Agent-Based Systems for Manufacturing

N\
L. Monostori'? (1), J. Vancza'? (2), S.R.T

1Computer and Automation Research Institute, Hungarian Academy of Sciences, Budapest, Hungary
2Department of Production Informatics, Management and Control,
Budapest University of Technology and Economics, Budapest, Hungary
*The Pennsylvania State University, Industrial and Manufacturing Engineering,
University Park, PA 16802, USA

Abstract

The emerging paradigm of agent-based computation has revolutionized the building of intelligent and de-
centralized systems. The new technologies met well the requirements in all domains of manufacturing
where problems of uncertainty and temporat dynamics, information sharing and distributed operation, or co-
ordination and cooperation of autonomous entities had to be tackled. In the paper software agents and
multi-agent systems are introduced and through a comprehensive survey, their potential manufacturing ap-
“plications are outlined. Special emphasis is laid on methodological issues and deployed industrial systems.
After discussing open issues and strategic research directions, we conclude that the evolution of agent
technologies and manufacturing will probably proceed hand in hand. The former can receive real challenges
from the latter, which, in turn, will have more and more benefits in applying agent technologies, presumably
together with well-established or emerging approaches of other disciplines.
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1 INTRODUCTION

The past decade has witnessed an explosive growth in
computer, communication, and information technologies.
High-performance computing, the world-wide web, uni-
versal access and connectivity, virtual reality, and enter-
prise integration are but a sampling of this revolution’s
many facets. At the same time, organizations and mar-
kets have also changed dramatically, represented by
developments such as virtual organizations, business
process integration, customer-centric supply chains, and
electronic commerce. And, aithough industry strategists
and academics continue to debate the precise future
trajectory of changes in technologies and organizations,
they agree that information - its availability, and the
ability to exchange it seamlessly and process it quickly -
lies at the core of organizations' abilities of meeting esca-
lating customer expectations in global markets.

Agent-based computation is a new paradigm of infor-
mation and communication technology that largely
shapes and, at the same time, provides supporting tech-
nology to the above trends [1] [2] [3]. Agent theories and
applications have appeared in many scientific and engi-
neering disciplines. Agents address autonomy and com-
plexity: ey~ are” adapiiver iU citanyes” anu- distaplions;
exhibit intelligence and are distributed in nature. In this
setting computation is a kind of social activity. Agents can
help in self-recovery, and react to real-time perturbations.
Agents are vital in the globalization context, as globaliza-
tion refers to an inherently distributed world both from
geographical and information processing perspectives.

Agents — and similar concepts — were welcome in manu-
facturing because they helped to realize important prop-
erties as autonomy, responsiveness, redundancy, distrib-
utedness, and openness. Agents could be designed to
work with uncertain and/or incomplete information and
knowledge. Hence, many tasks related to manufacturing -
from engineering design to supply chain management -
could be conducted by agents, small and large, simple
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and sophisticated, fine- and coarse-grained that were
enabled and empowered to communicate and cooperate

~ with each other.

The goal of the keynote paper is to explore the software
agent technology and clearly show the applications and
opportunities for agent technology in manufacturing.
Though we survey the field from both manufacturing and
computing perspectives, we pay special attention to the
work done by the CIRP community. For other reviews
about the application of agent technology in manufactur-
ing, see, e.g., [4] [5] [6].

The structure of the paper is as follows: We start with the
new emphasis in manufacturing, and how information
technology is changing the face of manufacturing. This is
followed with the definitions of software agents and multi-
agent systems in Section 3. Section 4 introduces basic
agent technologies concerning individual agents, agent
interactions as well as organization models of multi-agent
systems. In Section 5 we undertake a fairly exhaustive
and rigorous survey of applications of agent technology in
various domains of manufacturing. Departing from this
detailed survey, next (in Section 6) we sum up the meth-
odological issues of agent applications, with a special
EMpHasis o raming industiial applications™ T ianalacs
turing. Section 7 deals with open issues and strategic
directions. We conclude the paper in Section 8.

2 PARADIGM SHIFTS IN MANUFACTURING

In discrete manufacturing, developments in information
technology led to the realization of computer integrated
manufacturing systems. With all of its merits, integration
resulted in rigid, hierarchical control architectures whose
structural complexity grew rapidly with the size and the
scope of the systems. Moreover, integration resulted also
in complex decision problems [7] [8]. Disturbances in
manufacturing, as well as changing market demand pro-
vided an unstable environment. By now it has become
clear that increased volatility of market conditions disfa-



vors these rigid, hierarchical architectures. No matter
how, it is next to impossible to be prepared with pre-
programmed, top-down responses to abrupt changes and
to complete reai-time computations on sophisticated
decision models before the results are invalidated.

Long ago, manufacturing system theory suggested cau-
tious and rather pessimistic organizing principles for sys-
tems exposed to substantial internal and external uncer-
tainties [9] [10]). These principles say that it is better to
recognize ignorance than to presume knowledge; that it is
better to regard the future as unpredictable than only to
be prepared for expected events. From this stance, there
follows a system structure with distributed responsibilities,
tasks and resources. Accordingly, manufacturing systems
should be organized as loosely coupled networks of
communicating and cooperating components [11] or
agents [12]. Redundant functions and responsibilities are
necessary for absorbing sudden changes, regardless of
whether they stem from intermal disturbances or from
volatile market conditions. When doing so, there is an
increasing need for giving real-time responses [13].

Decision rights should be co-located with the pertinent
information; time should be seriously considered as a
limiting resource of decision-making, and the systems
should have changeable, easy-to-reconfigure organiza-
tional structures. Growing complexity is another feature
showing up in production processes and systems, fur-
thermore, in enterprise structures as well [14].

The concepts of process modelling [15], virtual manufac-
turing {16], the digital enterprise [17], i.e., the mapping of
the key processes of an enterprise to digital structures by
means of information and communication technologies
(ICT), give a unique way of managing the above prob-
lems. By using recent advances in ICT, theoretically, all
the important production-related information is available
and manageable in a controlled, user-dependent way
[18]. Product-related information can follow the products
throughout their life-cycles [19] [20] [21].

Earlier, it became evident that the management and ex-
ploitation of this huge amount of information cannot be
imagined without the effective application of the methods
and tools of artificial intelligence [22] [22] [24], or more
specifically, machine learning techniques [25].

