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Abstract - The problem addressed in this paper

concerns the temporal sequence recognition for a

dynamic system. Several formal models can be used

such as rule based systems, or graphs such as tran-

sition graphs or Petri nets in order to describe the

sequences to be recognized. Then, according to the

inputs got from the system's sensors at di�erent

times, the goal is to evaluate the con�dence into the

fact that the sequence is in progress. In this paper,

the con�dence is modeled by a distribution of mass

of evidence proposed in the Dempster-Shafer's the-

ory.

Keywords: Discrete dynamic system, Dempster-Shafer,

Belief Petri nets, Arti�cial intelligence.

1 Introduction

Many researches have been developed in order to assist
the car driver in his driving activity. They have led to
the realization of di�erent kinds of tools. To evaluate
their impact on the driving activity, a driver behavior
model must be used [1] . This behaviour is largely cor-
related with the actual driving situation. The aim of
the CASSICE project (French acronym for Symbolic
Characterization of Driving Situations) is to build a
system composed of an experimental vehicle and soft-
ware permitting to store and to analyze the driving
situations, in order to allow a psychologist to study
more easily the behavior of di�erent drivers.

The context of the driving activity is a complex dy-
namic system depending on a lot of actors (vehicles,
other drivers,...), and the information about this sys-
tem consists in the reports of the sensors embedded in
this vehicle.

The aim of this paper is to propose a method to
recognize the state of a sequential system according to
rough data coming from these sensors. This �rst sec-
tion describes the usual representation models of such
systems, and the description of an overtaking maneu-
ver which is a typical example taken from an intelli-
gent vehicle application [2]. In section 2, we present

the resolution of the problem using the di�erent for-
mal models used when the logical inputs are certain.
The section 3 proposes a model of error on the inputs
based on the Dempster-Shafer theory. And �nally, the
resolution taking into account uncertainty is proposed
using the belief version of the formal models presented
in section 4.

1.1 Description of the logical dynamic

systems

The evolution of logical dynamic systems is usually
represented by a sequence of states. Di�erent formal
models can be used to represent this sequence.

Rule-based system The rule-based systems are
mainly used in the arti�cial intelligence community.
The system is modeled by a set of logical rules. An
example of such a system in the CASSICE project is
the IDRES system [3]. It is made up of two levels of
rules. Its role is to recognize inside a data sequence,
one or more a priori known sequence. The �rst level of
the IDRES system is made up of a set of advice-rules.
They have to recognize, at any time, which state is in
progress. Given the criteria selected to recognize each
step, several ones may be candidate at any moment.
The second level has to �nd among all the hypothe-
ses generated, a consistent pattern of a priori known
sequence, that corresponds to the sequences itemized
in the system. The system is organized as indicated
�gure 1.

Transition graph The dynamic system can be mod-
eled by a transition graph as proposed in the DSRC
system [4]. Each sequence is made up of several stages,
some of them being optional. A sequence is appropri-
ately represented thanks to a graph which states corre-
spond to the steps and transitions between states are
realized thanks to the occurrence of particular events
on the inputs.

The DSRC system is made up of two levels of rules.
The rules of the �rst level use rough data in order to
evaluate the truth of the transitions of the graph. The



Figure 1: Both decision levels of IDRES

combination of this information allows the second level
of rules to generate some hypotheses about the stage
of realization of the sequence, that is to say the real
current state.

This formal model takes place between the rule-
based system where no global representation of the sys-
tem is used, and the Petri net system based on a strict
representation of this dynamic system.

Petri net In the system community, the Petri net
formalism is largely used [5]. A Petri net is com-
posed of a set P = fp1; p2; :::; png of places, a set
T = ft1; t2; :::; tqg of transitions or logical propositions,
and a set F � (P � T ) [ (T � P ) of arcs connecting a
place to a transition, or a transition to a place. At each
step k, one of the n places is marked by a token. The
state of a Petri net at a given time step k is de�ned by
a marking mk assigning an integer to each place. The
marks take values in f0; 1g when the net is a state ma-
chine. The marking at time k may then be represented
by a vector Mk = [mk(p1); :::;m

k(pn)]
t 2 f0; 1gn.

Equivalently, the state of the system at time k may
be described by a variable Xk taking values in P . We
then have

Xk = pi ()Mk
i

Similarly, the truth values of the transitions at time k
may be described by the vector Rk 2 f0; 1gq.

