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Abstract— This paper discusses the potential of multi-agent
planning techniques in the production planning domain, with
special focus to mass-oriented production. The research presented
in the paper has been centred around ExPlanTech - a spe-
cific implementation of production planning multi-agent system.
Suitability of ExPlanTech for mass-oriented and project-driven
manufacturing is discussed general in the paper. Applicability of
multi-agent concepts is demonstrated on a multi-agent planning
architecture and production planning case study at Skoda Auto
Engine Plant.

Index Terms— production planning, multi-agent systems,

I. INTRODUCTION

In manufacturing the agent systems have been used in
production control [1] and project-oriented production man-
agement [2]. While in manufacturing control the main added
value provided by agent technology is in their control de-
centralisation, flexibility and robustness, agent-based project
driven production planning provides mainly locally and glob-
ally balanced planning efficiency and very efficient replanning
capability. In our article, we report on an extension of the agent
planning techniques towards the mass-production domain. The
experience we present was collected during the analysis,
design and implementation of the actual planning system that
is currently in the processes of deployment in SkodaAUTO
engine production factory.

The typical problem of planning and scheduling in manu-
facturing is to allocate manufacturing activities to the available
resources in the most optimal way so that manufacturing con-
strains are not violated. Manufacturing constrains are usually
given by the manufacturing process specification and include
a component list for a specific product, list of manufacturing
activities, causal relations and list of available manufacturing
resources that can be allocated to an activity. Besides manufac-
turing process specification, an important input to the planning
process is also the current load and future commitments of the
manufacturing resources.

The architecture we present is usable in both the project-
oriented production and mass production context. In either of
the domains we have based our solution on the ExPlanTech
multi-agent architecture, that has been developed in part within
the IST-1999-20171 European project [2]. In the former do-
main, the use of multi-agent planning becomes widespread
and many prototypes and applications were developed. In the
latter domain, the use of multi-agent planning systems faces

more obstacles, as the emphasis put on plan efficiency is
significantly higher and in most mass-production factories,
multi-agent planning must compete with existing methods and
prove its strengths.

In this article, we introduce the concept of AI planning
and multi-agent planning techniques (see Section II) followed
by specification of the different requirements imposed on
the planning problem in manufacturing (see Section III). In
Section IV we present a specific multi-agent architecture
ExPlanTech and discuss its applicability in project-driven
and mass-oriented production planning. Section V presents a
specific case study of deployment of the ExPlanTech multi-
agent solution in mass-oriented production at SkodaAUTO
engine manufacturing site.

II. FROM AI PLANNING TO MULTI-AGENT PLANNING

In this section we briefly explain the concept of multi-agent
systems and the relevant agent-oriented and classical Al based
planning techniques.

Classical artificial intelligence (AI) and operation research
(OR) techniques are currently widely used in nowadays pro-
duction planning systems. Besides classical linear program-
ming (and related) approaches that have been widely used
in the manufacturing problems where the problem can be
described by a system of linear equations, there is a growing
popularity in using various constrain satisfaction methods and
constrain logic programming [3] for solving more complex
planning problems. A modern and very straightforward ap-
proach to efficient planning and scheduling is based on the
Theory of Constraint (TOC) [4], and integrates the classical
concepts of the critical path and critical chain.

Al and OR provides various approaches to linear and non-
linear planning based primarily on the informed methods
of state-space search [5]. While little additional constrains
need to be imposed on the planning problem, these methods
tend to be rather computationally complex. Methods based
on propositionalization of the planning problem have been
proposed recently [6], [7].

The multi-agent systems provide different techniques and al-
gorithms based on problem decomposition, task delegation and
alternatives negotiation. Besides agent technologies provide
development methods and programming infrastructures that
can be used for implementing various systems for supporting
non-trivial problem solving and planning problems. A multi-
agent system is a collection of loosely coupled, autonomous
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agents. The agents are primarily computational, but hardware
agents or human operators are often members of the multi-
agent communities. Designing collective behavior of either
cooperative or self-interested agents is the key engineering
problem when developing a multi-agent system.

