complex real-world applications (typically involving
numerous factors and uncertainties), as even the simple ex-
ample presented in this paper illustrates. On the other hand,
human cognitive limitations pose restrictions on the number
of scenarios that decision makers can effectively handle at
any given time. Therefore, to be able to effectively manage
a (possibly large) set of scenarios, and to ultimately decide on
the information to be presented to the decision makers, ranking
of scenarios must be addressed. Ranking can be achieved based
on the likelihood of the scenarios to materialize, so that deci-
sion makers can be presented with the most likely scenarios.
It is worth to note, however, that less likely scenarios − but
which have very severe consequences − are crucial for the
assessment of risk. In this case, in addition to likelihood, a
measure of the impact or severity of the scenarios’ outcomes
must be defined and assessed for each scenario. This paper
does not address risk assessment, but the proposed scenario
approach can be extended to include this type of assessment.

For each scenario under consideration, an estimate of the
likelihood of the scenario to unfold can be computed given the
evidence that is available at the time. When time progresses,
new evidence might be obtained and the likelihood of the
scenarios can be updated. To compute the likelihood of sce-
narios in the proposed scenario approach, Bayesian networks
are used.

A. Bayesian Networks

A Bayesian network (BN) is a probabilistic graphical
model that efficiently represents a joint probability distribution
(JPD) over a set of random variables [14] [17]. A BN is
represented through a Directed Acyclic Graph (DAG), where
each node in the DAG corresponds to a random variable of the
JPD. For example, the causal graphs shown in Figure 2 can
be captured by the DAGs shown in Figure 5a and 5b, where
scenario variables (solid circles in Figure 2) are represented as
random variables (nodes), and each possible scenario variable
state corresponds to a random variable state. Note that, the
range of states for the scenario variables (and therefore the
range of states for the random variables) is not determined a
priori but as the estimation processes take place, as explained
in section II, on scoping of states. For each node given its
parents in the DAG, a conditional probability distribution
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Figure 5. Bayesian network of the causal model shown in Figure 2a (a)
and Figure 2b (b), as well as a CPT of the discrete conditional probability
distribution P (A|D,F ) (c).

(CPD) needs to be specified. For instance, the CPD P (A|D,F )
must be specified for the variable RefuelingAction (A).
Discrete CPDs can be represented through conditional prob-
ability tables (CPTs). Since the variables D, F and A are
discrete, the CPD P (A|D,F ) can be represented through the
CPT shown in Figure 5c. This CPT expresses that, given
destination X and a small amount of fuel on board, the
chance that a refueling action takes place (at location 1) is
0.9, i.e. P (A = Yes at 1|D = X, F = Small) = 0.9. For
larger amounts of fuel (and the same destination X), it is
estimated that no refueling action takes place. Moreover, there
is no chance that the refueling action takes place at locations
2 and 3, as these locations are farther than X itself. This
example shows that incompatibility of state combinations can
simplify the specification of CPTs for scenario variables, as
the probabilities of such combinations are zero.

Before the introduction of BNs, probabilistic inferences
were performed directly on a JPD defined over several vari-
ables. This, however, limited such operations only to JPDs
defined over a small set of variables due to the combinatorial
complexity. A Bayesian network, on the other hand, exploits
conditional independencies between the random variables.
Consequently, the JPD can be factorized into CPDs for each
variable in the model. For example, considering the BN shown
in Figure 5a, the JPD P (V) (where V

1 = {W,D,F,A, I})
factorizes into a set of CPDs, i.e.

P (V) =
∏

i

P (Xi|Pa(Xi)), (1)

where Pa(Xi) denotes the parents of node Xi. For the BN in
Figure 5a, the JPD is therefore

1In this section, a single random variable is presented as an uppercase letter
and its states as lowercase letters. A set of random variables and of states are
shown as bold uppercase and bold lowercase letters, respectively.

P (W,D,F,A, I) = P (W )P (D)P (F )P (A|D,F )

·P (I|W,D,A).

With the help of the chain rule in Equation (1), a JPD
can be represented through its factorization of CPDs, which
requires significant fewer parameters compared to the number
of parameters in the JPD. Moreover, by exploiting the condi-
tional independencies between the random variables, efficient
exact inference methods can be used, e.g. the junction tree
algorithm [4].

