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Part 1

General Introduction



Approximate reasoning is one of the remarkable human capabilities that manip-
ulate perceptions in a wide variety of physical and mental tasks, whether in fuzzy or
uncertain surroundings. To model this remarkable human capability, L.A. Zadeh [1] , [2]
proposed a new concept of “computing with words,” which is a methodology in which
the objects of computation are words and propositions drawn from a natural language.
It provides a basis for a computational theory to imitate how humans make perception-
based rational decisions in a fuzzy environment. Nevertheless, besides fuzziness, humans
also perform perception-based reasoning well under uncertain circumstances. To deal
with uncertain information in reasoning methods, several formalisms have been proposed,
such as, certainty factor [3] , probabilistic logic [4] , Dempster—Shafer theory of evidence
[5] possibilistic logic [6] and possibilistic reasoning [7] , etc. Consequently, an adequate
management of uncertainty for reasoning methods has become a significant issue [§] .

To increase the efficiency of rule-based reasoning with uncertain information, two
issues are particularly relevant: the possibility of exploiting concurrency and the use of
smart control strategies [9]. To achieve these goals, a number of researchers have reported
progress toward the modeling of rule-based reasoning with Petri nets [10], [11], [12], [13],
[T4]. Petri nets are a graphical and mathematical modeling tool to describe and study
information processing systems. Petri nets with a powerful modeling and analysis ability
are capable of providing a basis for variant purposes, such as knowledge representation,
reasoning mechanism [10], [14] , knowledge acquisition [27] , and knowledge verification
[, [18] .

Possibility theory and Petri net theory are combined, leading to a tool for the qual-
itative representation of uncertain knowledge about a system state. Based on the remark
that the membership function of a fuzzy set representing imprecise or vague information
can be interpreted as a possibility distribution, we call this model possibilistic Petri
nets.

The marking of a Petri net describes crude information about the system state
whereas the marking of a possibilistic Petri net represents all the propositions which are
possibly true at a given step of a reasoning built over the possible current system states

Researchers have made some progress embedding uncertainty models into Petri nets
for different purposes. For example, stochastic Petri nets [20],[21] , is a class of Petri nets
in which the firing times are considered as random variables, and a probability distribution
over all transition firing times is formed. Lin et al [22]. investigated the use of Petri nets
to deal with the size problem of the possible world matrix in Nilsson’s probabilistic logic
[4]. Cardoso et al [23]. proposed a possibilistic Petri nets model that combined possibility
theory and Petri net theory to lead to a tool for qualitative representation of uncertain
knowledge about a system state. They used possibility distributions over all places and
tokens to display the uncertainty about possible locations of a token before receiving
certain information

Although the attempt has been made by these researchers to embed the uncertainty
model into Petri nets, little emphasis has been put on how to model uncertainty rea-
soning in rule-based expert systems with Petri nets .Possibilistic reasoning , inspired by
Nilsson’s probabilistic entailment, is an uncertainty reasoning for classical propositions
weighted by the lower bounds of necessity measures and the upper bounds of possibility



measures. In (PPIN) , a possibilistic token carries information to describe a proposi-
tion and the corresponding possibility and necessity measures. Four types of possibilistic
transitions, inference, aggregation, duplication, and aggregation—duplication transitions,
are introduced to fulfill the mechanism of possibilistic reasoning. The inference tran-
sitions perform possibilistic reasoning; duplication transitions duplicate a possibilistic
token to several tokens representing the same proposition, possibility, and necessity mea-
sures; aggregation transitions combine several possibilistic tokens with the same classical
proposition; and aggregation—duplication transitions combine aggregation transitions and
duplication transitions. A reasoning algorithm based on possibilistic Petri nets is also
outlined to improve the efficiency of possibilistic reasoning.

The objective of this master work consists to implement an uncertain diagnosis
reasoning mechanism based on PPN models through analysing the T-invariants set of the
model. This can be viewed as extending the initial invariant analysis technique proposed
initially for classical Petri net models to handle the uncertainty:.

The organization of this manuscript is as follows. A general description of Petri nets
formalism is recalled in the next chapter. Chapter 2 is devoted to present the association
of possibility theory and Petri nets. In particular, it introduces a possibilistic reasoning
based on possibilistic entailment and a knowledge representation of possibilistic reason-
ing. Chapter 3 details the development of a diagnosis prototype by analysing possibilistic
Petri nets. Finally, the manuscript is concluded with a summary on the conducted work.
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Chapter 1

Petri Nets

1.1 Introduction

Petri nets were introduced in 1962 by Dr. Carl Adam Petri (Petri 1962). They are
a powerful modeling formalism in computer science, system engineering and many other
disciplines. Petri nets combine a well defined mathematical theory with a graphical rep-
resentation of the dynamic behavior of systems. The theoretic aspect of Petri nets allow
precise modeling and analysis of system behavior, while the graphical representation of
Petri nets enable visualization of the modeled system state changes. This combination is
the main reason for the great success of Petri nets [25].

More generally, industrial production systems and even general social, ecological, or
environmental systems can be modeled by Petri nets. In this chapter we will introduce
the basic definitions of Petri net theory, study several examples in detail, and investigate
some of the deeper concepts of the theory. The fig 1.1 shows the general method based
on Petri net formalism for systems modeling and analysis .

System Modelling PN model
Revision Analysis
Modeling
Properties

Figure 1.1: General method of modeling and analysis based on Petri nets
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1.2 Basic concepts of ordinary Petri nets

We will start with some informal definitions.

1.2.1 Informal definitions

A Petri net is a particular kind of bipartite directed graphs populated by three
types of objects. These objects are places, transitions, and directed arcs. Directed arcs
connect places to transitions or transitions to places. In its simplest form, a Petri net can
be represented by a transition together with an input place and an output place. This
elementary net may be used to represent various aspects of the modeled systems. For
example, a transition and its input place and output place can be used to represent a
data processing event, its input data and output data, respectively, in a data processing
system. In order to study the dynamic behavior of a Petri net modeled system in terms
of its states and state changes, each place may potentially hold either none or a positive
number of tokens. Tokens are a primitive concept for Petri nets in addition to places
and transitions. The presence or absence of a token in a place can indicate whether a
condition associated with this place is true or false, for instance. An example of a petri
net is illustrated by the fig 1.2.