Multi-agent systems provide various techniques for planning
the activities of distributed agents — multi-agent planning.
Multi-agent planning usually deploys certain specific coordi-
nation technology. Centralised multi-agent planning is often
based on the black-board architecture [8] or specific dedicated
agents that can integrate various Al planning algorithms listed
above. The most widely used approaches to distributed coor-
dination are based on the contract-net-protocol [9], a seal-bid-
auction type of a contraction mechanism or iterated contract-
net-protocol (that corresponds to an English auction type of
a contraction mechanism) [10]. The classical approach to
multi-agent planning is the Partial-Global-Planning algorithm
(PGP) that has been widely used in multi-agent systems [11].
PGP technique is a flexible approach to distributed planning
and coordination that allows agents to dynamically reconsider
their plans and commitments with the dynamically changing
satiation. An efficient planing algorithm for cooperative multi-
agent dynamic system is based on the use of large, structured
Markov decision process (MDP) represented by a dynamic
Bayesian Model [12].

III. REQUIREMENTS FOR PRODUCTION PLANNING

In the domain of production planning, there is a whole set of
different requirements that makes various planning algorithms
hard to reuse. In this section, we will discuss selected require-
ments and properties of the problem that affect selection and
design of the relevant multi-agent planning technique:

« centrality: is the environment distributed?

o complexity: how complex is the planning problem?

« stability and replanning: is the solution long-lived?

Let us discuss these properties in turn.

Centrality: We have to distinguish between the centrality
of the problem and centrality of the solution. If the planning
problem is centralized we assume that all the relevant planning
data can be located centrally and can be analyzed by a
centralized algorithm. If the planning problem is distributed,
we expect that it is physically impossible (or unwanted) to
locate all the actual data at one physical host (e.g. logistics
planning). A problem can be central only to some extent
(e.g. centrally available is only meta-information such as from
where to where is the semi-product transported while the exact
location of the truck is unknown). Obviously, centralized prob-
lems are more likely to be solved by centralized algorithms,
while distributed problems would require more negotiation
based approaches. However, a mix of central and distributed
approach to central and distributed problems is possible.

Complexity: Production variability — both in the overall
products/plan type ratio and in plan type/time unit ratio — is an
important aspect to be considered when selecting a distributed
planning algorithm. It is mistakenly assumed that distributed
computation can solve elegantly NP-complete or exponentially
complex tasks. Mere distribution into a fixed number of com-
putational agents cannot and will not decrease computational

[ Environment [[ Efficiency | Complexity [ Stability
Process Production HkE * ok
Mass-oriented Production Ak wk ok
Project-oriented Production *E ok HoAk

TABLE 1

KEY CHARACTERISTICS OF PLANNING PROBLEM IN DIFFERENT
ENVIRONMENTS.

requirements and there is no reason to believe that the solution
will be provided dramatically earlier in comparison to the
centralized solutions. Besides, sending a message between
two agents usually requires more computational resources than
passing a parameter when calling a method in a centralized
system. However, multi-agent systems allow us to communi-
cate imprecise, approximate knowledge. Agents can thus build
approximate acquaintance models [13] that provide models
of agents’ imprecise mutual awareness. Knowledge stored in
these models can be used as an important heuristic for finding
a suboptimal solution in even very complex environments [14].

Stability and Replanning: As the plan is being executed,
the inherent irregularities of the manufacturing process can
cause deviations from the plan. Production control can au-
tonomously handle many minor issues, creating a vast window
of opportunity for multi-agent control [1] — each agent can
manage its resources autonomously in order to fulfill the
planned commitments. Some issues can be solved by negotia-
tion between the subsequent processors in the manufacturing
process, but some issues must be solved at a higher level as the
local solution may interfere with the overall plan. On the other
hand, handling of minor issues at a higher level of planning
and control increases significantly the system complexity. The
ExPlanTech architecture presented in section IV provides a
flexible framework that adapts to these tradeoffs.

According to the Theory of Constraints (TOC), the output of
most production facilities is defined by a bottleneck - a single
fundamental constraint that limits the production capacity.
Different types of manufacturing processes can imply different
requirements on the planning, as shown in Table I and this
section.