In the current age of globalization, virtual enterprises and
production networks [26], some other requirements are
more relevant than ever to be considered: we have to
solve the coordination of various production entities that
may have very different objectives, goals, capabilities,
and even cultures. New organizing principles and meth-
ods are needed for supporting the interoperability of dy-
namic virtual alliances of agile and networked enterprises
which - when acting together - can make use of opportu-
nities without suffering from diseconomies of scale.

Various solution proposals unanimously imply that the
future of manufacturing lies in the loose and temporal
federations of cooperative autonomous production enti-
ies. However, nodes of a network organization can never
be completely aware of each other’s goals and objectives,
so they have almost necessarily adverse incentives.
Hence, coordination, collaborative work and cooperation
may play an important role in managing these complex
structures [27]. Since the new information technologies
allow members of a network to widen their span of inter-
est and control, the distribution of decision rights and
actions introduces some new elements of uncertainty that
can be resolved by communication (i.e., information shar-
ing) and cooperation only. The interaction of individuals
may lead to the emergence of complex system-level be-
havior [28]. Evolutionary system design relies on emer-

gence when modeling and analyzing complex manufac-
turing and, in a wider context, eco-technical systems.

Under the pressure of the above challenges, the trans-
formations of manufacturing systems and organizations
are already underway [29]. The need for novel organiza-
tional principles, structures and method has called forth
various approaches [30] in the past decade, such as
holonic [31] [32], fractal [33), random. [34], biological
[35]), and muiti-agent manufacturing systems [36], to
name but those investigated by CIRP colleagues.

All the above approaches are similar in that they assume
network-like, dynamic, open and reconfigurable systems
where decisions are made and production is carried out
by more or less independent and cooperative partners. In
the next two sections we present the information technol-
ogy background of these recent developments.

3 AGENTS AND MULTI-AGENT SYSTEMS

The theory of computational agents goes back at least a
quarter of a century when research in distributed artificial
intelligence (DAI) had been initiated [37]."In the early 90's
the notion of agents appeared simultaneously also in
information and communication technology (mobile, inter-
face and information agents). Agents made the real
breakthrough a decade ago or so when the emphasis in
the mainstream Al research shifted: the focus on logic
was extended and attention changed from goal-seeking to
rational behavior; from ideal to resource-bound reasoning;
from capturing expertise in narrow domains to re-usable
and sharable knowledge repositories; from the single to
multiple cognitive entities acting in communities [38].
These developments also coincided with the evolution of
network-based computing technology, the internet, mobile
computing, the ubiquity of computing as well as novel,
human-oriented software engineering methodologies.

All these achievements led fo what is considered now the
agent paradigm of computing [1] [2] [39]. While this
novel paradigm has several roots as far as theory, ena-
bling technologies and applications are concemed, there
is a general consensus about its two main abstractions:

* | An agent is a computational system that is situated
in an environment and is capable of exhibiting
autonomous and intelligent behavior.

¢ An agent may have an environment that includes
other agents. The community of interacting agents,
as a whole, operates as a multi-agent system.

In the coming paragraphs we give a concise characteriza-
tion of agents and muiti-agent systems.

3.1 Basic properties of agents

An agent operates in an environment from which it is
clearly separated (Figure 1). Hence, an agent (1) makes
observations about its environment, (2) has its own
knowledge and beliefs about its environment, (3) has
preferences regarding the states of the environment, and
finally, (4) initiates and executes actions to change the
environment.

Agents operate typically in environments that are only
partly known, observable and predictable. Autonomous
agents have the opportunity and ability to make decisions
of their own. Rational agents act in the manner most
appropriate for the situation at hand and do the best they
can do for themselves. Hence, they maximize their ex-
pected utility given their own local goals and knowledge.
Rationality can be bound by the computational complexity
of a decision: problem, the limitation of computing re-
sources, or by both. An agent with optimization objectives
but with limited means is a bounded rational agent.
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Figure 1: The agent and its environment [40].

The most important common properties of computational
agents are as follows:

e Agents act on behalf of their designer or the user
they represent in order to meet a particular purpose.

* Agents are autonomous in the sense that they con-
trol both their internal state and behavior in the envi-
ronment.

* Agents exhibit some kind of intelligence, from apply-
ing fixed rules to reasoning, planning and leaming
capabilities.

s Agents are adaptive, i.e.,, capable of reacting to
changes in their environment, but, at the same time,
to pursue their goals by controlling their future in a
proactive way.

e Agents interact with their environment, and in a
community, with other agents.

Further agent properties, characteristic in particular do-
mains and applications, are mobility (when an agent can
transport itself to another environment to access remote
resources or to meet other agents), genuineness {when
it does not falsify its identity), transparency, and credibil-
ity or trustworthiness (when it does not communicate
false information willfully).

Even though they exhibit only some of the above proper-
ties, agents relax several strong assumptions of classical
computational intelligence: they typically have incomplete
and inconsistent knowledge as well as limited reasoning
capabilities and resources.

3.2 Multi-agent systems

- A multi-agent system (MAS) is formed by a network of
computational agents that interact and typically communi-
cate with each other.

The agents may have only a partial (and, in a sense,
distorted) model of their environment: they may possess a
limited set of means for the acquisition and integration of
new knowledge into their models and for pushing the
system's state towards their own goals. The knowledge of
two agents, referring to the same things, is not necessar-
ily commensurate and may have different representa-
tions. No closed-system assumption has to be main-
tained: the MAS is submerged into and interacts with its
environment, which is not described completely {or is
difficult to describe) by formal means. Whenever novel
kinds of interaction with the environment may occur, the
MAS should be open and able to evolve.

In a multi-agent system the decisions and actions of vari-
ous agents do necessarily interact. However, just due to
interaction, a muiti-agent system can occasionally solve
problems that are beyond the limits of the competence of
the individual agents and/or may exhibit emergent be-

" havior that cannot be derived from the intemal mecha-

nisms of the components.

In a community an agent has to coordinate its actions
with those of the other agents; i.e., to take the effects of
other agents' actions into account when deciding what to
do. Coordination models provide both media (such as
channels, blackboards, pheromones, market, etc.) and
rules for managing the interactions and dependencies of
agents. Coordination requires some regulated flow of
information between the agent and its surrounding envi-
ronment — in other words, communication. Note that in a
MAS coordination is possible both by indirect communica-
tion via the environment, or by direct information ex-
change between specific agents. In any case, communi-
cation needs some language(s) with syntax and seman-
tics, at .least partially known for each communicating
agent.