Figure 1.2: Example of a marked Petri net.

Condition :
A condition is a predicate or logical description of a system state. A condition is true or
false. A state of the system can be described as a set of conditions.

Event :
Events are actions taking place in the system. The triggering of an event depends on the
state of the system.

1.2.2 Formal definition
A Petri net is formally defined as a 5-tuple , RdP = (P, T, F, W, M) where :

o P is a finite set of places;
o T is a finite set of transitions.

o Fisasetofarcs F C (P xT)U (T x P) where :
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(P x T) are the arcs going from P to 7.
(T' x P) are those going from T" to P.

o W:F —{1,2,3,---} is a weight function where:
w(P;T) : Pre(p,t) is the weight of the arc going from P to T.
w(T;P): Post(t,p) is the weight of the arc going from T to P.

o My: P —{0,1,2,3,---} is the initial marking .

A marking in a Petri net is an assignment of tokens to the places of a Petri net. Tokens
reside in the places of a Petri net. The number and position of tokens may change during
the execution of a Petri net. The tokens are used to define the execution of a Petri net.

1.2.3 Matrix representation

The following figure shows a mathematical and formal matrix representation of a
PN graph as follows:

tir  to 13 14
I -1 0 0 m
-1 1 -3 3 D2
0 0 1 -1 D3

Figure 1.3: Example of the incidence matrix C of a PN

In this matrix or matrix representation, the columns are the transitions 7;, and the
lines are places P;, and the intersection of these two points (places and transitions) is a
function of the weight W.

1.2.4 Transition Firing

The execution of a Petri net is controlled by the number and distribution of tokens
in the Petri net. By changing distribution of tokens in places, which may reflect the
occurrence of events or execution of operations, for instance, one can study the dynamic
behavior of the modeled system. A Petri net executes by firing transitions. We now
introduce the enabling rule and firing rule of a transition, which govern the flow of tokens:

o A transition is said enabled (firable) if each of its input places contains at least one
token. An enabled transition can fire such as : Vp € P, M(p) > pre(p,t).

@)

When a transition is validated in the marking MO0, we note MO[t>.

@)

Firing a transition removes a token from each input place and adds one token to
each ouput place.

o

When a transition is validated it does not imply that it will be fired immediately.

o A sequence of transitions that can be fired consecutively starting from the initial
marking is said enabled or firable.
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o The sequence of firable transitions is not unique.

When several transitions are firable, one of them (in a non-deterministic way) is fired.
Its firing consists of removing a token from each of its input places and adding another
one to each of its output plaes.

Figure 1.4: Firing of the transition ¢; (initial state)

Figure 1.5: Firing of the transition ¢; (After firing t; )

o Source transition: A transition without input places is always enabled one: it is
a source transition .

Figure 1.6: Source transition

The firing of a source transition involves adding a token to each of its output places.
Note that a source transition is unconditionally enabled.
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o Sink transition: A transition without output places is a sink transition.

Figure 1.7: Sink transition

Firing a sink transition involves removing one token from each of its input places.

b) a firing sequence A a firing sequence from M, to M, is a sequence of transitions
to...t(n — 1) which can be fired successively from a given marking (or initial). Only
one transition can be fired at a time. As there are markings M;... Mmn — 1) verifying

15

Figure 1.8: Example of firing sequence

s = totyts is a firing sequence from M,
M()[tg > Ml[t4 > Mg[tg > My My = M,y

c) Marking : Fach place contains a positive or zero number of marks or tokens. The
marking M defines the state of the system described by the net at a given moment. It is
a column vector of dimension the number of places in the net.

c) Accessible marking : The set of accessible markings is the set of markings M; that
can be reached by firing a sequence S from the initial marking My. We note it M.
x My = {Mz tel que Mo[S — Mz}
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1.2.5 Properties of PN model

As a mathematical tool, Petri nets possess a number of properties. These proper-
ties, when interpreted in the context of the modeled system, allow the system designer to
identify the presence or absence of the application domain specific functional properties
of the system under design. Two types of properties can be distinguished, behavioral and
structural ones. The behavioral properties are those which depend on the initial state or
marking of a Petri net. The structural properties, on the other hand, do not depend on
the initial marking of a Petri net. They depend on the topology, or net structure, of a
Petri net. Here we provide an overview of some of the most important, from the practical
point of view, behavioral and structural properties.

a) The behavioral properties (Generic properties)

o Liveness and blocking :
A Petri net with initial marking M, is live if, no matter what marking has been
reached from M, it is possible to ultimately fire any transition by progressing
through some further firing sequence.

A Petri net modeling a deadlock-free system must be live. This implies that for
any reachable marking M, it is ultimately possible to fire any transition in the net
by progressing through some firing sequence. This requirement, however, might
be too strict to represent some real systems or scenarios that exhibit deadlock-free
behavior. For instance, the initialization of a system can be modeled by a transition
(or a set of transitions) which fire a finite number of times. After initialization, the
system may exhibit a deadlock-free behavior, although the Petri net representing
this system is no longer live as specified above. For this reason, different levels of
liveness for transition t and marking MO were defined. Refer to (Murata 1989) for
details.

o Boundedness :
A Petri net (N, My ) is said to be k-bounded or simply bounded if the number of
tokens in each place does not exceed a finite number k for any marking reachable
from Mjy,i.e., M(p) < k for every place p and every marking M € R(Mj). A Petri
net (N,Mp) is said to be safe if it is 1-bounded.

o Conflict :
A structural conflict is a set of two or more transitions t; and ty with a common
place of entry. This is noted as follows : k =< p,{t1,t2,...,tn} >

