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Notation

In this work Ign refers to the dual logarithm log, n, while Inn refers to the natural
logarithm log, n. Vectors or sets are denoted by bold characters, e.g. . Elements
are indexed by a subscript enumerator, e.g., x; and are written in bold characters
if they are vectors as well, for example, ;. A non-bold character without index,
e.g., x, denotes an arbitrary element of &. The power set is denoted by P. The
following table gives an overview of the most frequently used symbols in this work
(sorted by Latin letters before Greek letters):

Symbol | Description
F Fusion function
j,k,l,m,;n | These symbols are reserved for indexing elements.
Set of entities used in the constraints
Set of feature functions
Set of hypotheses
Set of incidents
Set of patterns
Abstraction levels in the search space of the Pareto algorithm
Set of samples
Set of threat levels
Set of pattern matching values
Sequence of observations
Sequence of labels
Set of relations in the ontology
Set of solutions of the Pareto algorithm
Search space of the Pareto algorithm

Penalty factor of the Fusion Function
Similarity function

Set of constraints
Set of model parameters (weights)

YA Qe 8 ¢ +n QW = %0

Table 1: Table of symbols.