Collaboration means carrying out concerted activities so
as to achieve some shared goal(s). For instance, in a
scheduling domain machine agents may agree on execut-
ing each task of a job with the aim of completing an order
by the given due date. The shared goal (completing an
order) can be achieved only if all agents commit them-
selves to carrying out the actions they have agreed upon.
In general, meeting high-evel objectives and satisfying
system-wide constraints- need cooperation in a multi-
agent system where agents are self-interested and
autonomous.

The overall operation of a multi-agent system is affected
by an organization that is imposed on the individual
agents. Even though there may be no global control or
centralized data and the computations are asynchronous,
some organizational rules always exist. The organization
determines the “sphere” of the activity of agents, as well
as their potential interactions (see Figure 2).

agent organizational interaction influence sphere
@ relation D — o-eoeeeneeol

Figure 2: Generic scheme of a multi-agent system [41].

The various organization patterns of multi-agent systems,
such as teams, coalitions, markets, as well as hierarchic
and heterarchic (including holonic) architectures provide
different ways to achieve system-wide design objectives
and/or to facilitate the emergence of desired properties in
multi-agent systems.

4 AGENT TECHNOLOGIES

4.1 Agent level

Summing up, agents are individual problem-solvers with
some capability of sensing and acting upon their envi-
ronment, for deciding their own course of action, as well
as for communicating with other agents. Depending on
the actual problem and available technology at hand,
agents can apply various faculties of problem solving,
including searching, reasoning, planning, and leaming.
The notion of agents has a strong synthesizing power;



hence the applied techniques may include both symbolic
and sub-symbolic methods, classical and quantitative
decision theory, as well as knowledge-based reasoning
and sophisticated belief-desire-intention (BDI) models
[42] [43).

There are several approaches for realizing rational
agents. Following the principles of classical decision the-
ory, an agent makes choices from a set of alternative
actions so that it can maximize the expected utility of its
decisions. If a utility function cannot be expressed, or not
all the required input data are available, qualitative mod-
els are applied that work with preferences.

An agent may have explicit knowledge of how its actions
can change the states of its environment. Given some
states to achieve — so-called goals — the reasoning over
future courses of actions is a key component of rational
behavior. Artificial intelligence (Al) provided a host of
planning methods to solve this problem under various
assumptions; many of them already have been proved to
be applicable in real-life domains [44].

The most expressive model of an agent and its knowi-
edge about the surrounding environment and itself is the
so-called BDI model. This assumes the agent has both
certain and uncertain knowledge — beliefs (B) — regarding
the states of its environment. States to achieve are ex-
pressed in terms of goals, and states preferred in the
long-term are represented by desires (D). Decisions
concerning future events have motivations and pre-
arrangements in the past: these are expressed by the so-
called intentions (l) that represent the commitments of
the agent made previously. Intentions can be thought of
as past decisions behind a yet uncompleted plan. Sticking
to intentions stabilizes the behavior of the agent. Agents
who are situated in a dynamic environment can benefit
from having plans which are collections of actions on a
time line. Plans, on the one hand, can constrain the
amount of reasoning, and, on the other hand, can make
coordination possible [2] [45].

The BDI model is used for describing an agent's cogni-
tive state and casts its decision problem in terms of cog-
nitive concepts, such as knowledge and belief, desires
and goals, plans and intentions [43] [40]. A BDI agent is
continually updating its beliefs based on perceptions,
using its beliefs to reason about possible plans, commit-
ting to certain intentions based on its beliefs and desires,
and realizing these intentions by acting. The BDI formal-
ism offers means to add and retract goals and generate
actions.

4.2 Interaction

Agents necessarily interact with each other — either indi-
rectly, via the environment, or by direct communication.
The various coordination and cooperation mechanisms
range from emergent methods (without explicit communi-
cation among agents) to coordination protocols, coordina-
tion media and distributed planning [1].

Coordination protocols control the interactions of
agents in order to reach common decisions. For instance,
a widely used protocol is the contract net protocol
(CNP) [46]. Here, a manager agent wants to have some
task performed by one or more other agents. CNP is
modeled on the contracting mechanism used by busi-
nesses to govern the exchange of goods and services.
The manager agent announces the task to other agents
and requests bids for the execution of the task. These
bids are evaluated according to specified criteria (price,
quantity, due date, distribution of tasks), and the winning
bidder gets the contract. A coordination media provides
a shared memory space for communicating data in an

asynchronous way. Typical examples are blackboards [3]
or the pheromones in stigmergy-based coordination [47]
[45]. Goal-oriented agents forming a community may
have disparate and conflicting goals. For resolving conflict
situations, various negotiation mechanisms were devel-
oped, including auctions, one-to-one negotiation, bargain-
ing, and argumentation-based negotiation [2].

If coordination is based on communication, agents must
be able to talk to each other through some agent commu-
nication language. Collaborative acting and ptanning
involve the intentions of multiple agents. Since the pres-
ence of other agents is always a source of uncertainty
(beyond other possible sources), collaboration requires
an integrated treatment of the beliefs and intentions of the
agents who may take part in a collaborative act. That is
why the BDI model provided the theoretical basis for
agent communication languages {(ACL), including the
widely used Foundation for Intelligent Physical Agents
(FIPA) standard [48]. ACL was developed based on the
speech act theory [49]. Speech act theory views human
natural language as actions, such as requests, sugges-
tions, commitments, and replies. It uses the term perfor-
mative to identify the intended meaning of utterances.
Examples of performative verbs are request, tell, insist
and promise to name few. The first ACL was the Knowl-
edge Query and Manipulation Language (KQML) that
included many performatives, assertives and directives
which agents use for telling facts, asking queries, sub-
scribing to services and/or finding other agents.

Communication and interoperability requires consensual
knowledge of a community. A so-called ontology is an
explicit specification of the conceptual structures of a
given domain. It is usually expressed in a logic-based
language that makes it possible to distinguish classes,
instances, properties, relation and functions in a clear-cut,
consistent way. Consensual means that the whole com-
munity has a common understanding both on the content
and form of the expressed knowledge. Ontologies also
can facilitate machine processing: automated reasoning,
as well as the inter-operability of different agents.