An effective conflict is the existence of a structural conflict k, and a marking M,
such that the number of marks in p is smaller than the number of output transitions
of p which are validated by M.

b) Structural properties ( Specific properties) Specific properties are grouped into
four types: accessibility, safety, liveliness and equity properties.

o accessibility (reachability) :

Determines whether a situation is accessible or not from the accessibility graph.
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o safety :

Some situations should never be reached.

o liveness :
A situation will sooner or later take place.

o equity (fairness) :
A situation will occur an infinity of times.

c) Marking graph The temporal evolution of a PN can be described by a marking
graph representing all the accessible markings and arcs corresponding to the firing of the
transitions passing from one marking to the other for initial marking Mj.

e

Figure 1.9: Petri net (a)

T3
M2 avec MO :(1,0,1,0)
"o 2 M1 : (0,1,0,1)
M0 > M1\ M2 : (1,0,0,1)
+ _ T M3 - (0,1,1,0)

Figure 1.10: Graph of the markings of Petri net (a)

1.2.6 Diagnosis by Petri nets

The purpose of monitoring an industrial system is to address all behaviors that deviate
from the expected behavior. The purpose of the monitoring function is to increase pro-
ductivity by better controlling the availability of the means of production. The main
elements of a surveillance system are the detection, localization, diagnosis and treatment
of errors

The basic mechanism used for detection is to compare the evolutions of the observed
system with those of a model that evolves synchronously, that is to say in real time, with
the system. Similarly, the current trend is to base the localization and diagnostic phases
on a deep model that describes the structure and / or behavior of the system. Petri
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nets are one of the most used models for discrete event systems. They are, indeed, well
adapted to describe the dynamics of such systems (description of the passages from one
state to another). On the other hand, they do not correspond to a structural model (the
architecture of the system in a given state). We recall that a discrete event system is a
system for which time as well as the components of the state vector are discrete variables.

Domain

Expert

|

Knowledge
Aquisition
Imterface

knowledge
Representation
Formalism

Translation

Petri Met
Model

Invariant Analvsis

Observations === pj.onostic Process

Diagnoses

Figure 1.11: A diagnostic process architecture

Fig. 1.11 describes an architecture for the diagnostic process, adapted from [33] ,It
starts from the expert knowledge about the behavior of a system to a Petri net model rep-
resenting the system, passing by a formalism for knowledge representation like first order
logic. The architecture then depicts the desired solution of the diagnostic process (diag-
noses) as the fruit of exploiting an invariant analysis technique, with some observations
as parameters..



Chapter 2

Diagnosis by Possibility PN Analysis

2.1 Introduction

In the field of data analysis and pattern recognition, we manipulate information,
most often digital, which is supposed to give as realistic a picture as possible of real-
ity. However, most often, this information is imperfect: imprecise, uncertain, vague,
incomplete. We give here a quick presentation and a summary scheme in Figure 2.1.
The imperfection in the data can be broken down into three (non-exclusive) categories:
uncertainty, inconsistency and imprecision .

Imperfection

. Well-defined object \ ( Ili-defined object |

' Probabilities ‘ | |

" Imprecision

-

No n-specificity

s !

Fuzzy sets
(Approximate sess | | FPossibilities

Figure 2.1: Different forms of imperfection
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2.2 Probabilities :

The notion of probability is linked to that of random experience. An experiment
is random if one can not predict with certainty its result. The result of a random ex-
periment is an w element of the set {2 of all the possible outcomes, called universe of
possibilities or repository. We denote P(£2) the set of parts of 2. An event, linked to a
random experiment, is a logical proposition relative to the result of the experiment, it is
chosen in a set of events A, subset of P(2). If A and B designates two elements of A, then :

o A U B designates the realization of A or B

o A N B designates the realization of A and B

o A = O\ A denotes the opposite of A.

On the other hand ,

Q) is the sure event.

O

@)

0 is the impossible event .

When the repository € est finited, A groups all the parts of €2, noted habitually 2.
When the repository is R or an interval of R, we use to define A to the notion of tribe.
A tribe is defined as follows :

2.2.1 Definition :

A is a tribe on € if and only if A is a set of parts of €2 containing the empty set,
stable by passing to the complement and by union and intersection of a finite or countable
sequence of elements [31]:

o ACP(Q).

ofe A.

@)

If we have an Al, ..., An suite of elements of A, then their union and
their intersection U; A; et N; A; are also in A.

If A €A then A is also in A

(@)

@)

0 is the impossible event .
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2.3 Possibilities :

History

Possibility theory is an uncertainty theory devoted to the handling of incomplete
information.To a large extent, it is comparable to probability theory because it is based
on set-functions. It differs from the latter by the use of a pair of dual set functions (pos-
sibility and necessity measures) instead of only one. Besides, it is not additive and makes
sense on ordinal structures. The name “Theory of Possibility” was coined by Zadeh ,In
Zadeh’s view, possibility distributions were meant to provide a graded semantics to nat-
ural language statements. However, possibility and necessity measures can also be the
basis of a full-fledged representation of partial belief that parallels probability. It can be
seen either as a coarse, non-numerical version of probability theory, or a framework for
reasoning with extreme probabilities, or yet a simple approach to reasoning with imprecise
probabilities .

2.3.1 Formal background (theoretical setting)

Given a set of possible worlds, a proposition r is true in some of them and false in the
rest. To model the uncertainty associated with the actual world, we define a possibility
distribution over all possible worlds. Such description is used to determine the degree
of possibility of the actual world being in a possible world. Formally, Dubois et al [30].
defined the possibility and necessity measures as:

[1(r) = Sup (7(w))| w = r
N(r) = Inf(1-m(w)|wl-r)

where :
o [I is the possibility measure; .

o r is a proposition;

o w is a possible world;

O

N is the necessity measure;

O

w |= r means that r is true in w (w € Q );.

o 2 is the set of possible worlds.