Process production. In continuous process plants (e.g. spe-
cialized chemical production processes) [15] require emphasis
on real time control and appropriate incident handling, while
the planning is mostly reduced to pure scheduling as the
sequence of operations is typically predefined. Such systems
are linear and have no or very limited storage capacities
between processors. Therefore, the planning can be reduced
to the selection of current processor capacity from the range
values restricted by the maximum capacity of the bottleneck
element for each element of time. The technology constrains
— e.g. lead time, preparation and cleaning time and capacity
limitation at startup or shutdown — needs to be naturally
considered.

Mass Oriented Production. In the mass production context
in the discrete manufacturing environment, the situation gets
more complex as we touch the field for which the TOC
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was originally developed. The production systems typically
have a single bottleneck, but the flexibility is increased as
we may store the intermediary products in buffers between
the processors. Range of products produced in one plant
is typically wider and for each product, slightly different
sequencing of operations in the plan may appear, even if
the bulk of the plans remains similar due to the efficiency
constraints. The differences between products may actually
shift the production bottleneck along the line for various
product mixes and this factor must be taken into account when
we plan and schedule the production for individual processors
in the sequence, together with the capacity of buffer storage
and additional handling costs.

The main concern of planning and scheduling in both above
cases is to ensure that the system capacity, defined by a well
understood physical bottleneck is used efficiently and ensure
that the production costs are globally minimized. Therefore,
the main emphasis is put on scheduling and the planning is
typically highly centralized.

Project Oriented Production. This is different in a project-
driven production environment, where the assumptions laid
down above no longer hold due to the increased variability
of products and plans. Complex plans are executed by more
versatile processors and implementation of tasks may be
specific for each particular product. Such versatility makes
the planning process much more complicated, as the single
bottleneck that defines the plant output can be hardly found.
The production capacity itself is defined by the number of
projects completed rather than pieces produced - granularity
of elementary lots on individual processors is typically higher.
On the other hand, the profit margins in such processes tend
to be higher than in the mass production and the emphasis is
put on the feasibility of complex and diverse plans.

Therefore, the planning goal is no longer to optimize the
global behavior defined by a system bottleneck, but to ensure
that all processors are running at their maximum capacities
and that the maximum number of projects is completed -
we improve the efficiency by increasing the capacity and
local optimization, rather than by smoothing the flows around
the single well defined bottleneck. Our ability to plan the
production is frequently an actual bottleneck that limits the
output of the plant and restricts the efficiency. Centrality of the
planning is low, and the systems tend to be more robust - small
fluctuations in processing of individual lots don’t propagate
immediately as in linear processes, but can be absorbed by
buffers.

In the following section, we will present a generic multi-
agent architecture for production planning and control that we
have developed for the project driven production environment,
together with the specific modifications that enable the use of
this technology in the mass-production context.

IV. EXPLANTECH ARCHITECTURE

The ExPlanTech framework [2] adopts the ProPlanT mul-
tiagent architecture [16]. It contains an approximately fixed
number of nontrivial agents, each providing different system

functionality e.g. planning, simulation, and user access. We
built ExPlanTech on top of the Java Agent Development
Environment using the JADE platform'. For ExPlanTech the
issue of interoperability and openness to 3rd part extensions
is very important. This has been the main reason of the
JADE platform deployment as it provides FIPA compliancy
on various levels of agent integration. JADE efficiency has
shown to be satisfactory in comparison to other competing
environments available at the time of ExPlanTech development
[17].

As the main goal of ExPlanTech was to be a general purpose
framework, its organisational architecture does not comply
with (but is open to) any production modeling methodology.
The ExPlanTech system includes following types of agents:

Planning Agents. The core of the any ExPlanTech-based sys-
tem is a community of appropriate planning agents (see Figure
1). A planning agent focuses on product configuration and
quotation and creates production plans for individual orders.
Production agent typically creates production plans by task
decomposition and partial-order planning but may integrate
various existing Al planning engines to handle different types
of production - for example, linear programming, constraint
logic programming, or genetic algorithm-based planning.