4.3 Organization

in any human community, goals are achieved by the
division of labor and coordination. There are a number
of organization structures that define various patterns of
decomposing work, assigning responsibilities to those
who do the work, as well as collecting and combining
results. Like any community, a MAS is formed by agents
that are aimed at achieving some purposes, be them
individual, system-wide or both. It is no wonder that multi-
agent systems adapt all the basic human organization
patterns.

An organization of a MAS assigns roles to the agents and
specifies their relations. The role identifies the agent and
specifies its function, its rights and obligations, and the
rules of its interaction with other agents and the environ-
ment. There are two basic types of roles: the operator
accomplishes a task — a piece of work — usually, bound by
some resource and time constraints. The manager, on
the other hand, exercises control; assigns tasks, monitors
task execution, collects and combines results. Depending
on the actual organization scheme, agents may perform
different roles at the same time. The position of an agent
in an organization is given by the role(s) it fulfills and its
relations to the other agents. Finally, the admissible inter-
actions of agents are defined by ordered sets of mes-
sages, i.e., by protocols. A particular organization struc-
ture comes together with rules concerning the conditions
of participating in a MAS, the assignment of the roles and



relations, as well as the use of protocols - all of which
together realize a particular coordination mechanism.

Organizational structures and coordination mechanisms
of most MAS systems are adapted from some form of
human organizations. Below, following [50] and [51], we
present basic coordination mechanisms prevalent in
multi-agent systems. In Figure 3 and Figure 4, requests
from the environment (or other parts of the MAS) are
transmitted by a requesting agent (R), handled by a man-
ager agent (M), if any, and processed by operator agents
(0). Agents without prior role are depicted as (A). The
figures show the organizational relations and the main
messages of the protocols.

In direct supervision a manager has control over some
operator agents (see Figure 3). The manager takes re-
sponsibility for the work of the operators and arranges
their coordination. This pattern may be repeated at sev-
eral levels of a hierarchy. Typically, one way to take care
of global objectives and system-wide constraints is to
channel all/some interactions through a central coordina-
tor (manager) agent. Due to its- position, this agent ob-
tains information essential to the operation of the com-
plete system. Direct supervision reduces the number of
inter-agent relations, but also makes the MAS very de-
pendent on the central coordinator.

external
request

Figure 3: Direct supervision [51].

Standardization of work and/or skill delegates part of
the controt fo the operators (see Figure 4): the manager
instructs the operators with some procedures (i.e., task
specification), but leaves the responsibility of execution in
their hands. The operators work in a decentralized way.
Consequently, they control the flow of objects. Operators
are selected for taking part in a task execution on the
basis of their competence and current load. A typical
example of this coordination mechanism is when a man-
ager agent arranges the work of a community of experts.

external
request

Figure 4: Standardization of work/skill [51].

Mutual adjustment is the coordination mechanism of a
MAS without a priori organizational structure. Control and
work are not separated; manager and operator roles are
not distinguished any longer. The agent who gets a re-

quest cannot but communicate (by passing objects and/or
tasks) with the other agents, though cannot instruct them
(see Figure 5). This is the simplest coordination method,
however, with no (or very limited) guarantee that the re-
quest will really be responded appropriately by the MAS,
as a whole. One should not expect agents to behave in a
[T_C?E%[a_ti\_/g_alimiﬁﬁmm he power and benefits of
individual control can be destroyed by poor cooperation at
the community level. Trade-offs can be found by negotia-
tion methods. A widely used mutual adjustment coordina-
tion technique is the formation and dissolution of teams.

e

........

object/
task

Figure 5: Mutual agreement [51].

In a MAS, however, human organizational models can be
‘surpassed. The ideas of decentralized problem solving,
including the resolution of the conflict between individual
and collective good, are widely studied in a number of
other disciplines, such as economics, game theory, politi-
cal science, biology, and ecology. Computational models
of agency borrowing analogies from these fields are simi-
lar in that they rely on some form of self-organization.
No central control is exercised, and the system adapts its
structure and funcfionality 1o the changing requirements
and environmental conditions. Typically, members of the
systems are individually able to achieve simple tasks, but
their interactions lead to the emergence of complex col-
lective behavior [28] [52). In self-organizing systems,
agents also communicate with each other indirectly: they
use stigmergy (following ant communities) [45] [47] [53]
or attraction-repuision fields [54] [55]. Note that at the
moment there is no generic coordination method that
could be applied in engineering self-organizing systems

(11
Organization patterns in manufacturing

Numerous variants of the above organization models and
cooperation patterns have appeared throughout the his-
tory of manufacturing. In fact, manufacturing calied for
new, more robust, adaptable, fault-tolerant, decentralized
and open organizational structures even before the idea
of agents and MAS emerged from artificial intelligence
and computer science [10] [27]. Departing from the ge-
neric ideas of Koestler [56], these requirements led to the
holonic organization mode! developed and applied par-
ticularly in manufacturing [45] [32] [57]). A holonic system
consists of so-called holens all of which are assumed to
-be both autonomous and cooperative. The control is
distributed: based on their own situation assessment and
local knowledge, individual holons decide over their ac-
tions. On the other hand, holons are expected also to
cooperate, i.e., to coordinate their actions in order to meet
global goals and to satisfy system-wide constraints. The
system is open and no explicit control structure is im-
posed on it, but thanks to cooperation, the members may
form also temporal federations. Thus, a holonic organiza-
tion tries to combine the responsiveness and robustness
of decentralized, network-like organizations, and the sta-



bility and efficiency of hierarchical control architectures. A
parallel trend was making some explored mechanisms of
Nature operational in the organization and control of
manufacturing systems. This approach resuited in the so-
called biological manufacturing systems [35] [58] [59]
and later on, led fo the engineering's concept of emer-
gence [28].

5 APPLICATION DOMAINS IN MANUFACTURING

in this section we present characteristic applications of
agent technology in the main manufacturing domains.
The survey below is far from being exhaustive; it focuses
on pioneering works, as well as on developments where
an agents-based approach seems to be inevitable for
mesting the requirements of modern manufacturing.

