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In this paper we present a methodological approach designed to automate the decision-making in
logistic systems, with deterministic time, by solving optimization problems. The Colored Petri Net
(CPN) formalism has been used as a base to develop a methodology that integrates the features of
operational research, artificial intelligence and simulation fields. At the same time, it combines the
modeling of discrete event systems with simulation, analysis and system optimization, transforming
a conceptual model into a simulation model, and a decision problem into a search problem. The use
of the CPN formalism has allowed the integration of all of these different research fields into a unique
decision support tool.
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1. Introduction

A methodology for solving optimization problems, in the
logistics field, should explain how to go from the de-
scription of a problem related to a logistic process to its
specification in a formal model. This model should repre-
sent the behavior of the process, and indicate how it could
be solved in order to find and optimize the solution of
the problem. With the purpose of improving the process

c
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performance, this should be done in a way that ensures
that this solution could be used in the decision-making
activity.

The complexity for the decision-making in the logis-
tics field appears due to the relations among the activities
that should be properly coordinated, as well as the con-
sequences (effects) of the different decisions. An evalu-
ation of all of the possible decision alternatives requires
an evaluation of the different states that the system can
reach. It is considered to be a NP-hard combinatorial
problem that cannot be solved by using polynomial time
algorithms.

It is important to emphasize that interest in the solution
to this type of problem in the logistics field is related to
the economic advantages that would be obtained from a
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better coordination of the production operations, as well
as, among others, transportation and storage operations.
In this context, the important individual efforts that have
been made up to now in the areas of Artificial Intelligence
(AI), Operational Research (OR) and simulation cannot be
considered to be completely satisfactory. There are several
promising research modeling methodologies that combine
AI, OR and/or simulation methods. Although the results
obtained are quite promising for some industrial and lo-
gistic problems, these problems are still considered nowa-
days a frontier research area, in which there is a no generic
well-accepted solution.

As the logistic problems are usually NP-hard, no stan-
dard solution techniques are available and in many cases
feasibility problems rather than optimization problems are
faced. The discrete optimization approaches used most
often to solve such problems are deterministic methods,
such as mathematical programming including Mixed In-
teger Linear Programming (MILP) and Mixed Integer
Nonlinear Programming (MINLP), or logic-based opti-
mization including Generalized Disjunctive Programming
(GDP) and Constraint Programming (CP). The applica-
tion of these methods has successfully solved many logis-
tic and industrial problems [1–5].

Although using these deterministic methods, problems
can be solved quite efficiently, sometimes do not solve
certain practical problems in reasonable time, and re-
quire a deep knowledge on computational causality (i.e.
MILP models can consist up to hundreds of thousands
of constraints and variables for some industrial problems)
to deal with appropriate model reformulations, generate
new algorithms to improve the convergence to the optimal
solution, and/or combine with other methods, including
heuristics and metaheuristics [6–9].

Thus, from the computational side, the inherent com-
plexity of logistic problems can easily exceed hardware
and algorithmic capabilities and, from the modeling side,
model formulation and model maintenance can become a
hard task when using these optimization methods. Some
modeling approaches have been developed to alleviate the
problem formulation. One of most relevant contributions
in the industrial field for discrete time models is the State-
Task Network (STN) representation [10], which allows
the unambiguous representation of processing networks of
any complexity.

The STN represents physical processes as recipes, by
using only two types of nodes: state nodes that corre-
spond to feeds, intermediates and final products� and task
nodes that represent processing operations. In general, it
is assumed that each process unit can perform several of
the tasks in the STN network. The STN representation is
translated and solved as a MILP model. Another repre-
sentation, the Resource-Task Network (RTN), proposed in
[11], leads to a more compact model than the STN. It is
interesting to note that both the STN and RTN models can
handle networks with arbitrary topology, flow equations
for the mass balances, all types of transfers and resource

constraints, and are based on a discrete or continuous time
representation [2].

In this paper we propose an alternative to represent Dis-
crete Event Systems (DESs) by using the Colored Petri
Net (CPN) formalism [12, 13], which is ideal to capture
the cause-and-effect relationship between different system
states, formalizing in this way the knowledge of the sys-
tem. In fact, the Petri Net (PN) formalism is famous for its
solid theoretical base and clear syntax, which is also used
in the optimization and control problems of manufacturing
systems [14, 15]. However, PN lack primitives to support
information flow, which is critical in any logistic or pro-
duction decision-making activity. CPN can be considered
as an extension of the original PN formulation to support
information aspects.

A comparative study among deterministic methods and
optimization analysis tools based on the CPN formalism
is not easy and it is beyond the scope of this paper. Some
comparative results between a CPN representation and
MILP can be found in [16, 17], which illustrate a com-
parison between MILP and PN. Actually, it is well ac-
cepted that the CPN formalism is very useful to explic-
itly represent the states and system events, using an intu-
itive graphical representation with a very precise and un-
ambiguous semantic that supports the analysis of concur-
rency, synchronism and causal dependency between sub-
systems, which are very typical dynamics that appear in
logistic systems. In [12, 18–20], the main advantages of
using PN and CPN to model industrial systems are de-
scribed. According to the research groups involved in the
CPN area, it is expected that powerful CPN-based tools
will be available for industrial use in the near future [21].

Regarding the STN representation, there exists graph-
ical similarities between STN and PN/CPN (i.e. both for-
malisms use only two type of nodes), but the STN de-
scribes processes as a network of tasks and states, while
CPN describes processes as a set of interrelated events. A
comparative between STN and PN (extensible to CPN) is
shown in [22]. It is emphasized that a fundamental differ-
ence is observed in the time domain representation, since
CPN works in the discrete event time domain.

Although the CPN formalism supports stochastic time
models by using Stochastic Colored Petri Nets [23, 24],
the proposed methodological approach only supports the
analysis of deterministic time models. The methodology
presented here attempts to be useful in solving optimiza-
tion problems for logistic systems that could be abstracted
as DESs. It proposes the integration of evaluation methods
(simulation) with search methods and optimization (AI,
OR). This integration would take place through the con-
struction of state spaces of the CPN models [12, 13, 25],
all in order to satisfy the requirements for the solution to
this type of industrial problem.

In contrast to other research alternatives that use the
CPN as a modeling formalism, which only treat problems
within very specific areas [25–29], the developed method-
ology can be applied to solve DES optimization problems
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in general as well as logistic decision problems in partic-
ular. It also covers different phases such as a description
of the problem, the system model, efficient representation
of knowledge, construction and simulation of the decision
model, and analysis of the simulation results. A computa-
tional tool is available to aid the decision-making and acts
as support to this methodology. Although this tool brings
important benefits to the solution of optimization prob-
lems, thanks to the implementation of analysis methods,
the reduction of the state space (the set of all states that
are achievable from the initial state), and methods used to
reduce computational time, unfortunately global optimal-
ity cannot be guaranteed except for those systems with an
upper bound in the number of states to be evaluated.

In Section 2 of this paper we present the CPN for-
malism, and in Section 3 we describe the requirements
on which the development of the methodology has been
based. In Sections 4 and 5 we describe the methodologi-
cal proposal as well as the methodological steps that have
been developed. Section 6 illustrates the application of the
methodology in order to resolve a reference optimization
problem (benchmarking), representative of a real-world
logistic system. Finally, in Section 7 we present the con-
clusions obtained on the development of the methodology.