The likelihood of scenarios can be computed with the
help of Equation (1), given a BN of the causal model that
shows the cause-effect relations between the scenario variables.
For instance, for the scenario corresponding to the uppermost
complete branch of the scenario tree in Figure 4, i.e. W = bad,
D = X, F = Small, A = Yes at 1, I = 4, the likelihood can
be computed as

P (W = bad, D = X, F = Small, A = Yes at 1, I = 4) =

P (W = bad)P (D = X)P (F = Small)

·P (A = Yes at 1|D = X, F = Small)

·P (I = 4|W = bad, D = X, A = Yes at 1).

Moreover, one of the main strengths of BNs is the possi-
bility to perform predictive or diagnostic inference based on
a given set of evidence denoted by E . For example, in the
second phase of the example the weather is observed, i.e.
E = {W = bad}. With this observation, the likelihood of
the scenarios can be updated by computing P (v|E), where
v is a configuration of random variables states corresponding
to a given scenario. Note that all scenarios with W = good
will get zero probability due to the observation. Assigning
zero probabilities to scenarios after an observation update
corresponds to pruning of scenarios based on evidence.

Also in the second phase of the example (whose BN is
shown in Figure 5a), a new variable R is added to the model
to capture the received refuel report. The model needs to be
updated by specifying the CPD P (R|A) as well. The new JPD

P (W,D,F,A, I, R) = P (W )P (D)P (F )P (A|D,F )

·P (I|W,D,A)P (R|A)

can be used to re-compute the likelihood of the scenarios, given
the occurrence of the refueling report at position 1.

B. Probability Intervals

One of the most challenging tasks in building probabilistic
models is the elicitation of the model parameters from human
experts. Often human experts are biased, disagree with each
other and are not proficient in specifying their domain expertise
into numerical probabilistic knowledge [10]. Similar to the
scoping of states for the scenario variables, parameter specifi-
cation in the scenario approach is typically done “on the fly”,
while the states of scenario variables are being determined.



For instance, in case destination W in Figure 1 would appear
as a possible destination and refueling ship at position 4
would be included in the reasoning process, the probabilistic
model would need to change, with new parameters being
specified. This means that in the scenario approach the model
is basically adapted on the fly when new information regarding
the scenarios changes or becomes available. Given this modus
operandi, experts may be often in a situation where they are
not able to specify exact parameters of the model. At best, the
experts can specify an interval that captures their imperfect
belief about the parameters. BNs, however, require the modeler
of the domain to specify their belief into sharp numeric values.

Credal networks [5], on the other hand, provide an alter-
native to BNs, allowing experts to specify their incomplete or
imprecise beliefs into a set of probability measures. Experts
can specify their incertitude about the parameters of the model
through probability intervals [6]. Given a random variable X
and the domain of X , DX = {x1, x2, . . . , xn}, a family of
intervals L = {[li, ui], i = 1, . . . , n} can be specified, where
0 ≤ li ≤ ui ≤ 1 and the specified intervals are assumed to be
proper [6]. Non-proper probability intervals can be associated
to an empty set of probability measures. The family of intervals
in L corresponds to a set of probability measures

PX = {P (X) ∈ P|li ≤ p(xi) ≤ ui, ∀i}, (2)

where P is the set of all probability measures defined on DX .
PX is a convex set that can be represented trough its extreme
points [2].

Considering credal networks, each node is associated with a
collection of local convex sets PX|pa(X) (a convex set for each
configuration of Pa(X)) that corresponds to a collection of
sets of conditional probability measures. For example, consider
the CPT shown in Figure 6, where for each configuration
of Pa(R) = {A} a set of intervals is defined. For the
parent configuration (A = No), the probability intervals are
L = {[0.6 0.9], [0.1 0.4]}, which correspond to the set of
conditional probability measures.

In Bayesian networks, the JPD is uniquely defined through
the chain rule of Bayesian networks (see Equation (1)), how-
ever, in credal network this is not the case. In credal networks,
the combination of the local credal sets needs to be defined.
One definition, called strong extensions [5], is the largest joint
convex set where all extreme points satisfy Equation (1). One
of the most important properties of strong extensions is that
it mimics the properties of standard BN as I-maps [17]. This
allows the transformation of a credal network into a regular
Bayesian network, where the combination of the local convex
sets for each node can be represented with the help of auxiliary
variables (called transparent variables).

Given the set of extreme points for the joint posterior
probability measure, it is possible to compute (using the
transformed credal networks) an upper posterior probability
P (vi|E) = maxP∈P

vi|E
P (vi|E) and a lower posterior proba-

bility P (vi|E) = minP∈P
vi|E

P (vi|E), where vi is a specific
configuration of the variables represented in the credal net-
work. In the scenario approach, this configuration can represent
a specific scenario, for instance (W = bad, D = X, F = Small,

R
A

No Yes at 1 Yes at 2 Yes at 3

No [0.6 0.9] [0.1 0.2] [0.6 0.9] [0.6 0.9]
Yes [0.1 0.4] [0.8 0.9] [0.1 0.4] [0.1 0.4]

Figure 6. A CPT for CPD P (R|A) with probability intervals.