5.1 Engineering design

in the past decade, both the scale and the scope of engi-
neering design had been changed and much enlarged.
Design activities in various branches of engineering (me-
chanical; electrical, control, etc.) are now being inte-
grated. Furthermore, acknowledging that engineering
design must take into account the intrinsic requirements
and properties of the processes that bring to life, create,
maintain and re-cycle artifacts, concurrent engineering
includes all the main life-cycle activities such as market-
ing, design, manufacturing, distribution, sales, operation,
maintenance, disposal and re-cycling. Participants in the
product life-cycle can interact in parallel. Coilaborative
engineering (or design) transcends the above ap-
proaches: it emphasizes interaction instead of iteration,
makes the conflicts between different stakeholders in the
design process explicit and strives to achieve acceptable
trade-offs via negotiation [60] [61] [62] [63]. Negofiation
is extended towards customers in a framework presented
by [64] where design specifications of customized prod-
ucts are developed in the course of an iterative give-and-
take process.

The above developments posed new requirements for the
computational support of design. Decomposition and
paraliel execution in collaborative design, naturally, lend
themselves to an agent-based approach. Beyond the
usual advantages of having a modular system structure,
additional merits are as follows: the agents need not be
co-located, and they can form wrappers around and pro-
vide interface for existing legacy systems (e.g., analytical
tools, simulators, CAD systems from various fields of
engineering). Agents embodying knowledge and encap-
sulating tools of different engineering domains can com-
municate and work together if they have a set of shared
concepts and terminology, a common -language for ex-
pressing this knowledge, and a communication and con-
trol protocol for requesting information and services. An
early infrastructure like this was demonstrated through the
PACT system [65] which was built upon the early results
of ontology design and knowledge interchange, and
set a quasi-standard for a knowledge query and manipu-
lation language. Since then, KQML, a typed message
language with application-independent semantics and
protocol has become widely popular in other MAS appli-
cations [66]. Ontologies also provided the basis for a
knowledge-intensive design approach where relationships
of different models were handled by a so-called meta-
model mechanism [67] [68]. For instance, when design-
ing mechatronic artifacts, different physical phenomena
related to geometry and kinematics, force and distortion,
electricity, friction, sound and heat have been represented
by different, but re-usable and sharable aspect models.
Interrelations of various kinds (causality, abstraction,
approximation, aggregation, etc.) among the models were

maintained by the metamodel. Recent approaches sug-
gest solutions for situations where a priori models do not
have sufficient representation power [69]. E.g., in [70], an
agent system supporting the design of intelligent machin-
ing centres is proposed that concemns also the thermal
behaviour of machines. Notwithstanding the general as-
sumptions and layered architecture, it was very difficult to
transfer this custom-tailored system to another applica-
tion.

All the agent-based approaches to design are similar in
that they represent partial, dynamically evolving design
objects (beyond the well-proven object-oriented represen-
tation) means of constraints. Constraints are declarative,
non-directional, additive, mutually dependent and can
express partial information. Hence, they state clearly what
has to be satisfied without stating how. Constraints are
suitable for maintaining distributed, locally incomplete
representations of design objects as well. That is the
reason why constraints provide a key technology for multi-
agent design.

A couple of design specialists may work in a fixed organi-
zation [65], or, alternatively, even thousands of agents,
each responsible for a particular constraint, may delimit
the design space of the feasible solutions. In the wide
spectrum of possible organizations, knowledge-intensive
muliti-agent design systems tend to apply the organization
pattern of fixed hierarchy or standardization of work. For
some notable examples, see the descendants of PACT
(SHADE [71], First-Link [72]), as well as the Agent-Based
Design Concurrent Design Environment (ABCDE) [73],
RAPPID [74], and Facilitator [75].

The RAPPID (Responsible Agents for Product Process
Integrated Design) system relies on three strategic
mechanisms: autonomous agents as a way to distribute
decision-making among a community of human beings
and computers, market-based control as a mechanism for
coordinating distributed decision-making, and set-based
design as a means of making decisions in parallel, re-
garding partial designs. [75] presented a MAS with a
facilitator agent, a console agent and some service

- agents. The facilitator is responsible for the decomposi-

tion and dispatching of tasks, and for resolving conflicts of
poor designs. The console. agent acts as an interface
between designers and the system. Each service agent is
used for modeling different product development phases.

One expects that multi-agent design cannot be easier
than single-agent design. In principle, it may be so, how-
ever, in a MAS design problems and the available knowi-
edge can be structured in novel ways. Collaborative and
life-cycle approaches to design are successful in particu-
lar because they are utterly based on interaction. Inter-
action helps to harness external knowledge that could not
have been captured and internally represented. Further-
more, collaborative engineering (CE) makes explicit the
disparate goals, objectives, priorities and concems — in
short, interests — behind the various activities related to a
product's life-cycle. These interests manifest themselves
as conflicts just in the early phase of design when deci-
sions with far-reaching effects are made. The well-known
merits of CE are due to the early detection and negotia-
tion-based resolution of such conflicts. Negotiation over
conflicts can drive the design process towards innovative
solutions [62]. From a wider perspective, one can see CE
as trading incomplete knowledge against interest. A trade
like this can be very fruitful: rational, interest-seeking
behavior on the part of autonomous fagents can result in
successful overall performance in cases when the agents
have limited capabilities (knowledge and/or resources). At
the same time, collaboration rests upon interaction, which
is still the key to creative design.



5.2 Process planning

Process planning is aimed at creating plans for discrete
manufacturing operations that are executable in resource-
constrained production environments and produce the
designed artifacts. Hence, computer-aided process plan-
ning (CAPP) incorporates both design and production
related concepts: geometry, tolerances, surface quality,
material properties, manufacturing processes, machines,
tools and holding equipment (fixtures, grippers and ro-
bots). Useful domain knowledge varies also with the ac-
tual technologies such as machining, sheet metal bend-
ing, inspection, or (dis)assembly. There are two usual
ways of handing the complexity of CAPP problems:

s De-structuring its world into manageable micro-
worlds — these are the so-called features.

e Decomposing the planning problem into sub-
problems such as process and resource selection,
setup planning, sequencing, path planning, and NC
programming.

The idea of-a planning engine that could synthesize the

results of several domain-specific agents appeared in

[65] and [76]. This process planner worked with a kind of

hierarchical task network following the standardization-of-

work coordination pattern. A similar solution strategy with

sophisticated geometric reasoning appeared in [77].