2. Colored Petri Net Formalism

The CPN formalism is well known by the AI, OR and sim-
ulation community for its capability to represent, simulate
and analyze DESs. CPN has been chosen as the model-
ing formalism due to its ability to describe the complete
structure of a system together with its behavior and the
information about the system state through the use of a
graphical representation. A CPN is an extension of the
PN formalism, and can be defined as a bipartite directed
graph describing the structure of a DES, while the dynam-
ics of the system are described by the simulation of the
CPN. The main CPN components are place nodes, tran-
sition nodes, directed arcs, arc expressions, guards, color
sets and tokens [12, 13]. Mathematically, a CPN can be
defined as a tuple of nine elements:

CPN � ��� P� T� A� N�C�G� E� I �

where:

� � � �C1�C2� � � � �Cnc� is a finite set and not empty
of color sets, nc is the total number of color sets
in the CPN model� this allows the specification of
attributes that must be defined for every entity type
(token) that needs to be modeled�

� P � �P1� P2� P3 � � � � � � Pnp� is a finite set of place
nodes that permits the system’s state specification,
np is the total number of place nodes in CPN model�
each place node contains tokens and is defined by
the color of each token�

� T � �T1� T2� T3 � � � Tnt� is a finite set of transition
nodes, nt is the total number of transitions nodes in
the CPN model�

� A � �A1� A2 � � � Ana� is a finite set of arcs such that
P�T � P�A � T �A �Ø, na is the total number
of arcs in the CPN model�

� N is a node function that allows the association of
each arc with its node terminals (origin and destina-
tion nodes)� the nodes must be of different types, i.e.
if a node is a transition, the connecting node must
be a place and vice versa

N : A � �P 	 T � 
 �T 	 P���Ai 
 A�!Pj


 P � �!Tk 
 T : [N�Ai �

� �Pj � Tk� � N�Ai � � �Tk� Pj �]�
i � 1� 2� � � � na� j � 1� 2� � � � np�
k � 1� 2� � � � nt

� C is a color function that allows the specification of
the entity type (colored token) that can be stored in
every place node

C : P � ���Pj 
 P�!Cq 
 � :
�
C�Pj � � Cq

� �
j � 1� 2� � � � np� q � 1� 2� � � � nc

� G is a guard function that is associated with a transi-
tion node� it enables or disables an event associated
with the transition in function of the color value of
the entity attributes to be processed

G : T � Boolean��Tk 
 T : [t ype�G�Tk��

� Boolean � t ype��ariables�G�Tk��

� �]� k � 1� 2� � � � nt

� E is an arc expression function� P j can represent an
input place (arc Ai from place node to transition)
or an output place (arc Ai from transition to place
node)� the arc expression of input places indicates
the subset of tokens that can be used to enable a
transition� an enabled transition can be fired, using
the arc expressions of output places to compute the
new color values of the generated tokens

E : A � C�Pj ���Ai 
 A : [ti po�E�Ai ��

� C�Pj � � ti po��ariables�E�Ai���

� �]� i � 1� 2� � � � na� j � 1� 2� � � � np
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� I is an initialization function that specifies color val-
ues of the initial tokens stored in each place� this is
referred to as the initial state of the CPN model

I : P � C�Pj ���Pj 
 P : [ti po�I �Pj ��

� C�Pj �]� j � 1� 2� � � � np

The place nodes are represented graphically by circles
(or ellipses) and can be used to describe the system com-
ponents (resources and entities). In general, they describe
the state of system components. The transition nodes are
represented graphically by rectangles and can be used to
describe events, actions or activities that appear in the
dynamics of a system. The directed arcs are represented
graphically by arrows, and are used to connect a place
with a transition, or a transition with a place. The tokens
associated with the place nodes are used to model the state
of the system components, for example, the number and
type of entities (parts, resources, people, etc.), or the state
of resources (working, free, idle, etc.). In a CPN model,
each token has a data type attached called the token color.
For a given place node, all tokens must have colors (col-
ored tokens) that belong to the specified type. This type
is called a color set of the place node, and is indicated by
the name of the color set on one side of the place node.
Color combinations determine the possible values for the
tokens. The initial color tokens are specified by an under-
lined expression next to the place node, with the following
information:

n��c1� c2� c3� � � � � cr � � � � � cnr �

in which n represents the number of tokens with the color
values described in parentheses, cr represents the value of
a color, and nr is the number of attributes of the color.

When the color values of tokens are not identical for all
elements of the same node, the ‘+’ is used to specify the
colors values of each token:

n�1�c11� c12� c13� � � � � c1r � � � � � c1nr �

� n�2�c21� c22� c23� � � � � c2r � � � � � c2nr ��

The arc expressions describe the conditions for state
changes occurring in the system. Tokens are inspected by
the input arc expressions to a certain transition, in order to
determine whether the transition is enabled or not. When
a transition is enabled it can be fired. The effect of firing
a transition is that some tokens are removed from place
nodes connected at the input of the transition and added to
place nodes connected at the output of the transition. The
number and type of tokens removed/added is specified by
the arc expressions associated with the input/output tran-
sition arcs. Guards expressions can be considered logical
conditions attached to each transition, which also deter-
mine whether a certain transition can be fired or not.

Guards are formalized graphically in brackets ‘[ ]’ lo-
cated next to the transition. The marking represents the
minimum information needed to predict which potential
events may occur (i.e. the state of the system). Marking is
specified by the number of tokens in each place node and
the color values of each token.

Figure 1 illustrates the graphical components of a CPN
model. A marking Ms represents a state of the system,
which is described by specifying the colored tokens in
each place node of the CPN. The initial marking (initial
state of the system) is represented by marking M0.

3. Requirements of the Methodology

The development of the methodology is based on three
requirements considered essential to solving an optimiza-
tion problem in the logistics field. These conditions have
been taken into consideration because they summarize the
process for solving this kind of problem. They begin by
modeling the problem (modeling requirement), going on
to analyze the different decision alternatives that can be
used in problem solving (analysis requirement), and finish
by selecting the best alternative decision: the one that op-
timizes the solution to the problem (optimization require-
ment).

3.1 Modeling Requirement

In order to develop the methodology, logistic systems that
can be represented as a DES have been considered. The
main behavioral feature of a DES is that the system does
not change its state until an event occurs (i.e. an event
generates an instantaneous change in the state of the sys-
tem). Time advances from event to event and the latter take
place chronologically, but not necessarily at regular time
intervals of time. The complexity of decision-making in
such systems is that any decision can block, freeze, de-
lay, enable/disable future events (upstream, downstream)
even if not directly related to the event associated with the
decision.

In addition, it must be taken into account that the
aspects of concurrency, synchronization and parallelism
in a DES are critical to decision-making. For example,
consider the interaction of processes in a manufacturing
system: its dynamic nature and the need for a proper
coordination of machines, tools, equipment and opera-
tors are critical aspects for improving production per-
formance. When production operations use the same re-
sources (finite) such as machines, stocks, tools, the com-
petition for resources transforms the flow of information
into a vital function for dealing with a proper system per-

timely allocation of manufacturing operations as well as
with the group of orders that should be ready to process at
each particular station at any moment in time. This should
be done by deciding on the sequence in which they will be
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Figure 1. Graphical components of a CPN model

executed and calculating the initial and final times result-
ing from each operation.