Generalization In fact, all these formal models
are based on the same elements: a set of n states
P = fp1; p2; :::; png and a set of q oriented relations
T = ft1; t2; :::; tqg between the states, clearly presented
such as the Petri net or DSRC system, or hidden such
as in IDRES. In the sequential systems, each state is
in relation with only one upper state, and one lower
state and some logical conditions can characterize the
states and/or the transitions. In the IDRES system,
the �rst level deals with the possible states and the sec-
ond level deals with the possible maneuver, contrary to
the DSRC system where the �rst level deals with the
available transitions of the possible maneuver and the
second level with the possible states of the maneuver.

In the following, we propose to consider as a same ap-
proach, the ideas developed in the DSRC system and
the Petri net method.

1.2 Description of a vehicle maneuver

Our approach is illustrated throughout this paper by
a typical example taken from an intelligent vehicle ap-
plication [6]. The goal is to detect and characterize an
overtaking maneuver on a highway composed of two
one-way lanes. An experimental vehicle(EV) goes to
the right lane of the highway. It catches a target ve-
hicle(TV) going on the same lane with a lower speed.
The EV is beginning an overtaking of the TV. It be-
gins to go left for a lane changing, then goes straight
forward. When TV is overtaken, it goes right to the
right lane. The input data can be of di�erent type such
as the acceleration of EV, or the lateral speed, or the
position of the vehicle on the lanes. Note that no tem-
poral information is used, because the duration of each
phase depends on the context of the maneuver (speed,
length of TV, etc.) and cannot be easily evaluated.

Using the formal models presented in the previous
section, this maneuver takes di�erent forms.

Rule based system In the IDRES model, the states
are identi�ed by a set of rules such as represented in
Table 1.

Table 1: Example of advice-rules

Rule Waiting_for_overtaking
If EV and TV same right lane

EV behind TV
Then State=Waiting for overtaking

Rule Crossing_left_line
If Moving to the left

Crossing the left discontinued line
Then State=Crossing the left discontinued line

From states found by the advice-rules of the �rst
level, the second level rules must select a sequence of
states. We consider that a sequence of states is re-
cognized when it matches with the di�erent known se-
quence of states. For example, the most basic manner
to validate the "Left lane change" maneuver would be
to validate the three states which compose it ("1- Be-
ginning of left lane change", "2- Crossing the right dis-
continued line", "3- End of left lane change") respect-
ing this chronological order.

Some sequence recognition rules are described with
a textual syntax in Table 2.

Petri net A Petri net for this problem is shown on
�gure 2. It is composed of 5 places and 4 transitions,
the interpretation of which are given in Table 3. The
token is initially in place p1, and ends up to place p5.



Table 2: Example of sequence recognition rules

Rule Begin_of_manoeuvre
If
A state S is found
This state S is the �rst state of the sequence M
The sequence M has not still be recognized
Then
The sequence M is in progress with the state S

Rule Same_sequence_same_state
If
A state S is found
This state S is included in sequence M
The sequence M is in progress with
the same state S
Then
The sequence M is in progress with the state S

Rule Same_sequence_next_state
If
A state S2 is found
The sequence M is in progress with
the state S1
The state S1 precedes the state S2 in
the sequence M
Then
The sequence M is in progress with the state S2

2 Logic resolution of system

2.1 The rule based system IDRES

The following principles have been adopted for the
recognition of the sequence performed :

� It is necessary to respect the order of the states
inside the sequence

� Some states inside a sequence may not be recog-
nized.

� When the system is not able to detect a state at a
given moment k, the concept of persistence of the

Table 3: Interpretation of places and transitions in the
overtaking maneuver example

p1 Initial state: Waiting for overtaking
p2 Left lane change
p3 Overtaking
p4 Right lane change
p5 Final state
t1 Positive lateral speed and

positive steering wheels angle
t2 small lateral speed and

positive or small longitudinal acceleration
t3 negative lateral speed and

negative steering wheels angle
t4 small lateral speed and

positive or small longitudinal acceleration

Figure 2: Petri net for overtaking maneuver. Places
are drawn as circles, and transitions as boxes. The
token is in place p2

previously detected state is used. This persistence
is only valuable during a short interval of time.

The second decision level rules are developed inde-
pendently of any application domain. They respect the
three conditions described below. IDRES �nds all pos-
sible a priori known sequences that may correspond to
the real sequence of the dynamic system without de-
termining the most relevant one.