The distinction between imprecise and uncertain information is best explained by the
canonical form representation (i.e., a quadruple of attribute, object, value, confidence)
proposed by Dubois and Prade . Imprecision implies the absence of a sharp boundary of
the value component of the quadruple; whereas, uncertainty is related to the confidence
component of the quadruple, which is an indication of our reliance about the information.
Dubois and Prade have proposed the possibility and necessity measures as an uncertainty



CHAPTER 2. DIAGNOSIS BY POSSIBILITY PN ANALYSIS 17

model for classical propositions.

The uncertainty of an event A contrary to probabilities, is therefore characterized by
two values: its possibility [[(A) and its necessity N(A).The interpretation of a degree
of possibility is very different from that of a probability. As an illustration, let’s take the
famous Zadeh example of Hans breakfast [32]. The possibility and probability values
for the number of eggs that Hans eat tomorrow are assumed to be known. They are given
in the table 2.1. We observe that the possibility that Hans eats three eggs is 1 while the
probability is only 0.1. We see, then, that a high degree of possibility does not imply a
high degree of probability, and that a low degree of probability is not synonymous with a
low degree of possibility. Only can we say that a degree of zero possibility implies a zero
probability.

w | 12 3[4][5]6 ] 7]38
m(w)| 1 | 1| 1 [1]08]06]|04]02
pw) [01[08[01[0] 0] 0] 0] 0

Table 2.1: Possibilities and probabilities associated with egg numbers

The necessity measures satisfy the following relation:
Min(N(A),N(A) =0
In addition, we have:

N(A) >0=1T](4) =1 [I(A) <1 = N(A) =0

2.4 Possibilistic Petri Nets :

In this section, PPNs are defined for the modeling of possibilistic systems and are
used as a representation of knowledge for possibilistic information. The idea was first
introduced by Cardoso et al. The simple view of a system focuses on two primitive
concepts: events and conditions. An event is represented as an action in the system.
A condition is a predicate or logical description of the state of the systems [34]. A
typical interpretation of Petri nets is to consider a place as a condition, a transition as
the causal connectivity of conditions (an event), and a token in a place as a fact used to
claim the truth of the condition associated with the condition. in law. Confidence about
the connectivity of conditions and facts, however, may be uncertain. Taking uncertain
situations into account, we formally define a possibilistic Petri net as following;:

2.4.1 Definition :
A possibilistic Petri net (PPN) is 5-tuple, PPN = (P, PT, A, W | M) where :

o P = Pi(r1), Pa(12)yeeeree P,.(7,) is a finite set of places (p; represents a classical
proposition 7;).
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o PT = tl(Nlanl) 9 tQ(NQ,HQ) 9 eecccses 9 tn(Nran)
is a finite set of possibilistic transitions, with t; representing the connectivity be-
tween places, N; denoting the lower bounds of necessity measures and []; denoting
the upper bounds of possibility measures.

o FC(PxT)U(T x P)is a set of arcs,

o My: P—M(P ) M(P),........ ,M(p,,,) is the initial marking, with M(P; ) standing
for the number of tokens in P; .

Pyir) Plra ) Pairg)

L Polq)

O @

Figure 2.2: A simple example of a possibilist Petri net

Many researchers have devoted themselves to modeling rulebased reasoning via Petri
nets . There are several reasons behind the computational paradigm for rulebased rea-
soning on Petri net theory:

o Petri nets achieve the structuring of knowledge within rule bases which express the
relationships among rules, and also help experts to construct and modify rule bases.

o Petri net’s graphic nature provide visualization of dynamic behavior of rule-based
reasoning.

o Petri nets make it easier to design an efficient reasoning algorithm.

o Petri net’s analytic capability provides a basis for developing knowledge verification
technique.

o Petri nets can model the underlying relationship of concurrency among rules acti-
vation, an important aspect where real-time performance is crucial.
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To simulate the dynamic behavior of a possibilistic system, a marking in a PPN
is changed according to the firing rule: a firing of an enabled possibilistic transition ¢, ,
removes the possibilistic tokens from each input place P; of t; , adds a new token to each
output place py of ¢; and the necessity and possibility measures attached to the new token
will be computed based on possibilistic systems. ( the possibilistic system is considered
as possibilistic reasoning.) A simple example of is illustrated in Fig. 2.3

1,(N,IT)
Plq)

[N,,gl,,g

M={11...,1,0} M={00...,0.1}
() (b}

Figure 2.3: Illustration of a possibilistic Petri net : (a) Before firing ¢, . (b) After firing
3]

To represent the uncertain information, we proposed a representation of the possible
propositions as follows

r, (N.,II,.)

where 7 denotes a classic proposition, N, refers to the lower limits of necessity and
[ the upper limits of the possible measures

Cardoso et al. have proposed a possibilistic Petri net model that combines the
possibility of theory and the theory of Petri nets to lead to a qualitative representation tool
of uncertain knowledge about a state of the system. They used opportunity distributions
across all places and tokens to display uncertainty about the possible locations of a token
before receiving certain information.

Knowledge Representation

The three key components in uncertain rule-based reasoning : propositions,uncertain
rules,and uncertain facts,can be formulated as places,possibilistic transitions,and possi-
bilistic tokens,respectively. The mapping between possibilistic reasoning and PPN is de-
scribed as follows.

o Places : Places correspond to classical propositions.The classical propositions that
attached to places represent conditions .
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o Possibilistic tokens : A possibilistic token represents an uncertain fact .A pair of
necessity and possibility measures are attached to possibilistic tokens to represent
our confidence level about the observed facts .

o Possibilistic transitions : Possibilistic transitions are classified into four types:
inference,aggregation,duplication ,and aggregation-duplication transitions. The in-
ference transitions represent the uncertain rules, the aggregation transitions are
designed to aggregate the conclusion parts of rules which have the same classical
propositions,the duplication transitions are used to duplicate possibilistic tokens to
avoid the conflict problem and the aggregation-duplication transitions link the same
classical propositions. These are formally defined below :