Knowledge about the behavior of a DES is not easily
acquired by simply analyzing output data, but by also un-
derstanding the events and how they are related. Thus, a
modeling formalism that represents these types of systems
should support data/information and processes/activities
relations specification. It should do so in such a way that
the effects of an event can be easily predicted, in order
to enable or disable the occurrence of other events (deci-
sions/options). On the other hand, the stochastic, dynamic
and asynchronous nature of logistics systems requires a
modeling formalism that takes all of these characteristics
into account, allowing for a representation of their be-
havior in line with possible configurations. It also must
support the improvement and automatic extension of the
model over time, as well as its maintenance, in order to
reflect changes in the domain modeled.

A requirement for the development of the methodol-
ogy is therefore to build a model that provides all of the

events of the DES and the relations between them. This
will serve to represent the behavior of the complete sys-
tem, and to choose the best alternative at each step of the
decision, as a means of reaching objectives through the
best combination of time and using the system resources.
What is considered most suitable for modeling or repre-
senting these features in this kind of methodology is the
use of a knowledge representation technique. This tech-
nique should allow not only the incorporation of knowl-
edge about the behavior of the system, but also about an
analysis of all possible future events, while controlling the
generation of the different system states.

In this regard, the CPN offers tools for knowledge
representation that are needed to formalize either the at-
tributes or characteristics of the entities that flow into the
system, and also the properties that these entities must
possess so that a certain event can take place. It has been
demonstrated that they are good tools for modeling logis-
tics systems owing to several qualitative advantages, such
as the ability to contain both the static and dynamic struc-
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Figure 2. Reachability tree of a CPN (state space): analysis requirement

ture of the system, together with the physical layout con-
straints and its graphical nature. In addition, the CPN for-
malism is appropriate for modeling and visualizing behav-
ioral patterns that show concurrency, synchronization and
shared resources: key factors in decision-making in logis-
tics systems.

The use of the CPN to formalize the behavior of
DES can be regarded as a technique of knowledge rep-
resentation since it allows the representation of entities
and their state (places and colored tokens), events (tran-
sitions), behavior (firing of the transitions) and meta-
knowledge (guards). It also possesses the minimum set of
conditions needed by any technique to represent knowl-
edge: transparency, naturalness, clarity, efficiency, ade-
quacy and modularity.

3.2 Analysis Tools Requirement

Once a model has been developed, its behavior must be
analyzed in order to evaluate the different decision alter-
natives that can be put forward for solving a DES problem
at any of the system’s states. Simulation techniques can be
used to carry out the analysis task. From the system model
(knowledge representation), these techniques should al-
low the evaluation of their performance and the analysis
of the different sequences of events that may occur (op-

eration sequences, transportation sequences, etc.) The ob-
jective is to determine the most appropriate sequence of
events or, likewise, to find an efficient solution to the de-
cision problem.

Although current environments of simulation allow the
automatic evaluation of different operation alternatives, in
systems with a considerable number of scenarios that re-
quire evaluation, formalizing the model so that different
scenarios can be specified through changes in parameter
values is not possible. It is practically impossible to sim-
ulate all of the operation alternatives in order to provide
a correct answer within a given time interval� analytical
tools must also be used for evaluating all possible opera-
tion alternatives in order to select the best configuration of
decision variables.

The proposed methodology uses an analysis method
offered by the CPN formalism. The purpose of this
method is to build the state space, also called an occur-
rence graph or reachability graph/tree, of a system mod-
eled by a CPN. The basic idea behind a reachability tree is
to build a graph that contains a node for each state (mark-
ing of a CPN) reachable in the modeled system, and an
arc for each event occurrence (transition firing of a CPN),
allowing a representation of the system’s dynamic proper-
ties as shown in Figure 2.

Assume that we have a CPN model with two place
nodes, A and B (Figure 1), two transition nodes, T1

SIMULATION Volume 86, Numbers 5-6374
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and T2, and an initial marking M0 � [3��1� � 3��2� �
3��3�� 1��1� 0��1��2� 0��1��3� 0�] (i.e. three resources are
free and there are three parts waiting for each resource):

� Each node in the tree represents a marking (state of
the system: M0, M1 . . . , Mns � ns is the total number
of states in the reachability tree), which is described
by specifying the tokens in each place node of the
CPN: the first column represents the tokens in place
node A and the second column represents the tokens
in place node B.

� Each arc represents the firing of a certain transition.
The identification of the fired transition, together
with the tokens used to enable the transition, is de-
scribed by the text associated with the arc. The left
component of the pair indicates the transition while
the right component corresponds to token informa-
tion.

� Graphically, the node with the thicker edge repre-
sents the initial marking.

The reachability tree determines the set of states M �
�M1� M2� � � � � Mns� which can be reached from the initial
state M0. The rules to generate the reachability tree are:

� The root of the tree is the initial state M0.

� For each node of the tree, a child node is generated
for each transition enabled for that state. The child
nodes represent the state of the CPN once each of
the enabled transitions is fired.

� When a child node is generated with a marking that
already exists in the tree, this node is regarded as an
old node and no new nodes are generated from it.

� A node that has no enabled transitions is regarded
as a leaf node.

� A node that is not considered an old node, or leaf
node, is considered a new node to indicate that it is
possible to generate new child nodes.

This method of analysis, the formal definition of which
is described extensively in [12], is the basis for state space
exploration of DESs. Exploring the state space by generat-
ing the reachability tree of a CPN is part of the methodol-
ogy that will provide solutions to optimization problems,
which is described in Section 5.

3.3 Optimization Requirement

The efficient assignation of the values of the decision vari-
ables (optimization) which have been specified in the DES
model requires that the system be described as a deci-
sion problem of OR. This problem must be solved to op-
timize the system operation. However, in generating the

state space of real logistical systems, the number of states
may grow to a size computationally prohibited. On the
other hand, the computing time required to explore in an
exhaustive manner a state space with these features re-
stricts their use to academic systems. To control the expo-
nential growth in the evaluation of possible alternatives,
it is necessary to use effective search algorithms that al-
low the selection of a subset (best alternative) of pos-
sible system configurations. The simulation/optimization
approach proposed in [30] justifies the use of heuristics as
an obvious solution that can guide a search trying to im-
prove the assignation of decision variables regarding cer-
tain performance measures of interest.

The basic idea underlying the dynamic generation of
the state space of a DES, specified by the formalism of
CPN, is to translate a problem of planning, scheduling or
routing into a search problem in the state space of the sys-
tem. This should be done in a way in which, through the
use of a cost function and heuristics, it would be possible
to obtain the best possible path from some initial state of
the system (M0) to a desired final state (M f ). This means
finding a combination of events that could be considered
a good solution (in the best case, the optimal solution) of
the decision problem (see Figure 3).

4. Methodological Proposal

Although OR provides techniques to optimize the right se-
quence of operation to be assigned to different production
resources, in many cases it is necessary to adjust the for-
mulation of the decision model so that it can be solved by
existing methods (formulating simplified decision mod-
els). Therefore, it is not possible to guarantee that the op-
timal solution of the model corresponds to the optimal
solution of the problem. In this sense, the simulation has
proved to be useful for evaluating the performance of dif-
ferent configurations and/or alternative operating proce-
dures for complex logistics systems and production sys-
tems. However, when simulation techniques are applied,
several limitations arise due to the inability to evaluate
more than a fraction of the immense range of possible sce-
narios or options available.