2.2 The Petri nets

The evolution of the net depends on its structure and
on the validity of the transitions. Let R denote the
vector of truth values of the transitions. If R is known,
the marking at time k+1 is completely determined by
the marking at time k. We can de�ne a transition
function

f : P � f0; 1gq 7! P

such that f(p;R) = p0 if Ri = 1 for some transition ti,
connecting p to p0, and f(p;R) otherwise. The states
Xk and Xk+1 of the system at time k and k + 1 are
therefore related by the following equation:

Xk+1 = f(Xk; Rk)

2.3 Comparison between the two meth-

ods

In fact, the IDRES system and the Petri net have a
similar behaviour. The places of the Petri net corre-
spond to the states described in the �rst level of rules
of IDRES. The conditions of a rule associated with a
state can be interpreted in the Petri net such as the
logical proposition associated with the upper transi-
tion of a place. The second level of rules takes into
account the recognized sequence of the states, in the
same manner than Petri nets do when they use the f
transition function in order to describe the sequence
of the states. When the initial state (or place) is well
known and the propositions associated with the inputs
are sure, the two formal models lead to the same re-
sults. The di�erence comes only from the representa-
tion of the dynamic system.

3 Con�dence evaluation of logic

propositions

The evolution of the system is completely dependent
on the measures got from the physical system. Gener-
ally, these measures are numerical ones. To the numer-
ical values of the inputs correspond logical values that



Figure 3: De�nition of the symbolic values of the speed

characterize the truth value of a state or a transition.
Because of the limited precision and reliability of the
sensors, the truth values of the logical data are usually
not known with certainty. We propose to model the
con�dence of the logical data by a belief function, as
proposed by Dempster and Shafer in [7]. The transi-
tions from the numerical values to the logical ones can
be made using statistical measures like in [8]. In this
paper, we propose to use expert knowledge about the
dynamic system and we present two di�erent examples.

3.1 Con�dence in the inputs

The method is based on the evidence theory also
named Dempster Shafer theory [7]. The knowledge
about the problem induces a basic belief assignment
modeled by a distribution of mass of evidence m on
the propositions A, subsets of the set 
 = fHig of hy-
potheses. A can be a singleton (or single) proposition
such as fHig but also a composed proposition such as
fHi; Hjg for instance. The distribution of mass takes
values in 2
, the power set of 


m : 2
 ! [0; 1]
A ! m(A)

Some properties are attached to this distribution of
mass:

m(;) = 0P
A�
m(A) = 1

The propositions of 2
 that have a mass not equal to
zero are named focal elements. The value m(A) rep-
resents the degree of evidential support that a speci�c
element of 
 belongs to the set A, but not to a partic-
ular subset of A.

In the Petri nets, the logical vector R of truth values
of transitions is transformed in the belief matrix R of
size (q; 3), such that

Ri;1 = mi(f0g) Ri;2 = mi(f1g)
Ri;3 = mi(f0; 1g) 8i 2 f1; � � � ; qg

3.2 Model of the speed of EV

The speed of EV can be described by three linguis-
tics terms such as low, middle, and high. The set
of de�nition of the logical speed is then 
speed =
flow;middle; highg. The distribution of mass of ev-
idence is de�ned on 2
speed . Each term of 2
speed can
be represented in the numerical speed reference as a
fuzzy set such as represented on �gure 3

Figure 4: De�nition of the symbolic values of the lanes

On this example, the distribution of mass associated
with the value s of the speed is then :

ms(middle) = 0:8
ms(middle [ low) = 0:2

It can be noticed that all the propositions of 2
 are
modeled by a fuzzy set such as (middle [ low)1.

If the transition ti is described by the logical propo-
sition the speed is middle, the truth value vector Ri of
the transition is then

Ri;1 = mi(f0g) = 0 Ri;2 = mi(f1g) = 0:8
Ri;3 = mi(f0; 1g) = 0:2

3.3 Model of the situation of EV on the

lanes

The lateral position of the three lines delimiting the
lanes of the road is get from a CCD camera. From
these reports, the expert system built a model of the
road using fuzzy set in order to locate EV on the right
or left lanes. The space of de�nition is then 
lane =
fleft; left_lane; right_lane; rightg. An example of
representation is given on �gure 4. For instance, the
three lateral positions of the lines referred to the EV
are y1 = �1:7m; y2 = 1:2m; y3 = 4:3m. According to
the accuracy on these reports, the symbolic lanes can
be built.