Human interaction is emphasized in [78] where specific
agents, working on the exact geometrical representation
of the part, available machines and tools, build up the
space of the process plans. Then, an optimization engine
extracts solutions from this space. In fact, full-fledged
CAPP systems are concurrent engineering systems (see
the above section) with a special emphasis on process
modeling. However, making a consistent synthesis out of
results generated on partial models proved to be prob-
lematic. The crux of all but the simplest CAPP problems
is to reconcile the logical and optimization aspects of
planning and to handle inconsistent pieces of design and
technology related knowledge. The resolution of conflicts
like this calls for negotiation - no wonder that these
issues of CAPP and concurrent engineering prompted a
novel socio-technical concept that considers engineering
as collaborative negotiation (ECN) [61] [79] [62]. Alter-
natively, in this ill-defined area one can rely on method-
ologies of emergent synthesis [28] [80]. The sharing of
tasks in multi-agent process planners followed some
traditional decomposition of the CAPP problem, with sub-
problems calling for knowledge-intensive solutions.
Hence, their characteristic organization patterns are fixed
hierarchy and standardization of work.

In recent works, CAPP has been extended towards the
execution of plans: planning is aware of available re-
sources and takes actual lot-sizes or due dates into con-
sideration. On the other hand, process planning knowl-
edge is used for short-term scheduling decisions at the
shop floor. Multi-agent system concepts are particularly
well suited to this integration [80] [81]. For further details,
see Section 5.6.

Finally, note that plans are blueprints of behavior com-
posed of pre-defined actions. Hence, process planning —
as a large body of planning problems in general - can be
considered a problem of configuration. Configurational
design and CAPP tend to apply similar representation and
solution techniques that enable representing, solving and
relaxing distributed constraint systems.

5.3 Production planning and resource allocation

Production planning is the process of selecting and se-
quencing activities so that they should achieve one or
more goals of an enterprise and satisfy a set of domain

constraints [82]. At the strategic and long-term level, top
managers try to allocate available resources based on
their experience, intuition and computer support, if avail-
able.

Resource-aware aggregate planning is addressed in [80]
where a library of generic resource classes is used for
describing the enterprise’s resources. Resource-
awareness means the creation of a dynamic inter-
relationship between the planning entities and the enter-
prise resources, human beings and machines in a distrib-
uted manufacturing enterprise.

A market-based negotiation mechanism, called prece-
dence cost tatonement (P-TATO), was reported on in
[113]. The system is composed of a project manager
agent, task agents, resource manager agents, resource
agents, and coordinator agents. The project manager
agent maintains the project milestones, the project activity
network and each task’s resource allocation information.
A task agent is in charge of its own single task. A re-
source manager agent is in charge of monitoring and
coordinating a set of resources. A goordinator agent is
responsible for coordinating multiple resource allocation
markets in the virtual market model. The simulation re-
sults based on P-TATO indicated high levels of solution
quality and computational efficiency.

Sequential ailocation of resources can be viewed as a
digraph where each vertex represents resources and the
arcs represent the allocation [83]. In this method agents
are associated with actors, resources and groups of re-
sources. The method has been applied to an automatic-
guided vehicle (AGV) system. The resources identified for
this system are the segments and points that form the
free space world model utilized by the AGVs for navigat-
ing. Agents are utilized to manage these resources (and
groups of resources) to maintain the flow of AGVs.

The exploitation of agent-based technology in production
planning was addressed in the ExPlanTech project [84].
There, one of the § intra-enterprise agents introduced is
the production planning agent which is in charge of con-
structing an exhaustive, partially ordered set of tasks to
be carried out in order to accomplish the given project.
Five levels of production planning in a reconfigurable
enterprise (RE) are distinguished in [85] [86] (see

Figure 6).
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Figure 6: Negotiation models for different planning levels
of the enterprise [86].

The authors claim that the successful tools for operation
management in RE need to be based on the decentraliza-



tion of the decisions where each entity in charge of spe-
cific planning decisions makes its own decision autono-
mously, while global planning decisions are achieved by
means of coordination and negotiation among them. The
various levels differ from each other on the planning hori-
zons, the planning issues, producers and mechanisms.
The negotiation model was compared with a centralized
solution, showing the benefits of the agent-based ap-
proach [86].

Facility layout planning by using self-organizing principles
is described in-[55] where the planning proceeds by local
interactions between machines and AGVs, without global
control. Self-organization is exploited in [87] where a
decomposition of manufacturing objectives and the allo-
cation of tasks to work systems is arranged. The alloca-
tion is arranged by a market mechanism that also makes
the optimization of the manufacturing system design
possible, by evaluating and selecting from among alterna-
tive, competitive work systems.

5.4 Production scheduling and control

Scheduling is the process of selecting from among alter-
native plans and assigning resources and times to the
activities in the plan. These assignments must obey a set
of rules or constraints that reflect the temporal relation-
ships between activities, the production technology and,
the capacity limitations of shared resources [88]. Manu-
facturing control relates to strategies and algorithms for
operating a manufacturing plant, taking both the present
and past observed states of the manufacturing plant, as
well as the demand from the market into account.

The manufacturing control problem can be considered at
two levels. At the low-level, the individual manufacturing
resources are to be controiled to perform actual proc-
esses expected by the high-level control functions. High-
level manufacturing control is concerned with coordinating
the available manufacturing resources, in order to make
the products required. In agent-based manufacturing
systems, agent technology is usually applied to high-level
manufacturing control, but can also be applied in the
lower level [89].

There exist some survey papers on agent-based produc-
tion scheduling and control [90] [5], therefore, here we
concentrate on the most important aspects.

Collaborative coordination control (CCC) for a multi-
machine workstation is proposed in [91]. Shorter lead
times and associated higher production rate, reduction in
waiting time of parts for service and lower variable costs
are reported on. Agents dedicated to work centers select
dynamically the most suitable dispatching rules in an
agent-based dynamic scheduling system [92].

An agent-based collaborative production control frame-
work capable of conducting scheduling and dispatching
functions among production entities is reported on in [93].
The system was tested on the simulation mode! of a real-
world multi-line elevator manufacturing line.

A multi-agent software system RIDER (Real-Time Deci-
sion Making in Manufacturing) has been developed for a
cable producing company and for a carpet manufacturer
[94]. Upon the occurrence of an event (machine break-
down, new orders, etc.), the agents use a mechanism for
generating local alternatives and follow a message ex-
change procedure to build decision trees, which are trav-
ersed and evaluated via user defined cost-based objec-
tive functions. Each agent is programmed to perform a
specific set of complex actions: as an example, the agent
supervising the weaving department of the carpet manu-
facturer [95] may address both nesting and scheduling
optimization problems in the weaving process and then
inform the upstream agents about the alternative nesting

schedules it has generated. The real-time information
required for monitoring the system status and for generat-
ing valid alternatives is obtained through a data exchange
mechanism, incorporated in the RIDER system, in order
to communicate with other information systems and appli-
cations.