Given such circumstances, it is possible to use tech-
niques provided by AI for problem solving, for example,
by searching through the state space. Nevertheless, the
large number of decision variables in the current logistics
systems often leads to a state space of considerable size,
which makes its computational manipulation practically
impossible. The information on the particular domain of
the problem can often be used to assist in the search in the
state space, in an efficient manner, by the use of heuristics.
This requires the use of a formalism of knowledge repre-
sentation, useful for decision-making in logistics [31, 32].

Figure 4 illustrates the methodological proposal for
solving optimization problems by integrating features
from the OR, AI and simulation research areas, using CPN
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Figure 3. Reachability tree of a CPN (state space): optimization requirement

Figure 4. Integration of OR, AI and simulation, for the solution of optimization problems

as the knowledge representation formalism to model a de-
cision problem. The CPN representation is used as the
simulation model that allows a quantitative analysis of
those scenarios that can lead to optimal solutions, while
the evaluation of certain states is discarded (i.e. only the
part of the state space that is worth exploring is analyzed):

� From the AI standpoint, concepts on structured
formalisms of knowledge representation are used.

These concepts allow inferences about the domain
of the optimization problem, as well as concepts on
solving problems through searches.

� From the simulation standpoint, it should support
the evaluation of different possible scenarios of
the decision problem. It is based on the evaluation
of a model representing the knowledge about the
domain of the optimization problem. For a CPN
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model, a branch of the tree will correspond to the
simulation of a certain scenario of the modeling sys-
tem.

� From the OR standpoint, the model should allow the
efficient assignation of values to the decision vari-
ables (optimization). A cost function is evaluated in
each state to guide the exploration of the optimiza-
tion problem.

5. Description of the Methodology

The methodology is divided into six stages or phases, each
of which is a step towards solving an optimization prob-
lem. The methodology is applicable to any combinator-
ial optimization problem or decision problem whose do-
main can be formulated as a DES, and is especially useful
for solving logistical problems (transportation, schedul-
ing, routing) and production planning problems.

Figure 5 illustrates the different phases of the method-
ology. The rectangles in the left column indicate the activ-
ity that should be carried out at each stage� the rectangles
on the right indicate the result of the activity in each phase
and provide input information to carry out the activities of
the next phase. Next, a description of each stage of the
methodology is provided, some of which are divided into
several steps.

5.1 Phase 1: Description of the Problem

To carry out this phase, it is necessary to understand the
domain of the problem in order to abstract only the most
relevant aspects for its resolution. This phase consists of
three steps:

1. Abstraction of the problem as a DES: During this
step of the methodology, the decision problem
should be described as a system whose properties
of interest only change in a sequence of time in-
stants (occurrence of events), whereas they remain
constant the rest of the time. The data and relevant
aspects of the problem must then be classified into
one of the following groups: temporary entities, re-
sources, attributes, activities, duration of the activi-
ties, events, queues and initial and final states of the
system.

2. Determination of the objectives of the problem: The
objectives to be achieved by solving the optimiza-
tion problem must be observable, precise, reason-
able, understandable, measurable, and should be ex-
pressed in terms of some of the final states of the
system described in the previous step.

3. Determination of the dynamics of interest of the
DES: The dynamics of a DES are determined by
the possible events indicating the beginning or end

Figure 5. Phases of the methodology designed for solving opti-
mization problems

of an activity that will represent different changes
of state. The changes in the states of the system
take place at the instant of time that an event oc-
curs. Determining the dynamics of interest can be
quite difficult as it may depend on many factors. Al-
though it should always be represented in the most
simplified way possible, it should accurately reflect
the criteria for obtaining a solution to the problem
that has to be solved. During this step, the following
tasks should be performed:

� Create a list of activities (with its duration
time) and events of interest that can generate a
change in the state of the system. A state of the
system is specified by describing the state of
resources, temporary entities, queues and stor-
age units.

� Create a list of all of the resources or perma-
nent entities of the system, temporary entities,
queues and storage units.

� Create a list of the conditions that must be sat-
isfied in order to ensure that specified events
may occur, i.e. the conditions an activity needs
to be performed. These conditions are called
preconditions.

� Create a list specifying the effects on the state
variables (state change) that must take place
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after the occurrence of different events. These
effects are called postconditions.

� Determine those aspects on which decisions
can be made, differentiating between those as-
pects that are considered sensitive to the deci-
sions.

At the end of this phase, there will be a specification of
all of the events, resources, temporary entities, queues and
storage units of the DES. It will also describe the precon-
ditions and postconditions of each of the events and as-
pects for the decision-making considered relevant to solve
the problem.

5.2 Phase 2: Modeling System

At this phase, the description of the decision problem ob-
tained in the earlier phase is transformed into a concep-
tual model that describes the behavior or dynamics of the
DES. The conceptual model must specify the most impor-
tant structural relations of the system under study, taking
into account the objective of the problem. It also should
collect, in a detailed and precise manner, the dynamic re-
lationships among the different elements.

In this phase events, resources, temporary entities,
queues and storage units of the DES are represented by
the CPN formalism. This modeling phase consists of three
steps:

1. DES relations specification: This step defines the
major dynamic relations that drive the system be-
havior together with the cause–effect relationships
that describe how the system is affected by the
decision-making activity.

2. Graphical formalization of the events relationship:
This step formulates the CPN model that will de-
scribe the behavior of the DES. Listed below are
some guidelines for its construction:

� The queues, resources and temporary entities
can be represented as places of the CPN.

� The state of the resources and temporary en-
tities can be represented by colored tokens in
the places.

� The state variables can be associated to the at-
tributes of the entities represented as colors of
the tokens.

� The events and/or activities can be represented
as transitions.

� The preconditions can be represented by the
arcs at the entrance to the transitions, and their
corresponding arc expressions.

� The postconditions can be represented by the
output arcs of the transitions and their corre-
sponding arc expressions.

3. Analysis of the effects of possible decisions: With
the CPN model obtained in the previous step, this
step will analyze those properties of the system that
are not directly related to its evolution in the tem-
porary domain, but which determine their dynam-
ics, such as the existence of deadlocks in the sys-
tem, or the set of possible states that the system can
reach from a certain operational context. Through
the analysis of the CPN, it is possible to detect un-
wanted states that can be avoided through the use of
heuristics and metaheuristics (see phase 3). In ad-
dition, during this step it is possible to modify the
CPN in order to avoid interlocking in the dynamics
of a system.

At the end of this phase there will be a conceptual
model, formalized through a CPN, that represents the
structure and dynamics or behavior of the DES.

5.3 Phase 3: Knowledge Representation

The analysis of a CPN through the generation of the reach-
ability tree allows heuristics and metaheuristics to be de-
signed to reduce the state space, avoiding the firing of cer-
tain transitions (events) under certain conditions. Hence,
at this phase the expert knowledge should be specified
in order to design heuristics and metaheuristics that allow
for the conditioning of the occurrence of certain events to
avoid unwanted states. These heuristics and metaheuris-
tics will be incorporated into the CPN model through the
use of guards.

At the end of this phase, a set of conditions in the firing
of one or more events will be obtained and properly rep-
resented by guards in the transitions that represent these
events.