3.4 From the inputs to the conditions

The conditions of the �rst level rules or of the transi-
tions are a logic combination of the symbolic inputs.
So a distribution of mass can be attached to each of
them. For two logical propositions2 A and B de�ned on

A = fA;Ag and 
B = fB;Bg, a distribution of mass
mA andmB de�ned on 2
A and 2
B are attached. The
evaluation of the con�dence on the proposition A \ B

is made by combining the distributions mA and mB on
2
A�
B using the Dempster's combination rules usu-
ally de�ned by equations 1

m1;2 = m1 �m2 (1)

m1;2(U) =
X

V \W=U

m1(V ):m2(W )

for U; V;W � 
 the common space of discernment.

1The two principle logical operations are AND usually writ-

ten \ and OR written [.
2A means A is FALSE and A means A is TRUE



Because A \B = A[B = (A\B)[(A\B)[(A\B)
the distribution of mass mA\B de�ned on 2
A�
B is :

mA\B(A \B) = mA(A):mB(B)

mA\B(A \B) = mA(A):mB(B)+
mA(A):mB(B)+
mA(A):mB(B)+
mA(A [ A):mB(B)+

mA(A):mB(B [ B)
mA\B(A \B [ A \B) = mA(A):mB(B [ B)+

mA(A [ A):mB(B)+
mA(A [ A):mB(B [B)

The same reasoning can be made for the OR logical
operation that leads to:

mA[B(A [B) = mA(A):mB(B)+
mA(A):mB(B)+
mA(A):mB(B)+

mA(A):mB(B [ B)+
mA(A [ A):mB(B)

mA[B(A [B) = mA(A):mB(B)
mA[B(A [B [ A [B) = mA(A [ A):mB(B [B)+

mA(A [ A):mB(B)+
mA(A):mB(B [ B)

4 The Belief models of resolution

Although the previous models do not include any form
of uncertainty, it is interesting to give some notions
of a probabilistic interpretation of the states. For the
Petri net, since mk(pi) = 1 means that the token is for
sure in the place pi may be interpreted as a probability,
taking value in f0; 1g, then the state at the time k is
Xk = pi. In the same way, let p be an input place
of transition ti and p0 be the output place. Then, Rk

i

may be interpreted as a conditional probability that
the state at the time k + 1 is Xk+1 = p0, given that
Xk = p. The belief Petri net model [9] was introduced
to deal with situations in which the goal is to identify
the state of dynamical system at time k with partial
or no a priori knowledge of the initial states, and/or
when the transitions are uncertain. The structure of
the net is assumed to be known, and is the same as
considered in �gure 2. This model is largely described
in [10]. We present in the following section, the main
ideas of the method. Then we show in the next section
that the IDRES system is equivalent to a belief Petri
net with particular conditions.

4.1 Belief Petri net

Belief Petri net use the Transferable Belief Model
(TBM)[11], a subjectivist interpretation of Dempster-
Shafer theory, to quantify one's belief concerning the
state of the system at each time step. More precisely,
one's belief regarding the value variableXk is described
by a Basic Belief Assignment (BBA)mk i.e., a function
from 2P to [0; 1] verifying

X

A�P

mk(A) = 1

For any set A of places, mk is interpreted as a portion
of a unit mass of belief, that one is willing to commit to
the hypothesis thatXk 2 A. By analogy with the stan-
dard Petri net model, we may de�ne an extended mark-
ing vector Mk = [mk(A1); :::;m

k(A2n)]
T 2 [0; 1]2

n

,
where A1; :::; A2n are the 2n subsets of places. In this
model, the marking thus takes the form of a distribu-
tion of mass on the power set of P .