Centralized/hierarchical job shop schedulers tend to be
complex and hardly applicable in real-time, dynamically
changing circumstances. On the contrary, heterarchical
architectures have a number of inherent advantages,
such as modularity, reconfigurability, adaptability, fault
tolerance, and extensibility [10] [12] [27] [96] [97]. How-
ever, the elements of architectures like this are distrib-
uted, usually have no access to global information and,
therefore, optima cannot be guaranteed. In addition, such
systems can become unstable from the computational
point of view.

Hybrid frameworks such as described in [98] have at-
temptea to combine features of both hierarchical and
heterarchical frameworks. In [99] a hybrid, agent-based
scheduling and control system architecture is presented
for solving the order picking problem in an’industrial ware-
house. The goods are stored at multiple locations and
the pick location of goods can be selected dynamically in
near real-time. The higher level optimizer agent, with a
global perspective, generates a balanced and synchro-
nized order-tray sequence and efficiently assigns re-
sources to each order tray, using a genetic algorithm
(GA). The middle-level guide agent takes the resource
assignment decision from the higher level agent and
guides the lower level agents to achieve improved system
performance. The lower level agents make their decisions
based on real-time conditions, and suggest the alteration
of predetermined resource assignments but have to ob-
tain permission from the middle-level agent.

Holonic control structures

Holonic systems, as one of the new paradigms of manu-
facturing, consist of autonomous, intelligent, flexible,
distributed, cooperative agents or holons [31]. One of the
most promising features of the holonic approach is that it
represents a transition betwaen fully hierarchical and
heterarchical systems [31] [98]. Holonic architectures can
also include both temporal and permanent hierarchies
[98].

Three types of basic holons, namely, resource holons,
product holons and order holons, together with the main
information flows among them are defined in the PROSA
reference architecture [32] (Figure 7).
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Figure 7: The PROSA reference architecture [32].



These basic entities are structured using object-oriented
concepts such as aggregation, specialization. Staff holons
are also foreseen to assist the basic holons in performing
their work. Other authors refer only to two types of basic
building blocks, such as order and machine agents in
[100], job and resource agents in [101], and order and
machine (resource) holons in [102]. A common feature of
these approaches is that the functions of the order and
product holons are integrated in one basic type.Based on
the PROSA architecture, an agile holonic multi-cell control
system (HoMuCS) was described in [103]). The holonic
behavior of machine tools’ CNC was highlighted in [104].

Market-based approaches

Cooperation and conflict resolution are the main issues in
agent-based scheduling systems. For solving these prob-
lems, the idea of negotiated factory scheduling ap-
peared some time ago. Early attempts implemented dis-
patching mechanisms [1068] [107] but did not concern
advance scheduling. Conversely, other works realized
predictive schedulers with no reactive capabilities. For
negotiation, “versions of the corifract net protocol [108]
were used. Market-oriented programming based on gen-
eral equilibrium theory has been first applied to resource
allocation problems with no temporal aspect [108]. Dy-
namic reconfigurability, which asserts itself again in the
holonic concept, appeared first in [107] that suggested
iterated bidding for selecting cells that complete a job.
This approach was developed further into random manu-
facturing [34] where temporal coalitons of machines
competed for incoming orders.

Nowadays, negotiation based algorithms have been used
almost without exception. In this way, schedule genera-
tion is a recursive, iterative process with announce-bid-
award cycles where market mechanisms [34] [101] [105]
can be advantageously used. Order (or part) driven and
resource (machine, cell) driven techniques may be distin-
guished, based on who makes the announcements. The
extent of coordination can be limited to given (e.g. pairs
of) agents.

Tasks are, usually, announced one by one, mostly after
the preceding operation has been completed which
causes decision myopia, a common drawback of distrib-
uted approaches. More advanced systems support look
ahead scheduling with a longer, sometimes varying hori-
zon.

In multi-agent scheduling, agents manipulate resource
and/or order variables under their own authority. Potential
job interactions are handled by agents telling each other
their aggregate workloads and free capacities [109]
[110]. Since global consistency can hardly be guaran-
teed, constraint checking or simulation is needed. Since
constraint relaxation and backtracking may require enor-
mous computational overhead, their use is limited. As an
alternative to backtracking, heuristic finkering of almost
conflict-free schedules can be applied.

In [105] and [111] a market mechanism was proposed
which made cooperation in the control of distributed
manufacturing systems possible. Particularly, an inte-
grated production planning and distributed scheduling
problem was investigated. The system included self-
interested, autonomous agents whose goal was to maxi-
mize their own profit. While the production planning prob-
lem was handled by a central management agent, ma-
chine agents were responsible for building up and execut-
ing local schedules at machines with different technologi-
cal capabilities. Congestion control (via order selection)
was the responsibility of the management alone, but
scheduling decisions were reached by a partially commit-
ting bidding mechanism between the management agent

and the machine agents. The bidding protocol is pre-
sented in Figure 8.
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Figure 8: Agents and their relations according to [105].

A market mechanism has been applied to solve dynamic
multi-project resource-constrained scheduiing problems:
[112] [113] handle the decentralized scheduling of re-
sources, which are shared by multiple projects. In a virtual
economy where agents act as buyers and sellers of re-
sources, ‘resource-time slots” (resource availability over a
given time) are traded as goods. Due to the dynamic and
distributed nature of the economy, the approach achieved
higher levels of flexibility and scalability.

Applying a market mechanism has, however, some draw-
backs: since it is a nondeterministic, utility-based method,
the system's worst case behavior and even the avoidance
of extreme situations are hard to guarantee. No more
than the average behavior can be predicted; the signifi-
cance of the results should be based on careful simula-
tion experiments. Moreover, it is doubtful whether smail
artificial markets with a tow number of participants and
limited number of encounters could produce the effects
we meet in real markets of large size.

It is hard to define where the borderlines of a model like
this should lay. Note that in the real world, production
elements with monetary terms do have counterparts in
consumption. Money that can buy nothing is good for-
nothing.