Type 1 : inference transition t'

An inference transition is used to model an uncertain rule. An uncertain rule with
multiple antecedents is represented as :

('T'l A ro FASCCIIVAN 'rn) — {, (j\'rlﬂ Hl)

(Tl AN - FAREENA 'rn) -4 (JV(TJ_I\TQA“\---{\T”)—)Q"J H(Tlﬂ‘."‘gf\---f\?"n)—)q)

T 1 (j\l?“lﬂl_-[?‘j)
2 L] (jv‘rzs H?“z)

n y (Ny, s I,
q ) (qu Hq)

where r; and ¢ are classical propositions. In Fig. 2.4,after firing the inference tran-
sition ¢! the tokens will be removed from the input places of ¢! , a new token will be
deposited into the output place of ¢! and a pair of necessity and possibility measures

attached to the new token are derived by the possibilistic reasoning

+(NV,IT)

(a)

Figure 2.4: Modeling possibilistic reasoning through; (a) Before firing inference transition
t!, (b) After firing ¢;.
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Type 2 : Aggregation Transition (t* ):

An aggregation transition is used to aggregate the conclusions of several uncertain
rules which have a same classical proposition and to link the antecedent of an uncertain
rule which also have the same classical proposition. For example, there are m uncertain
rules with the same classical proposition q in the conclusions, denoted as :

(Tl — {, (A"rla Hl)) : (TE — (f, (i?v?a Hz)) 1o
('rm — 4, (in"'rm ) Hm )) -

In figure 2.5 after firing the aggregation transition (¢% 1), the tokens in input places
of t% .1 will be removed, a new token will be deposited into the output place of t% .,
and a pair of necessity, and possibility measures attached to the new token are derived
by disjunction. It should be noticed that t? ,; is dead if one of its input places never
received a token. To avoid deadlock in aggregation transitions, we assume that for each
source place P; , a token will be inserted into P; and a pair of necessity and possibility
(0,1) is attached to represent ignorance if no fact refers to the proposition in place P; .

H(N,IL) Pfg) HINIL) Pg)

K,

@ ®)
Figure 2.5: Modeling the agregation of conclusion by an agregation transition : (a) Before
firing t¢ .1 . (b) After firing % ;1 .

Type 3 : Duplication Transition (t? ):

The purpose of the duplication transitions is to avoid the conflict by duplicating the
token.For example, there are uncertain rules ( ? ) with a same classical proposition r in
the antecedents, denotes as

(r — q1, (N1, 111)) , (r — g2, (Na, I13)) , ..

(r—=q, (N,IL))
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They are linked by a duplication transition shown in Fig. 2.6. After firing the
duplication transition t¢. The token in the input place of t¢ will be removed , new token
will be added into the output places of t and a pair of necessity and possibility measures
attached to the new tokens are not changed .

(a) )

Figure 2.6: Modeling the duplication of possibilistic token through P P N : (a)Before
firing the duplication transition t{, (b) After firing #{

Type 4 : Aggregation-duplication Transition (19

An Aggregation-duplication transition is a combination of an aggregation transition
and a duplication transition ( Fig. 2.6). It is used to link all the same classical propo-
sitions. For example, there are uncertain rules m with a same classical proposition q in
the conclusions and uncertain rules ( 1 ) with the same classical proposition q in the
antecedents, denoted as

(r1 — ¢, (N1, 1)), (r2 — q, (N2, I2)) ...
('r.'rn — (i'?\'{m 3 Hm )) ? ((j' —* 51, (A‘Tm +1- Hm+1))
(l]' — 52, (i\fm+2a Hm+2)) IEREE (t]' — S5, (jvm+h Hm+.’,')) .

They are linked by an aggregation-duplication transition shown in Fig. 2.7. After
firing the aggregation-duplication transition , the tokens in the input places of t*¢ will
be removed, new tokens will be deposited into the output places of t*¢ and the pair of
necessity and possibility measures attached to the new tokens are derived by disjunction
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£, (N1 Fida)
S

£, (N,TL) Pig)
Mo
o i

f..,ﬁ:n.: Flp |
M

[._} (b:'

Figure 2.7: Modeling the aggregation-duplication of possibilistic tokens through P P N .
(a) Before firing the aggregation-duplication transition t2¢ | (b) After firing #*¢

2.4.2 Reasoning Algorithm :

To consider the efficiency of P P N , an algorithm of transition firing is proposed
based the notion of extended markings . An extended marking , denoted as M¥, is a
k-vector , where k is the number of possibilistic tokens.

MP(P;) =

[P (ra) s (N3, TL) P () o,
o (P (ra) )\ {F; (ra)}+ (Pi(ra) ) -]

where P represents a place; r; is a classical proposition;( V;,[]; ) is a pair of necessity
and possibility measure s attached to the token in place P;,P;(r,) » is the output transition
of Pi(r,) .From an extended places M¥(P;) we know that:(a) The pair of necessity and
possibility measures attached to the token in P;(r,) (i.e.,( N;,IIL; )),(b) The other tokens
needed to fire Pi(r,)e (i.e., o P;(ra)e \ Pi(rs) ).(c) What kind of computation to carry
out after firing (i.e., the type of P;(r,)e) and (d) where to go for the new tokens after
firing (i.e.,(P;(ry) o)« ). The algorithm is described as follows:

Algorithm 1: (Possibilistic Petri Nets)
1. Get the initial extended marking MF, which consists of all source places.

2. For each i, set a current extended marking M¥ = M f and the next extended
marking Mf—/—] = .

3. Select an element of the current extended marking,

ME (P)) = [Pj (re), (N, 11;), Pj (re) e,
®(Pj(ro) @) \{Pj(rs)} (L (r0) ®) '}
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N

4. (a) If P;j(rp) e« is an inference transition and the extended place of each P,(ry) €
« Pj(rp) e \ Pj(rp) exists in MF, then infer the extended place M} + 1(P) of Pp(r.) =
P;(ry) » )« by possibilistic reasoning .