5.4 Phase 4: Construction of the Decision Model

In the context of OR, each decision problem presents cer-
tain basic components: decision variables, objective func-
tion, constraints, functional relationships and parameters.
A decision problem model simultaneously expresses the
objective function, the decision variables and constraints
in a single mathematical model, along with the functional
relationships involved and their parameters. On the other
hand, the optimization is the process of trying to find
the best possible solution for a particular problem. In an
optimization problem there may exist different solutions.
Therefore, there must be a criterion to discriminate among
them, with the purpose of selecting the best one.

In the context of AI, the first step for solving a problem
is the formulation of an objective based on a given situa-
tion. It is considered that an objective is a set of real-world
states that satisfies different requirements, enough to be
considered acceptable solutions to the problem. The reso-
lution of the problem is to find what sequence of actions
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allows the objective of a state to be achieved, also called
the final state. Thus, one problem can be defined by four
components. The first is the initial state (initial situation
of relevant aspects of the problem). The second is related
to a description of the possible actions available (transfor-
mation functions or set of transition operators that can be
applied to a state to get to the next state or successor state).
The third is the objective test (it determines whether a state
is a state objective or a final state). The last is related to
the cost function of the path (it assigns a numerical cost to
each path, which reflects a performance measure).

Implicitly, the initial state and the operators (or succes-
sor function) define the state space of the problem. The
state space allows the formal description of a problem as
a set of transformations. These transformations go from a
given situation to some desired situations, through a series
of allowed operations. The state space creates a graph in
which nodes are states and the arcs between the nodes are
actions. A path in the state space is a sequence of states
connected by a sequence of actions (a collection of states
of the problem). One solution to a problem is the route
from the initial state to an objective state, and the process
of finding this sequence is called the search. A search al-
gorithm takes a problem as an input and returns a solution
in a manner of sequence of actions. The quality of the so-
lution is measured by the cost function of the path. An
optimal solution has the lowest cost for the path among
all of the solutions [8, 32].

At this phase of the methodology, the conceptual model
obtained in phase 2 and the conditions obtained in phase
3 are transformed into a decision problem model that may
be solved as a search problem, which requires the comple-
tion of the following steps:

1. Specifying the initial state: The initial state repre-
sents the original situation or the initial conditions
of a problem. In the case of a DES, it represents
the initial state of the resources, temporary enti-
ties, queues, storage units, etc. In the corresponding
CPN model, the initial state corresponds to the ini-
tial configuration of tokens (number of tokens and
their color) that is given by the expressions of ini-
tialization in each of the places that compose the
model.

2. Specifying the optimization objective: The opti-
mization objective (objective test) will make it pos-
sible to determine whether a state of the problem is
a state objective or a final state. In a DES, the op-
timization objective represents one or more states
that are desired for the resources, temporary enti-
ties, queues, storage units, etc, which are consid-
ered to be solutions to the decision problem. In
the corresponding CPN model, the final state cor-
responds to one or more markings, which, depend-
ing on configuration and color of the tokens in each
of the different places that compose the model, are

considered solutions to the decision problem. It is
possible to use wild cards (*) in the specification
of a final state, when the color of one or more at-
tributes of the marking is not relevant to the ob-
jective optimization. This is the case of those state
variables that have not been considered as decision
variables.

3. Specifying a cost function: A cost function will
make it possible to assign a numerical cost to each
state of the DES, during the generation of state
space that reflects a performance measure (time, re-
source utilization, status of queues, etc.). To specify
the cost function, it is necessary to determine which
of the state variables specified in step 2 of phase 2
will be considered as decision variables, in order to
solve the optimization problem as a search problem.
Such a choice will depend on the performance mea-
sure that is to be optimized.
In order to assign values to the decision variables
and minimize the cost function, it is necessary to
specify in the model the penalties for reaching cer-
tain states. In a CPN, this information can be formu-
lated through a cost function that weighs the value
of the decision variables (value of certain color at-
tributes of the tokens) in the different places. This
should be done in such a way that the function
assigns high costs to those markings that corre-
spond to unwanted (high times, unused resources,
long queues, etc.) states (values of the decision vari-
ables).

Once the three steps described above have been com-
pleted, the decision model of the problem will be obtained,
with the following properties:

� The decision variables are certain state variables of
the conceptual model, selected according to the per-
formance measure that needs to be optimized. In
this methodology, the decision variables correspond
to certain attributes of the tokens in the different
places of the CPN model.

� The objective function is the cost function to be
minimized.

� The restrictions or limitations on the values that can
be assigned to the decision variables are specified
by the different values of the attributes (color) that
the tokens, in different final states already specified,
can take.

� The functional relationships are the guards and the
input and output expressions of the transitions.

� This model can be solved as a search problem since
it presents all of the components:
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– The initial state is the initial marking repre-
sented by the expressions of initialization of
each place in the CPN model.

– Possible actions available (transformation
functions or set of transition operators) are the
transitions of the CPN.

– The minimum requirements or preconditions
established in the formulation of the problem
are the arc expressions at the entrance to the
transitions, whose evaluation determines the
transitions that are enabled at any given time
for a determined state (marking).

– The objective test is the optimization objec-
tive, represented by the final state (or final
states) specified for the DES.

– The cost function of the path (evaluation func-
tion) is the cost function specified to weigh the
value of certain attributes of the color of the
tokens on different places.

The solution of this model will consist of finding the
values of the decision variables that simultaneously sat-
isfy all of the restrictions (feasible solution for the model)
and reach the objective that has been set. This means giv-
ing the minimum value to the cost function with respect
to all other feasible solutions (optimal solution). Once the
model is solved as a search problem, a solution will then
be a path from the initial state to a final state, and an opti-
mal solution will be the one that has the lowest cost among
all solutions.

The cost function, used to determine the optimality of
the solutions found in the problem solving, can also be
used as a heuristics function to help efficiently search the
state space [32].

At the end of this phase, a decision model that can be
solved through a search problem will be generated.

5.5 Phase 5: Simulation of the Decision Model

In this phase, an automatic evaluation of the different sce-
narios or possible configurations of the modeling system
should be performed by simulating the decision model ob-
tained in the previous phase. This requires the generation
of the state space of the problem, which is achieved by
constructing the CPN reachability tree.

In order to support this phase of the methodology, a
Decision Support System (DSS) has been developed [33].
This tool automatically generates the reachability tree of a
CPN and also makes it possible to find feasible solutions
for the decision model. This takes place by the use of the
depth-first search strategy, and in many cases it leads to
the finding of optimal solutions by using the cost function
as an evaluation function for the best first search strategy.

At the end of this phase, the feasible and/or optimal so-
lutions to the optimization problem would be identified.

These solutions will be represented as a path from the ini-
tial state to the final state in terms of sequences of tran-
sitions (events) that enable the reaching of a desired final
state from a certain initial state.

5.5.1 Decision Support System

The computer tool developed, a DSS to determine optimal
plans, evaluates diverse heuristic search strategies in order
to find the best configuration of the decision variables of a
logistic problem, which could be conceived as a DES and
modeled using the CPN formalism.

The CPN formalism is used to represent the system,
and a DES, to dynamically build the state space, has been
developed as a technique to automatically evaluate the
system behavior. Based on the CPN formal definitions, an
object-oriented application has been designed, in which
different classes have been implemented to support CPN
entities, Thus, a performance model can be represented by
the following:

� The CPN model is described in an ASCII file us-
ing a specific language, specially designed for this
tool, in which time activities can be described by a
deterministic function.