In the AARIA (Autonomous Agents for Rock Island Arse-
nal) system unit process, resource, manager, part, cus-
tomer, and supplier are identified as agent classes [114].
A collaborative control system for mass customization
manufacturing is described in [101]

Stigmergy-based coordination and control

A relative novel approach for coordination in multi-agent
systems is stigmergy which belongs to mechanisms
which mimic animal-animal interactions [45]. Stigmergy is
an indirect coordination tool within an insect society where
parts of global information is made available locally by
pheromones, e.g., as in the case of ant colonies. This
way, -individual agents are not exposed to the complexity
and dynamics of the situation, and the communication
burden in the computer realization is significantly lower
than in, e.g., market-based solutions.

A holonic manufacturing execution system (MES) is pre-
sented in [45] that preserves the advantages of heterar-
chical designs and predicts the near future, while ac-



counting for changes and disturbances. In order to
achieve this, the software agents reflect the underlying
manufacturing system (e.g., order agents reflect tasks)
and delegate mobile (ant) agents consistently. For in-
stance, exploring ant agents query, the associated re-
source agent about processing times; they do not have
their own model of the resource and, therefore, make no
assumptions that can be faulty. The forget-and-refresh
mechanism of the stigmergy infrastructure ensures that
information remains up-to-date.

As for the realization of stigmergy-based systems, virtual
ants can be realized by mobile sofiware agents. A mes-
sage-based realization can be conceived, as well. Market-
and stigmergy-based approaches do not represent two
totally different ways of multi-agent coordination and con-
trol: they can be nicely combined in complex societies.

Adaptation and learning in multi-agent production control

Early investigations implied that the efficiency and quality
of multi-agent scheduling depended on variable, adaptive
commitment strategies. This is especially so in dynamic
domains where tommitment may hinder an agent from
responding to new contingencies. The main issues are
when to commit, what to commit and to what a degree to
commit.

In [115] an agent-based system is described which is
used for resource allocation and production control.
Agents assigned to all orders and resources are adap-
tively conditioned according to the logistic situation. Simu-
lation experiments proved that the approach delivered
nearly the same logistic results as established ERP
methods did. However, the proposed agent-based system
reacted on disturbances and unexpected events better
than other ERP systems.

Learning and other forms of adaptation are essential in
multi-agent systems [25] [116] and can be categorized as
follows:

» Centralized learning (or isolated learning) refers to
learning approaches which are entirely executed by
single agents, with no regard to interaction with other
agents.

» Decentralized learning (or interactive learning)
involves several agents which require a joint and co-
ordinated interaction among them.

The adaptation procedure described in [116] and [117] is
a centralized approach in which each resource agent
focally adapts its behavior in order to achieve a more
profitable position in the agent society. The feedbacks are
represented by changes in local utilization parameters
and bid awarding and/or rejection reactions issued by the
order agent. Each resource agent incorporates a rule-
base by which it can locally decide on the cost factor to
be applied in a task announcement. The preconditions of
these rules are the utilization of the resource and the ratio
between the won and lost bids which are stored locally for
each agent in the table of machine abilities and history.

Simulation results demonstrate that the major advantage
of the above solution is 2 more balanced usage of re-
sources. Moreover, several performance measures, such
as maximum tardiness and makespan proved to be better
with cost factor adaptation [116].

In [118] a market-based distributed production control
system with learning and cooperative agents is described.
The adaptive scheduling is done by a triple-level leaming
mechanism. The top level of learning consists of a simu-
lated annealing algorithm, the middle (and the most im-
portant) level contains a reinforcement learning (RL)
[119] system, while the bottom level is done by numerical
function approximators, such as artificial neural networks
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[120]. The proposed neurodynamics-based system can
be used for solving the general dynamic job-shop sched-
uling problem in a -distributed, iterative and robust way.
The time and space complexities of the solution are ana-
lyzed and compared with classical approaches.

Finally, note that adaptive agents represent one of the
most promising approaches towards Class | and Class Iil
problems of emergent synthesis, i.e., problems with in-
complete environment description [56] [59] [121].

5.5 Process control, monitoring and diagnosis

Process control, monitoring and diagnosis are closely
related, partly overlapping fields. Monitoring invoives
observing, recording, and processing signals, and detect-
ing abnormal conditions of the controlled process. Diag-
nosis is the process of generating plausible hypotheses
on the causes that ied to the current (abnormal) state of a
system. Prognosis refers to predicting when a particular
state will ocour next or what state the system will reach at
a specified future time.

Monitoring, diagnosis and prognosis apply to both physi-
cal or engineering processes (e.g., at the machine level)
and business processes (e.g., material and work flows).
Signals in the physical process correspond to process
parameters such as force, vibration, temperature, pres-
sure. For business processes, material movements (e.g.,
from one location to another one), process completion
times, and other transactional data associated with infor-
mation or material flow serve as the signals. The fre-
quency and range of physical process signals are much
higher. While automatic (feedback) control is quite com-
mon for physical processes, business processes will likely
require human intervention. Despite these seemingly wide
differences, the scientific principles and even the tech-
niques underlying monitoring, diagnosis and prognosis
are similar in both the physical and business settings.

The application of pattern recognition (PR) techniques,
expert systems (ESs), artificial neural networks (ANNs),
fuzzy systems (FSs) and nowadays hybrid artificial intelli-
gence (Al) techniques in manufacturing can be regarded
as some consecutive elements of a process started more
than two decades ago [122]). Extensive background on
monitoring can be found, e.g., in [123] [124] [125] [126]
and [127].

In the CIRP-survey on developments and trends in control
and monitoring of machining processes, among other
things, the importance of sensor integration/fusion,
sophisticated models, multi-mode! systems, and learning
abiiity was outlined [128]. The development of user-
programmable, multi-purpose, modular monitoring sys-
tems in manufacturing started in the early eighties [129]
[130]. In these systems the main goals of modularity were
to accomplish sensor integration and achieve appropriate
computing power.

Modularity can be regarded as a step towards agent-
based systems. In [131] a muiti-agent approach was
presented for the selection of grinding conditions. The
agentification was made according to the different reason-
ing approaches used, i.e., case-based reasoning for se-
lecting the combinations of the grinding wheel and values
of control parameters, rule-based reasoning for cases
where no data were available in the case-base, and neu-
ral networks for selecting the grinding wheel if required.
The final decision was made by the operator.

In [132] an approach for the modeling, monitoring and
optimization of manufacturing processes and process
chains was introduced. A significant feature of the pro-
posed technique was that it could handle models of dif-
ferent types at the same time.
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