The problem is to combine one's knowledge of the
state of the system at time k, represented by mk, with
one's knowledge of the transition at k, represented by
the mk

i for i = 1; � � � ; q, to arrive at a BBA mk+1 quan-
tifying one's belief regarding the state of the system at
time k+1. In [10], we have proposed to apply the Gen-
eralizes Bayes Theorem (GBT) [12]. One's belief about
Xk+1 conditionally on Xk being equal to p, may be de-
duced from mk

i . If m
k+1jk(Ajfpg) denotes the mass of

belief assigned to the hypothesis Xk+1 2 A � P and if
f(p;R) = p0, given that Xk = p, we then have:

mk+1jk(fpgjfpg) = mk
i (f0g)

mk+1jk(fp0gjfpg) = mk
i (f1g)

mk+1jk(fp; p0gjfpg) = mk
i (f0; 1g)

Then, mk+1jk(�jA) may be obtained as the disjunctive
sum of mk+1jk(�jfpg), for all p 2 P :

mk+1jk(�jA) =
[

p2A

mk+1jk(�jfpg) 8A � P

Finally, the GBT allows to combine one's belief re-
garding Xk, with one's belief regarding Xk+1, condi-
tionally on Xk, as

mk+1(A) =
X

B�P

mk(B):mk+1jk(AjB) 8A � P

4.2 Belief IDRES and belief Petri net

A same belief approach can be proposed in the case of
IDRES formalism. In this case and for the �rst level
of rules, several states can be true simultaneously. To
each state s is associated a distribution of mass ms

de�ned on the power set of 
s = fs; sg where s means
that the real state X is s, and s means that the real
state X is not s. At time k, the �rst level of rules leads

to an estimation of the distributions of mass m
k+1jk
s

only depending to the inputs at time k that partially
corresponds to the conditional mass mk+1jk de�ned on
2P for the belief Petri net.

For instance, the rule Waiting_for_overtaking can
be described as presented in Table 4.

In order to evaluate the con�dence on the realization
of the sequence M , it is proposed to assign a mass of
belief for M on the power of the space 
M =

Q
i
si

where si are the states of the sequence M :

mM : 2

M

! [0; 1]

M = fM;Mg

where the logical value M =
T
si.



Table 4: Example of belief advice rules for the state
s = Waiting for overtaking

Rule Waiting_for_overtaking
De�nition of the logical values
a =EV on the right lane
b =TV on the right lane
c =EV behind TV
Evaluation of
ma de�ned on 
a = fa; ag
mb de�ned on 
b = fb; bg
mc de�ned on 
c = fc; cg
Combination of
ma �mb �mc = ms de�ned on 
s = fs; sg
such as s = a \ b \ c

In order to be combined, the mass of evidence msi

are extended to the space 2

M

:

msi(si) = m0
si(si \ (

T
j 6=i 
sj ))

msi(si) = m0
si(si \ (

T
j 6=i 
sj ))

msi(
si) = m0
si(
T
j 
sj )

The second rules level can be modi�ed, taking into
account the plausibility P l(si) of the states si of the
sequenceM such as represented Table 5. We remember
that the plausibility P l(A) of a proposition A of 2
 is
de�ned by the relation:

P l(A) =
X

B=B\A6=;

m(B)

and the belief Bel(A) is de�ned by:

Bel(A) =
X

B�A

m(B)

The sequenceM can be recognized when Bel(M) =
Bel(
T
si) 6= 0, that means all the states si of M have

been reached during the realization of M .
The two proposed models are based on the same

principle. The belief Petri net allows us to deal with
a system for which the initial state is unknown (the
initial mass of the set P is one, m1(P ) = 1). In the
IDRES system, the �rst reached state must be the �rst
state of M , but it is possible to quantify the quality
of the realization of M . The simulations give exactly
the same results when the initial state is known and
for the same inputs data.

5 Conclusion

In this paper, several approaches are proposed to deal
with the temporal sequence recognition coming from
the Arti�cial Intelligence community and System com-
munity. For all these approaches, the same formal
model of con�dence is used: the basic belief assign-
ment proposed in the Dempster Shafer's theory. At
�rst, a proposition to model the con�dence of the sen-
sor reports is used. Then the algorithms are modi�ed

Table 5: Example of belief sequence recognition rules

Rule Begin_of_sequence
If
P l(s1) = 1
This state s1 is the �rst of M
M has not still be recognized
Then
M is in progress and mk

M = m0
s1

Rule Same_sequence_same_state
If
P l(si) = 1
This state si is included in M

M is in progress
Then
M is in progress and mk

M = mk�1
M �m0

si

Rule Same_sequence_next_state
If
P l(si+1) = 1
M is in progress
The si precedes si+1 in M

Then
M is in progress and mk

M = mk�1
M �m0

si+1

in order to take into account this con�dence. Finally,
it can be shown that under particular conditions (the
initial state is known), the two approaches lead fortu-
nately to the same results.
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