� Initial state, which describes the initial conditions of
the system that are specified by the initial marking
in the CPN ASCII file.

� The optimization goal is specified by one or more
desired end states using markings in the CPN. It
supports the use of the wildcard (‘*’) to specify non-
relevant marking information.

� The cost function is specified by certain values at-
tached to different colors in each node place.

The DSS, developed in Visual C++ 6.0, interprets the
CPN (i.e. ASCII file), the initial and final states, and the
cost function described in the specification file of the
model (CPN encoded), as well as generates and analyses
the reachability tree (state space). As a result, the simula-
tor will provide the sequence obtained to reach a final state
from the initial state. Figure 6 illustrates a DSS scheme.

5.6 Phase 6: Analysis of Results

As a result of the previous phase, it is possible to obtain
the set of feasible solutions and, consequently, the global
optimum of the optimization problem. However, in some
cases, a large number of state variables (or a high num-
ber of combinations of values of the state variables) can
convert an optimization problem into a combinatorial op-
timization problem that is NP-hard. The solution of this
problem may be impossible to determine in a reasonable
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Figure 6. DSS scheme for solving optimization problems

computational time due to the exponential growth in the
size of the state space.

This phase of the methodology consists of analyzing
the state space generated in the previous phase, for the pur-
pose of discovering unwanted states that could be avoided
by improving the heuristics proposed in phase 3. By mod-
ifying the existing heuristics and/or by formulating new
heuristics, it is possible to reduce the state space. This
could be done in such a way that, through the simulation
of the model, it will be possible to find an optimal solution
to the problem.

Figure 7 represents the analysis process which consists
of checking the generated state space. The goal is to mod-
ify/change the CPN model to reduce the size of the state
space of a complex system by relaxing or introducing new
constraints. The ability to properly update constraints in
the CPN model by means of guard expressions is a key
aspect to reduce the state space. Introducing/modifying
new constraints is straightforward using the graphical rep-
resentation of CPN.

6. Case Study

This section presents a case study that illustrates the
results by implementing the different phases of the
methodology described. The proposed system is a well-
accepted benchmarking of the Job Shop Scheduling Prob-
lem (JSSP) [34–41].

6.1 Phase 1: Description of the Problem

The problem of scheduling tasks in JSSP includes a ty-
pology of NP-hard problems. This typology of problems

Figure 7. Scheme of the process of analysis of the simulation
results

is considered one of the more difficult problems of com-
binatorial optimization to date. It consists of scheduling a
group of jobs in a set of machines, subject to the restriction
that each machine can process only one job at a time and
each job has a specific processing order in each machine.
The goal is to schedule the job to minimize the comple-
tion time of all jobs (makespan). The example shown in
[30] is an instance of such problems (6 jobs and 6 ma-
chines, 6 	 6). However, there is a high number of in-
stances for different numbers of jobs and machines (OR-
Library [42]), considered as indispensable benchmark-
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Table 1. Job sequence operations

Job Operation 1 Operation 2 Operation 3 Operation 4 Operation 5
Mac Time Mac Time Mac Time Mac Time Mac Time

1 1 72 0 87 4 95 2 66 3 60

2 4 5 3 35 0 48 2 39 1 54

3 1 46 3 20 2 21 0 97 4 55

4 0 59 3 19 4 46 1 34 2 37

5 4 23 2 73 3 25 1 24 0 28

6 3 28 0 45 4 5 1 78 2 83

7 0 53 3 71 1 37 4 29 2 12

8 4 12 2 87 3 33 1 55 0 38

9 2 49 3 83 1 40 0 48 4 7

10 2 65 3 17 0 90 4 27 1 23

Table 2. Data dictionary and relevant aspects of the problem

Data description Type

Processing machines Resources

Each job Entity

Processing each task of a job in a machine Activity

Start/end processing a task of a job in a machine Dynamic of interest

The machine required to process each task of a job should be free (state of the entity machine) Precondition

Information on the next task that a job must perform: order of sequence, machine and time of the next operation
of the job (state of the entity job)

Postcondition

Information on the cumulative processing time spent by each machine Postcondition

Information on the state of the entities: machines and jobs System state

Minimum total time to process all jobs Objective

Sequence for assigning tasks to machines Decision

ings to test algorithms and combinatorial optimization
methods.

The case study that has been selected is related to a
problem of scheduling 10 jobs and 5 machines (la05 in-
stance [42], 10	 5). Table 1 shows the order and process-
ing time for each job on each machine. The Job column
indicates the number of the job (from 1 to 10), and each
Operation heading (from 1 to 5) indicates both the ma-
chine (column Mac) and the average processing time of
the job on the indicated machine (column Time).

The optimization objective is then to determine the se-
quence of assigning jobs to machines in such a way that
the makespan is minimal, which for this problem is known
as 593 units of time (under deterministic conditions), con-
sidering that the jobs may be processed in a deterministic
time, neglecting the transportation times.

In this system, the activities would be the processing of
each one of the tasks pertaining to a job in each machine
(Operation i, i = 1, 2, 3, 4, 5), and the resources would
be the machines. Table 2 describes the data and relevant
aspects of the problem.

6.2 Phase 2: System Modeling

The application of phase 2 of the methodology to this
scheduling problem is summarized in Tables 3, 4 and 5.
They describe the colors, places, transitions and state vari-
ables of the CPN model that represent the production sys-
tem Job Shop, which is shown in Figure 8. The whole sys-
tem can be represented by a CPN model consisting of just
two place nodes (machines and jobs) and one transition
that represents the processing of a job by one machine.
The preconditions to fire the transition are the availabil-
ity of the machine (arc expression 1’(m1,tm,l)) required
by the job (m value of arc expression 1’(o,j,m,t,tj,k)), and
a processing order not exceeding 5, which is verified by
the guard [m=m1 & o�6] (the symbol “&” corresponds
to the “AND” logical operator).

In this example, and in order to simplify the represen-
tation of the dynamics of interest, the beginning and end
of the activity has been modeled on the same transition.
The duration of the activity is considered as an attribute of
the entity job (see Tables 3, 4 and 5).

Information on the accumulated times (of the machines
and jobs) have been added to the model through the vari-
ables tj, k, tm and l. These variables will be used in the
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Figure 8. The CPN model of the system Job Shop 10 	 5
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Table 3. Color sets of the CPN model of the production system Job Shop 10 	 5

Color Definition Description State variables

O Integer 1..6 Sequence position of the next task of job J that must be processed o

J Integer 1..6 Job identifier j

M Integer 0..5 Machine in which the task number O of job J should be processed m

T Integer 1..10 Units of time required to process the task number O of job J in machine M t

TJ Integer 0..1000 Accumulated processing time of job J tj

K Integer 0..1000 Total time elapsed including waiting periods k

Jo Product O*J*M*T*TJ*K Information describing the state of each job

M1 Integer 0..5 Machine identifier m1

TM Integer 0..1000 Accumulated processing time of machine M1 tm

L Integer 0..1000 Total elapsed time including waiting periods l

Ma Product M1*TM*L Information describing the state of each machine

Table 4. Places of the CPN model of the production system Job Shop 10 	 5

Place Color Description

Job Jo The tokens stored in the place Job represent the information that describes the state of each job in the production
system. These are job identifier, machine where the next task should be executed, time required for each operation,
order of the task in the sequence of operations required to complete the job, cumulative job processing time and
total job processing time, including waiting periods.