(b) Else if P;(r) is a duplication transition, then infer the extended place M} +1(Py,)
of each Py(r.) € Pj(ry) )+ by duplication .

(c) Else if Pj(ry) » is an aggregation transition and the extended place of each P,(ry)
€ «Pj(ry) e \ Pj(ry) exists in M + 1(P},) of P(r.) = Pj(ry) )« by disjunction . (d)
Else if P;(r,) e is an aggregation-duplication transition and the extended place of each
P,(rq) € «Pj(ry)e \ Pj(ry) exists in M then infer the extended place M} + 1(Py) of
each Pp(r.) = Pj(ry) ¢ )« by disjunction .

5.(a) If the output transition of P; is fired, then insert the inferred extended place
into the next extended place M} + 1(P) into the next extended marking M7 +1 .

(b) Else if the output transition of P; is a hierarchy, then insert the extended place
ME (Pj) into the hierarchy and wait for the final extended marking of the hierarchy to be
inserted into the current extended marking .

(c) Else insert this element MCE(Pj) and each MF(P1)(P1 (ry) € « Pj(r) +) into the
next extended marking MF,; .

6. Delete the element MCE(P]-) and each MF(P1)(P1 (ry) € o P;(ry) ) from the current
extended marking .

7. Repeat step 3 to step 6 until no element is in the current extended marking.

8. Repeat step 2 to step 7 until all output transitions in the current extended marking
are not fired .

9. Send the final extended marking to the upper-leveled hierarchy.

Basically, the algorithm is used to manage the evolution of extended marking. First,
it defines the current and next extended markings (step 2). Second, it determines which
type of the transitions in the current extended marking are and decides whether the
transitions can be fired or not (step 4). Finally, it deletes the extended places from the
current extended marking if their output transitions are fired and inserts the output ex-
tended places of these fired transitions into next extended marking or next hirarchies.
The procedure is repeated until no distinction can be made between the current and next
extended markings .

2.5 Possibilistic Entailment

Inspired by Nilson’s work on probabilistic logic [35] , more specifically probabilistic
entailment, the notion of possibilistic entailment has been outlined in [36] as:
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r— q: (I.I\"rr_;.q: ]-]-'J"‘—)'q)

r (N, II,)

q, (i\fq, Hq)

Figure 2.8: Possible worlds for possible information

The goal of this entailment is to infer a new proposition with its associated necessity
and possibility. The possible worlds, in which the actual world might be (Fig. 2-8), are
determined using a semantic tree. Hence, a consistent path in the semantic tree is con-
sidered to represent a possible world. Moreover, Table 2.2 shows the truth values of these
possible worlds

w w1 w9 ws Wy

r true | true | false | false
r — q | true | false | true | true

q true | false | true | false

Table 2.2: Truth values of possible worlds.

So, given the set of propositions S = (r, r — ¢, q) , its possible worlds could be
deduced using a semantic tree ( Fig. 2-8).

2.6 Centralized Diagnosis with Possibilistic Petri Nets

2.6.1 Causal Models

Causality [38] is one of the key concepts associated with a diagnostic process. It
describes the cause — effect relation among a system components. The basic mathemat-
ical model used to describe such a relation is a directed graph (digraph). Composed of a
set of nodes with arcs relating them, a digraph captures this relation in its simplest way.
Console Torasso [39] suggest distinguishing at least among three types of nodes:
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o Initial nodes: the first nodes on a causality chain. They correspond to the initial
perturbations leading the system to fail, in case of a faulty model. They have no
cause, so no other node leads to them.

o Internal nodes: they correspond to the consequences of initial nodes and they have
at least one parent and one child node. Since internal nodes can be explained by
means of initial nodes, they do not make part of diagnoses.

o Manifestations: they correspond to the observable part of the system in which the
symptoms of a malfunction are expected to be observed. Since they are the last
nodes on a causality chain, they lead nowhere.

Following a causal scheme to diagnosis corresponds to explaining a manifestation
by means of initial states. Moreover, in the case of Petri nets, the nodes are represented
by places and cause-effect relationships are represented by transitions between the corre-
sponding places.

Fig. 2.9 adapted from [40] shows a causal network demonstrating the causal relation
between four nodes. For instance, “Cold” causes both “Fever” and “RunnyNose”, while
“Allergy” causes “RunnyNose”. On the other hand, it shows how diagnosis works in the
other direction of causality. For instance, given that we observe “RunnyNose”; a diagnosis
shall give us either “Cold” or “Allergy”. As one can easily see, both causes are legitimately
plausible, and without additional measures it is not possible to exclude any of them. Thus,
having a quantifiable basis to distinguish between how likely each of which is the actual
cause offers a more realistic representation. That basis is probability. An example of
an additional measure is further observing “Fever” reinforce the belief that “Cold” is the
actual cause of “RunnyNose”.

Anesne)

-

-

Diagnosis

RunnyNose

Figure 2.9: A causal network model

The use of possibility theory instead of the well known probability theory is be-
cause,in real life applications when not enough data is collected to set accurate proba-
bilities1, possibility offers a better alternative [41]. Moreover, possibility is less sensitive
to uncertainty measurement errors [42]. In fact, it has already been used in diagnostic
approaches as an uncertainty model in both single [43] and multiple [41] fault diagnosis
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in centralized contexts.

2.6.2 Centralized Diagnosis (Formalization)

It is important to show a diagnostic process in the formalized framework to be used
later.2 When following a causal scheme to diagnosis using a Petri net model, it is impor-
tant to make the projection of a causal model on a PoPN framework, which would be as
following:

o

A place corresponds to state of a causal model, hence three types of places could be
distinguished accordingly;

o

A transition represents the cause-effect relationship;

o A source place corresponds to an initial state;

O

A sink place corresponds to either an internal state or a manifestation.