A = Yes at 1, I = 4), for which a posterior probability interval
[P (vi|E) P (vi|E)] can be computed.

Doing inference in credal networks can be computationally
very demanding, depending on the number of transparent
variables and the number of their combinations. However,
inference with strong extensions can be simplified by using
convex hull algorithms (see for example [8]). Also, the com-
putation of the likelihood of complete scenarios can be done
efficiently, since it corresponds to the computation of a specific
entry in the full JPD. In other words, the focus is on a single
probability interval, where the extreme points of the strong
extension corresponds to the upper and lower probabilities
of this interval. The upper probability is obtained by using
Equation (1) by only considering the maximum conditional
probabilities and, similarly, the lower probability is obtained
by only considering the minimum conditional probabilities.

Figure 7. The scenario tree with ranked scenarios shown via a color scheme
based on complete-admissible scores.

In order to present decision makers with the most likely
scenarios, the full set of complete scenarios must be ranked on
their likelihood to materialize. However, computed posteriors
for complete scenarios as described above will not in general
correspond to a single probability value but to an interval



of probability values. This means that often a total order on
the different scenarios cannot be established regarding their
likelihood, but only a partial order. However, based on the
computed posterior probability interval [P (vi|E) P (vi|E)] for
each scenario, a single score can be computed and assigned
to the scenario. For instance, the complete-admissible score
[19] can be used for this purpose. Given a set of scenarios
with their probability intervals, the score s(vi|E) is computed
for all scenarios, allowing a total order on the scenarios to be
established based on this score.

Figure 7 shows how the ranking of the 27 different scenar-
ios can be represented to the decision makers, e.g. using a color
scheme to represent the different score values. From Figure 7,
it can be seen that the best scoring scenarios correspond to the
situation in which the smugglers travel to destination Z, with
a refuel stop at position 1 and can be best intercepted at area
16 (and possibly at area 4).

IV. DISCUSSION AND FUTURE WORK

In this paper, a scenario-based approach to deal with
uncertainties in situation assessment problems is presented.
Scenario representation is based on causal models whereas
scenario generation involves the estimation of the states for
the variables in the causal graph. Estimation of states is done
by means of observations and inferences of hidden states by
using domain knowledge. Moreover, scenario management is
addressed by means of a probabilistic framework involving
Bayesian and credal networks. This framework allows the
evaluation and ranking of scenarios according to likelihood,
which can be used to prioritize information to be presented to
decision makers.

The presented scenario approach provides a quantitative
analysis that allows the generation and ranking of scenarios
based on standard reasoning and information fusion methods.
The modeling of scenarios based on causal models offers a
natural representation for scenarios (typically defined in terms
of sequences of causal events), on top of which a probabilistic
framework for scenario scoring can be more intuitively built,
in contrast to [21]. Moreover, the problem of eliciting precise
model parameters from experts is addressed by allowing the
experts to express their incertitude about parameters through
probability intervals. Causal models also ensure that the
generated scenarios in the presented approach are internally
consistent − to the extent that the local reasoning functions are
correct. This can be contrasted with other methods for scenario
generation in which, initially, all possible states of all variables
are arbitrarily combined, and then the resulting (usually large)
set of scenarios must be reduced by means of pair-wise consis-
tency assessments [11] [22]. Furthermore, the locality of causal
relations facilitates the decomposition of large-scale reasoning
processes into processes of smaller scopes, represented by
local reasoning functions. This facilitates reasoning in complex
problems and allows the analysis of the complexity of the
estimation problems [1]. Finally, in the presented scenario
approach, the models that are used to reason about scenarios
are basically adapted on the fly, as information regarding
the scenarios changes or becomes available. In other words,
the states (and associated probabilities) of scenario variables,
as well as the scenario variables themselves, can change as
scenarios are generated. Adapting the model on the fly requires

that these models are intuitive and, therefore, changes can
be easily realized in a short time frame without a significant
cognitive effort. Since humans often use causal inferences to
justify their decisions (and, consequently, their actions) they
are accustomed to reasoning along causal connections which
makes causal models very accessible for domain experts. By
modeling the qualitative part of the model (variables and
structure) the domain experts have to externalize their causal
mental model of the domain which they should be able to
do with relative ease. Note, however, that causal models are
used as a basis for building Bayesian network, but Bayesian
networks are not limited to representing only causal models.
In fact, Bayesian networks can also represent any other type
of dependency between events that are not necessarily causal
[18]. However, using types of dependencies other than causal
dependencies can result in a model that is less intuitive and,
therefore, difficult to adapt on the fly.