Mac Ma The tokens stored in the place Mac represent the information that describes the state of each machine in the
production system. These are machine identifier, cumulative machine processing time and total machine processing
time, including waiting periods.

Table 5. Transitions of the CPN model of the production system
Job Shop 10 	 5

Transition Description

T 1 Processing of a task pertaining to a job in a ma-
chine.

next phase to design a heuristic that will be incorporated
into the CPN model by using guards.

The arc expression F2 in Figure 8 represents the post-
condition corresponding to the update of the information
on the next operation that each job should perform (or-
der, machine, and time for the next operation). The col-
ors of the tokens will be updated according to the values
shown in Table 1. If we consider, for example, that job 3
has finished the second operation �m � 3� o � 2�, its col-
ors will be updated to o � 3, j � 3, m � 2, t � 21. In
a similar way, since the next processing operation should
be performed in machine 0, the new color values will be
o � 4, j � 3, m � 0, t � 97.

The arc expression F4 (see Figure 8) represents the
postcondition corresponding to the update of the informa-
tion on the machine where each operation is processed:
processing time accumulated from the machine m1 (vari-
able tm) and total time including the cumulative time plus
the waiting times (variable l).

It is worthwhile to note that when modifying only the
initial marking, guard, and arc expression F2, the same

Table 6. Total times without waiting times for the system jobs Job
Shop 10 	 5

Job 1 2 3 4 5 6 7 8 9 10

Time 380 181 239 195 173 239 202 225 227 222

generic CPN can be used to solve any instance of the
JSSP.

6.3 Phase 3: Knowledge Representation

In this phase knowledge of the optimum makespan best
recognized for this problem (593 units of time) will be
considered. In general, it is quite common to make an
initial estimate that requires improvement. Based on this
knowledge, a heuristics is designed. This heuristics avoids
states where the processing time for each job or the
elapsed time for each machine exceeds 593 units of time.

Tables 6 and 7 show the total processing time for each
job and the total processing time for each machine, respec-
tively. These times are derived from Table 1 and are calcu-
lated by separately adding the times required for each job
in each of the machines, and the times required by each
machine to process each one of the jobs.

With this information and the information on the accu-
mulated times that provide variables tj, k, tm and l, we can
predict whether a job or machine might exceed the mini-
mum makespan known. In this way, and by an empirical
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Table 7. Total time without waiting times for the machine system
Job Shop 10 	 5

Machine 0 1 2 3 4

Time 593 463 532 391 304

rule, the unwanted states can be avoided if it is known be-
forehand that a machine or a job exceed the minimum time
known. This heuristic is incorporated to the CPN model
modifying the guard:

[m � m1 & o � 6] (1)

in Figure 8 by incorporating different logical expressions.
The expression

[�k � t� � 594] (2)

indicates that the cumulative time of a job, including wait-
ing times, may not exceed the value 593. Similarly, the
expression

[�l � t� � 594] (3)

indicates that the cumulative time of a machine, includ-
ing waiting times, may not exceed the value 593. Thus,
adding the expressions (2) and (3) to expression (1), the
new guard would be

[m � m1 & o � 6] & [�k � t� � 594]

& [�l � t� � 594] (4)

6.4 Phase 4: Construction of the Decision Model

The expressions of initialization of the CPN (underlined
expressions associated with each place in Figure 8) indi-
cate that in the initial state of the system the place Job
has 10 tokens. Each one of them describes a job that is
waiting to perform the first operation. The place Mac has
five tokens, each one of them represents a machine that is
initially free:

M0 � [1��1� 1� 1� 72� 0� 0�� 1��1� 2� 4� 5� 0� 0�

� 1��1� 3� 1� 46� 0� 0�� 1��1� 4� 0� 59� 0� 0�

� 1��1� 5� 4� 23� 0� 0�� 1��1� 6� 3� 28� 0� 0�

� 1��1� 7� 0� 53� 0� 0�� 1��1� 8� 4� 12� 0� 0�

� 1��1� 9� 2� 49� 0� 0�� 1��1� 10� 2� 65� 0� 0��

1��0� 0� 0�� 1��1� 0� 0�� 1��2� 0� 0�

� 1��3� 0� 0�� 1��4� 0� 0�]

Marking M f specifies the objective or final state to be
achieved, that is, the state in which all jobs have finished
processing their last task:

M f � [1��6� 1� �� �� �� ��� 1��6� 2� �� �� �� ��
� 1��6� 3� �� �� �� ��� 1��6� 4� �� �� �� ��
� 1��6� 5� �� �� �� ��� 1��6� 6� �� �� �� ��
� 1��6� 7� �� �� �� ��� 1��6� 8� �� �� �� ��
� 1��6� 9� �� �� �� ��� 1��6� 10� �� �� �� ���

1��0� �� ��� 1��1� �� ��� 1��2� �� ��
� 1��3� �� ��� 1��4� �� ��]

The value of variable o � 6 in all tokens containing the
marking M f indicates that all jobs have completed their
5th operation. The wild card (*) in the marking indicates
that the color of the corresponding attribute is indifferent.

A cost function has been formulated for this case study.
This cost function weighs the order of tasks sequence that
assigns a low cost to the first task of each job. It also
assigns a cost a little higher to the second task of each
job, and keeps increasing the cost as the order of tasks se-
quence for each job increases. Such a function ponders the
order of tasks sequence, which is specified by the value as-
signed to the decision variable o in each token of the place
Job, as represented in the following expression:

f �Oi � �
�

�W � Oi � � i � 1� 2� � � � � 10� (5)

The value of W is a numeric constant that indicates the
desired weight of each task order, O. For example, given
a certain state in which job 1 should process task 1, job 2
should process task 2, job 3 should process task 3, and so
on, and assuming a cost of 2 units (i.e. W = 2), the cost of
reaching the marking that represents this state is given by

f �Oi � � �2 � 1�� �2 � 2�� �2 � 3�� �2 � 4�� �2 � 5�

� �2 � 6�� �2 � 7�� �2 � 8�� �2 � 9�� �2 � 10�

� 2� 4� 6� 8� 10� 12� 14� 16� 18� 20

� 110� (6)

This function assigns high costs to those states in which
tasks of greater sequence order have been processed for
some jobs, while tasks of lower sequence order have not

ployed as a heuristic function in order to avoid expand-
ing the nodes of the search space in which some jobs
have completed all of their tasks, while others remain un-
processed.
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Figure 9. Gantt diagram representation of the optimal scheduling generated

6.5 Phase 5: Simulation of the Decision Model

As a result simulation in DSS, the scheduling can be ob-
tained from the decision model specified in the previous
phase. This scheduling is illustrated by a Gantt chart in
Figure 9. The value of the makespan obtained is 593 units
of time (optimal makespan). This case study has been us-
ing an adaptation of the heuristics Branch and Bound im-
plemented in DSS and the cost function (6) specified in
phase 4 as a heuristics function. The purpose is to reduce
the search space.

The number of nodes explored to obtain this solution
was 666.758 and the computation time was 2 hours 5
minutes and 41 seconds (on a PC with 2.00 GB RAM,
2.16 GHz Intel Core CPU on the MS Windows XP oper-
ating system). Although the solution found coincides with
the optimal solution, the computational time is considered
too high. In the next phase the CPN model is improved
with a heuristic to reduce the computational time while
generating the optimal solution.