We follow the diagnostic problem definition presented in [44] as DP = (BM,Ctz, (
Ut W~ ) ‘Where DP stands for the diagnostic problem, BM represent the behavioral
model of the system to be diagnosed, Ctzr is the set of possible fault hypotheses (the
observations have to be explained by means of elements of Ctz), ( UF | ¥~ ) represent
the made observation such that U+ is for manifestations to be entailed by a diagnosis and
U~ is for manifestations not to be entailed (they are in conflict with the first ones). Such
a problem has been reformulated to the context of Petri nets where, following the causal
model scheme, a diagnostic solution is given in terms of source places (corresponding to
initial nodes) that should have an initial marking ™ that is consistent with the made
observations.

The illustrated definition of a diagnostic problem is considered to be an “abduction
problem with consistency constraints,” in which a diagnosis could be seen logically as a
set of assumptions (A C Ctz) about the presence of a fault such that:

VmeWwt: BM;UAF m;
VneW  : BM;UAF¥F n;
Assumption 1 : The PPN model we use is safe and irreflexive.

Definition :
A marking p of a PPN is said to be final if there is no transitions to be fired at u .
Theorem 1. In a marked PPN there is exactly one final marking.
Proof. This theorem can be proven in the same manner as theorem IV-B of [45], where the
author used the properties: safeness, irreflexitivity and the absence of source transitions
to sketch the final marking uniqueness from determinism.
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The assumption that the net model is safe and irreflexive is a common one for di-
agnostic models. Furthermore, the projection of the diagnostic problem definition on a
PPN framework would result the following definition. A possibilistic Petri net diagnostic
problem is defined as PPNDP = (N, P ( P* , P~ )), such that: an initial marking p'™*
is a solution to PPNDP if and only if the final marking p of N covers P* and zero-covers
P~ according to the following definition.

Definition : Let ) C P and let N = P, T, F be a Petri net, a marking u of a N is
said to cover @ if and only if V p € @ —p (p) = 1; while it is said to zero-cover @ if and
onlyif Vpe @ —-u(p)=0.

To explain the modeling methodology, we suggest the following example of a faulty
PPN model.

State Faulty value
piston—state worn
ground —clearance low
Initial states oil-sump-state worn
spark—plague—mileage high
carbur—tuning severe
oil-consumption high
oil-sump holed
oil-lack intense
engine—temp high
Internal states incr—cool-temp high
cool-leakage high
spark-ign irreg
mixt irreg
mixt—ign irreg
exhaust—smoke black
hole—in—oil-sump yes
Manifestations oil-light on
temp—indic red
smoke—from-ing yes
acc-resp irreg

Table 2.3: States and their faulty values

Example . As a centralized example, let’s re-use the one presented in [46]. We illus-
trate first how a diagnosis is performed in a general manner, then we demystify how PPNs
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Figure 2.10: A simple example of a faulty behavior of a car

t t1 to t3 t4 ts ts

p (0.9, 1.0) | (05, 1.0) | (04, 1.0) | (05, 1.0) | (0.8, 1.0) | (0.6, 1.0)
t 4 ls lg t1o t11 t12

b [ (0.8,1.0)] (0.9, 1.0) | (0.9, 1.0) | (0.8, 1.0) | (0.9, 1.0) | (0.9, L.0)
t 13 14 15 513 t17

b 1 (0.9,1.0)] (0.9, L0y | (08, 1.0) | (0.7, 1.0y | (0.7, 1.0)

Table 2.4: Possibilities associated to transitions of Example above .

29

could be used in this context to model the uncertainty related to the diagnostic
process. The three types of places are distinguishable as in Table 2.4 and the possibility
measures associated to each transition are illustrated in Table 2.4. A diagnosis could be
performed using a reachability graph or invariant analysis [47] [48], albeit the invariant
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analysis approach has been empirically shown to provide better results in terms of time
needed to accomplish a diagnostic process in both centralized and distributed contexts
[49] ,[46]. It is to be noted that the shown example is originally represented logically in
terms of definite clauses without recursion of the form

piston—state (worn) — oil—cons(high) .

2.6.3 T-invariant analysis

Algorithm 1 : T-invariant analysis

Input : PPN model + OBS.

Output : minimal supports o with its possibility values.

Compute T-invariants :

for each pt do

if pt € PT~ then eliminate all source transitions which presented with pt in PT~ .
else

using possibilistic values attached to transitions in PT" to compute possibilistic diagnoses

end if
end for

Conclusion

This chapter was dedicated to intrducing key concepts of a less known uncertainty
formalism which is the theory of possibility. It offers a different perception on the uncer-
tain information with its two measures: possibility and necessity. Possibilistic Petri nets
extend normal Petri nets to capture uncertainty according to this theory. Some basic
properties and characteristics are demonstrated within this chapter as they will be help-
ful for causal model-based diagnosis. In particular, for uncertain reasoning to accomplish
such a diagnosis.



Chapter 3

Development of diagnostic tool
based on PPN

In the previous chapter, we presented a diagnostic technique based on PPNs. Our
work consists in developing a tool for the analysis based on this technique. In order to
achieve the reliability and operational safety of our tool, we will follow the classic soft-
ware life cycle where the technical part of development be seen as the establishment of a
sequence of descriptions more and more precise and closer to an executable program.

We start with requirments definition, followed by a well described architectural design
and a detailed description of such a design and finally the implementation.

3.1 Requirments definition

This is the essential activity at the beginning of the software development process.
Its purpose is to avoid developing a software that is not adequate. As we mentioned
before, our objective is the realization of a diagnostic tool based on PPNs providing :

o A simple graphical user interface to edit a PPN model;
o A simple way to enter all manifestations so that the task of the diagnosis can begins;

o The diagnostic task must be passed through:

— Computing all T-invriants minimal supports of the net model;
— Pruning such supports by applying the described analysis technique;

— Using possibilistic values attached to transitions to compute possibilistic diag-
noses.