The presented approach requires domain knowledge to
elicit the structure (qualitative part), i.e. the domain variables
and the links between them, and the parameters (quantitative
part) in order to construct the Bayesian network. Obtaining
the structure of the model is considered a doable exercise,
but, on the other hand, obtaining the parameters of a Bayesian
Network through domain expert elicitation can be a very
daunting task [7]. Often experts are biased, disagree with
each other and are not proficient in specifying their domain
expertise into numerical probabilistic knowledge [10]. Several
techniques are proposed in the literature that support the elici-
tation process, such as transcribing probabilities and by using
a scale with both numerical or verbal anchors for marking
assessments [9], [15]. In addition, the problem of parameter
elicitation is relaxed due to the use of probability intervals. In
the case where domain experts do not have any clue about the
parameters of the model the most uncertain probability interval
can be chosen, i.e. [0, 1], at the consequence of having a less
informative ranking.

In simpler estimation problems, the knowledge on the local
reasoning functions might be contributed by a single or a few
experts, to whom an Intel analyst may have access. However, in
complex contemporary applications such knowledge typically
exceeds the cognitive capabilities of a single expert, whereas
complete automation of inference processes in such settings is
often not feasible. Therefore, in complex applications a sound
scenario approach should support collaborative processing,
based on a combination of automated reasoning processes
and cognitive capabilities of human experts, each contributing
specific expertise and processing resources. The presented
scenario approach based on causal models can handle such col-
laborative processing, as the locality of causal relations facili-
tates the decomposition of large-scale reasoning processes into
loosely coupled, simpler reasoning processes. In a distributed
service-oriented framework (such as in [16]) implementing the
scenario approach, the causal dependencies are represented
by the local models that are created by local experts while
the overall global model capturing the entire scenario domain
emerges through the peer-to-peer communication of processing
results between compatible reasoning services of the local
models.

A further important issue regards the potentially very
large number of scenarios that might be generated in the



proposed scenario approach. Generally speaking, this number
depends on the number of uncertain variables (i.e. variables
for which more than one state is estimated) and the number
of states estimated per uncertain variable. Therefore, one way
to control the number of scenarios is to restrict − whenever
possible − the number of states that are estimated for each
uncertain variable. This may however limit the generated set
of scenarios in effectively exploring the plausible and relevant
states in a given situation. Another way to control the number
of scenarios is to reduce the number of uncertain variables.
This requires acquiring additional data (e.g. measurements)
on the states of uncertain variables, which can be used to
either support or refute scenarios. In case it is possible to
acquire certain evidence on one or more scenario variables
(as for the weather variable in the running example), this
mechanism leads to the pruning of scenarios. Furthermore,
as mentioned in section III, the number of scenarios to be
considered may be reduced by estimating their likelihood. In
this case, scenarios may be discarded based on ranking and
keeping a fixed maximum number of scenarios or keeping only
those scenarios with a likelihood above a certain threshold
[20]. The clustering of scenarios that share the same states
for variables of interest (referred to as equivalent scenarios
in section II) may also serve as a mechanism to reduce the
number of scenarios that need to be considered. In this case, the
combined likelihood of equivalent scenarios may be assessed
in the probabilistic framework of section III as the marginal
(posterior) probability of the shared states.

Regarding future developments, next steps include the
development of a prototype with the goals to implement
the concepts presented in this paper and make the scenario
approach fully operational. This prototype will also address
ways to control the potentially large number of generated
scenarios as well as ways to prioritize scenarios. Moreover,
the presentation of such a prototype to end users is planned.
In this development, the consideration of human factors is
crucial in various aspects, from the elicitation of model pa-
rameters from experts, to the presentation of results to decision
makers. Furthermore, for the ranking of scenarios a complete-
admissible score is used to provide the decision makers with
a total ordering on the scenarios. This might be at the cost
of accuracy, however, in case only a partial ordering can be
obtained given the scenarios’ posterior probability intervals.
Therefore, an analysis of the impact of this inaccuracy will
be carried out in the future. Finally, the elicitation of domain
models and their parameters will be investigated as well as
the implementation of the scenario approach in a distributed
service-oriented framework, possibly considering alternative
models to deal with uncertainty.
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