6.6 Phase 6: Analysis of Results

By analyzing the state space generated in the previous
phase, unwanted states that could be avoided have been
detected. Thus, cumulative time, including waiting times
for each job and each machine, should not exceed the val-
ues shown in Tables 6 and 7. By improving the heuristics
proposed in phase 3 (expression (4)), it is possible to re-
duce the state space by neglecting the exploration of those
unwanted states (i.e. nodes) that will not drive the system
to the optimal goal state. Thus, it will be possible to find

the optimal solution to the problem in a shorter computa-
tional time. The expression

� j � 1 & ��380� t j�� k� � 594

& ��380� t j�� l� � 594� (7)

indicates that the cumulative time, considering waiting
times for the job 1 (variable k), plus the minimum time
required to carry out operations that are needed to com-
plete the processing of that job (380� t j), may not exceed
the value 594. Similarly, the expression

�m � 0 & ��593� tm�� k� � 594

& ��593� tm�� l� � 594� (8)

indicates that the cumulative time including waiting times
for machine 0 (variable l), plus the minimum time neces-
sary for performing the operations that must processed in
this machine (593 � tm), may not exceed the value 594.
This applies to all machines and all jobs as indicated in
the expression

[� j � 1 & ��380� t j�� k� � 594 & ��380� t j�� l�

� 594��� j � 2 & ��181� t j�� k� � 594 &

��181� t j�� l� � 594��� j � 3 & ��239� t j�� k�

� 594 & ��239� t j�� l� � 594��� j � 4 &

��195� t j�� k� � 594 & ��195� t j�� l� � 594��
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� j � 5 & ��173� t j�� k� � 594 & ��173� t j�� l�

� 594��� j � 6 & ��239� t j�� k� � 594 &

��239� t j�� l� � 594��� j � 7 & ��202� t j�� k�

� 594 & ��202� t j�� l� � 594��� j � 8 &

��225� t j�� k� � 594 & ��225� t j�� l�

� 594��� j � 9 & ��227� t j�� k� � 594 &

��227� t j�� l� � 594��� j � 10 &

��222� t j�� k� � 594 & ��222� t j�� l� � 594�] &

[�m � 0 & ��593� tm�� k� � 594 & ��593� tm�� l�

� 594���m � 1 & ��463� tm�� k� � 594 &

��463� tm�� l� � 594���m � 2 & ��532� tm�� k�

� 594 & ��532� tm�� l� � 594���m � 3 &

��391� tm�� k� � 594 & ��391� tm�� l� � 594��
�m � 4 & ��304� tm�� k� � 594 & ��304� tm�� l�

� 594�] (9)

The guard of the transition represented in the CPN
model (expression (4)) has been modified by adding these
new logical expressions (9) to improve the search. The
scheduling obtained once the simulation finalized was the
same as that illustrated by a Gantt chart in Figure 9. The
value of the makespan obtained was 593 units of time
(optimal makespan). The number of nodes explored to
obtain this solution was 2155 and the computation time
was 8 seconds. Thus, the computational time required was
shorter than the best time reported in this benchmarking
problem using genetic algorithms [38].

7. Conclusions

In this paper we have presented a methodology to solve
optimization problems of logistic systems in particular
and DES in general. This methodology, along with a DSS,
which supports the methodology, allows the automatic
generation of the sequence of events and/or activities that
should take place within a system, to reach a certain de-
sired final state from a specified initial state, minimizing
a certain cost function.

A very important benefit provided by the methodology
is the ability to integrate different approaches and alter-
natives, developed by various areas of knowledge and al-
ways re-using the same problem model.

The methodology also facilitates the development of
heuristics based on the system’s behavior, incorporating
expert knowledge for the generation of constraints that
will decisively reduce the computational time needed to
explore the state space. This feature is particularly relevant
when working with a large number of decision variables
or value combinations. It is thus possible to avoid explor-
ing behavior alternatives that lead to unwanted states and
consequently do not provide relevant information for the
system’s optimization.

The methodology has been used to solve various aca-
demic, logistics and production problems [20, 33, 43–
45], among others. For these problems, optimal or quasi-
optimal solutions have been found. They have reported
computation times that range from a few seconds, where
heuristics have been employed, to fewer than 12 hours,
where the state space has been explored without the use
of heuristics.

The developed software tool has been used mainly in
the solution of academic and benchmarking problems by
members of the research team. However, a new prototype
based on a distributed platform is under development to
support the analysis and optimization of industrial and lo-
gistics problems.

The methodology is applicable to any combinatorial
optimization problem or decision problem whose domain
can be formulated as a DES. Although CPN is not popu-
lar in industry, the continuous research efforts of the CPN
community surely will contribute to extend its use as the
basis for future decision support tools.

8. APPENDIX: Nomenclature

8.1 CPN Formalism

A = A finite set of arcs
Ai = An arc, i = 1, . . . , na
cr = The value of a color, r � 1, . . . , nr
C = A color function
Cq = A color set, q = 1, . . . , nc
E = An arc expression function
G = A guard function
i = Subscript for arcs
I = An initialization function
j = Subscript for place nodes
k = Subscript for transition nodes
M = Set of markings (states) which can be reached from
the initial state M0
M f = Desired final state of the system
Ms = A marking, s � 0, . . . , ns
M0 = The initial marking (initial state of the system)
n = Number of identical tokens
na = The total number of arcs in CPN model
nc = The total number of color sets in CPN model
np = The total number of place nodes in CPN model
nr = Number of colored tokens attributes
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ns = The total number of markings (states) in the
reachability tree
nt = The total number of transitions nodes in CPN model.
N = A node function
P = A finite set of place nodes.
P j = A place node, j = 1, . . . , np
q = Subscript for color sets
r = Subscript for colored tokens attributes
s = Subscript for markings
T = A finite set of transition nodes
Tk = A transition node, k = 1, . . . , nt
� = Finite set and not empty of color sets

8.2 Case Study

W = A numeric constant that indicates the desired weight
of each task order O
f(Oi ) = A cost function that weighs the order of tasks
sequence
i = Subscript for job identifiers
j = A variable of type (color) J
J = A color set: job identifiers
Jo = A color set: information describing the states of each
job
Job = A place node: represent the information that
describes the state of each job in the production system
k = A variable of type (color) K
K = A color set: total time elapsed including waiting
periods
l = A variable of type (color) L
L = A color set: total elapsed time including waiting
periods
m = A variable of type (color) M
M = A color set: machines in which the tasks of the jobs
should be processed
Ma = A color set: information describing the states of each
machine
Mac = A place node: represent the information that de-
scribes the state of each machine in the production system
m1 = A variable of type (color) M1
M1 = A color set: machine identifiers
o = A variable of type (color) O
O = A color set: sequence position of the next task of job
J that must be processed
Oi = The decision variable o in each token of the place
Job
t = A variable of type (color) T
T = A color set: units of time required to process the task
number O of job J in machine M
tj = A variable of type (color) TJ
TJ = A color set: accumulated processing time of job J
tm = A variable of type (color) TM
TM = A color set: accumulated processing time of
machine M1
T1 = A transition node: represent the processing of a task
pertaining to a job in a machine

& = The ‘AND’ logical operator
� = The ‘OR’ logical operator
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