3.1.1 Design

The user does the graphical creation and editing of the possibilistic Petri nets, and at
the same time these graphs will be automatically transformed into data structures. Data
structures can be transformed into files (PNML) so that the user can export them or
reimport them.

31
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In our work, we are interested in diagnostic of a PPN model by a well-known algorithm
base on a backward reachability analysis by exploiting T-invariants of the net model. We
can schematize the general architecture of our system by figure [3.1.1]

Possibilistic Petri PPN backward Solutions with
netmodel + OBS  m—j reachability Outputs their
analysis P— possibilities
Inputs \

Possibilistic knowledge
base

Figure 3.1: The general architecture of the system

3.2 Detailed design

The detailed design provides for each component a description of how the functions
of our diagnostic system are implemented in terms of algorithms and data structures .

o Fditing: the editing module takes as input the system model in the form of a PPN
graph representing the causal behavior of the system to be diagnosed.

o Computation: the computation module computes the set of all minimal supports of
the T-invariants of the PPN model.

o Analysis: this module applies the technique presented in chapter 2.

The backward reachability analysis starts from the set of sink transitions that corre-
spond to the abscent manifestations to discard all supports that contains source transtions
that are present with those sink ones in the same support. From the remaining supports,
the technique combines sources transtions to explain the manifestations in W*. Then, it
uses the possibilistic values of all transitions contained in the used supports to compute
the possibility of each solution.

Thus, rather than using the backward reachability graph, the implemented technique
has the advantage to exploit the supports that are computed in an off-line manner.

3.3 Implementation :

After the analysis and design stages, we start the realization of our tool. This
step allowed us to develop everything we studied in the previous chapter. This chapter
represents the different computer tools and development languages that we have chosen
to begin this work.
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3.3.1 XML :

EXtensible Markup Language (XML) is a markup language that has been designed
to store and transport data. The most important thing about this language is that it has
designed to be both human and machine. We used this language to store our files (P /
T, morphisms), from our tool.

3.3.2 PNML :

The Petri Net Markup Language (PNML) is a proposal of an XML-based inter-
change format for Petri nets. Originally, the PNML was intended to serve as a file format
for the Java version of the Petri Net Kernel . But, it turned out that currently several
other groups are developing an XML-based interchange format too. So, the PNML is
only one contribution to the ongoing discussion and to the standardization efforts of an
XML-based format .We used PNML as a format for the description of Petri nets imported
or exported from our tool to give the possibility to exchange models with other external
tools.

3.3.3 NetBeans IDE 8.0.2 :

NetBeans is an integrated development environment (IDE) for Java. NetBeans
allows applications to be developed from a set of modular software components called
modules. NetBeans runs on Microsoft Windows, macOS, Linux and Solaris. In addition
to Java development, it has extensions for other languages like PHP, C, C++, HTMLS5,
Javadoc, and Javascript. Applications based on NetBeans, including the NetBeans IDE,
can be extended by third party developers. NetBeans is also a platform that allows the
development of specific applications (Swing library (Java)). The NetBeans IDE builds on
this platform.

& NetBeansIDE 8.0.2

Turning on modu

Figure 3.2: The NetBeans logo

3.3.4 LATEX:

LaTeX is widely used in academia for the communication and publication of sci-
entific documents in many fields, including mathematics, statistics, computer science,
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engineering, chemistry, physics, economics, linguistics, quantitative psychology, philoso-
phy, and political science. It also has a prominent role in the preparation and publication
of books and articles that contain complex multilingual materials, such as Tamil, Sanskrit
and Greek. LaTeX uses the TeX typesetting program for formatting its output, and is
itself written in the TeX macro language.

The main classes of our tool :

Starts with the class 1 which is used to represent the places of each classical propo-
sition 7; .

public abstract class Node extends Element implements Comparable<Node> {

private static final long serialVersionUID = 1L;
private String id;

private String label;

public Hode() {
gsetSize (32, 32):

public String getId() {
return id;

pubklic void setId(S5tring id) {
this.id = id;

Figure 3.3: Class represent place

The second results is for possibilistic token :

public class Marking {

protected Map<Place, info» map = new ConcurrentHashMap<Place, info>();
private PetriNet petrilet;
private ReentrantReadWriteLock lock = new ReentrantReadWriteLock(true) !

marking

public Marking (Marking marking) {
marking.getLock() .readlock() .lock()
try {
this.map = new ConcurrentHashMap<Place, info>» (marking.map):
¥ finally {
marking.getLock() .readLock() .unlock() ;

Figure 3.4: Class represent possibilistic token

With class info whitch is resresent the possibility and necessity measures :
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1
rackage org.pneditor.petrinet;
public class info {

private double pi;

private double n;

private double tokens;

| public info (doukle pi,double n,double tokens){

this.pi = pi:
this.n = n;
thi=s.token=z = tokens;

3.4 Conclusion

We have seen in this chapter two part, the first part is the tools and languages of
development, i e the different computer tools and languages of development that we have
chosen to start this work, and the second part is part of implementation, ie the step of
producing a tool for the specification .
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General conclusion
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In this manuscript, a model combining the Petri net and the possibility theory has
been presented. The aim of this approach is to allow reasoning on an imperfect knowledge
about a system state.

The main issue treated was also the quantification of the uncertainty associated with
diagnosis, particularly in the centrelized context. To do so, this time, a class of high-
level Petri nets called Possibilistic Petri nets has been used to capture uncertainty on the
ground of possibility theory.

We have seen how the transition firings (or pseudo-firings) can update and revise the
knowledge about the system state represented by the marking. We must point out that
these notions are completely consistent with the theory of Petri nets, because they do not
change the set of actual reachable markings. A possibilisic analysis algorithm for diagnos-
ing PPN was presented in this work by explaining the reasoning of backward reachability
analysis in possibilistic Petri net model. The analysis itself exploits the structural prop-
erties of the model (the T-invariants). An implementation of such a technique has been
realized.
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