Managing Agents. An ExPlanTech like planning system
may integrate one or many managing agents which may be
in charge of detailed resource allocation and schedulling,
provided that the planning agent does not work with the
information about the agent current availability. Managing
agents also take care of conflicts and manage replanning and
plan reconfiguration.

Resource Agents. ExPlanTech features two types of agents
for integrating or representing manufacturing resources (see
Figure 1). These agents

« Integrate factory hardware and software systems (for ex-
ample, creating a bridge to a material-resources-provision
(MRP) system, or integrating PLC controllers)

o Simulate a specific machine, workshop, or department
(for example, a computer numeric control machine or a
computer aided design department).

Typically, many resource agents running in the system directly
interact with a planning agent or a production managing
agent and carry out the data gathering and specific data
preprocessing.

Besides the baseline agents defined above, the architecture
contains other specialized agents performing various system-
wide functions: user interaction, meta-reasoning and extra-
enterprise integration.

ExplanTech provides an architectural and technological
framework for development of agent-based production planing
systems. It has been to a various extent deployed in several
industrial applications. In the following, we will only com-
ment on its applications to project-driven and mass-oriented
production planning.

"http://jade.tilab.com
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A. Project-Driven Production Use Case

The first ExPlanTech deployment was made in the pattern
shop Modelarna Liaz, manufacturing dies, casts and molds for
the car industry. The production is clearly project-driven, as
a single (or very limited number of) product has been always
manufactured from one design. Given the high replaceability
of production elements, variability of the manufacturing pro-
cesses, high average occupancy of the manufacturing elements
and short delivery times, the resource allocation process has
not been trivial. Given the fact that a project consisted on aver-
age of 5 - 10 production processes, where almost each process
can be further divided into a high number of subprocesses we
are talking about a state-space well over 10'°.

In Modelarna Liaz there are 20 resource agents integrating
three 5-axis CNC machines, one wood workshop (staffed by
5 employees), one metal workshop (10 employees), twelve
CAD designers and one finish workshop. The workshop agents
have been directly linked with the data collection mechanisms
running in the factory.

A single planning agent decomposes the production pro-
cess into activities and task the resource agents. The difficulty
is given by the fact that the optimal decomposition depends on
the availability of the resource agents while their availability
depends on the requested activity which is a result of the
respective decomposition. The resource allocation process
has been implemented by means of a iferative subscription-
based-protocol (ISBC) [18]. The planning agent subscribes
the resource agents for meta-representation of their occupancy
(as a function of the amount tasked). The Linear function
approximation has been used as an estimate of the resource
agents occupancy. The planning agent uses this estimate for
suggesting the most optimal project decomposition. The plan-
ning agent requests resource agents for the resulting amounts.
It may happen that the estimate has not been accurate. If this

Fig. 1.

is the case, the resource agent rejects to provide the resources
as expected and sends the planning agent a counterproposal.
This counterproposal is used for an update of the estimate and
a new decomposition proposed by the planning agent. Within
a very small number of iterations, the decomposition usually
achieved is very close to optimum.

The deployment exercise has shown that the project oriented
production is very suitable domain for deployment of multi-
agent techniques. This is true mainly due to the following
reasons:
o complex, multi-dimensional optimization requirements
(in or case due-time and cost)
« on-line collection and integration of production data
o the physical model represented by the community of
resource agents is non-permanent
o requirements for continuous re-planning, given by an
arrival of higher priority projects or by changes on the
manufacturing devices
« frequent interaction with several users
 quite often, there is a single project being planned at one
time
These requirements suggest a multi-party negotiation based
approach as an efficient alternative to classical monolithic
planning.

B. Towards Mass Production Planning

The same reasons that make multi-agent planning a perfect
match for project driven plants severely affect the usability of
purely multi-agent approach to planning in a mass-production
environment’. The rigidity of the plant configuration and
low variability of products reduce the potentials of nego-
tiation. Moreover, decreasing granularity of tasks increases

2In this context, we shall mention that we are considering traditional plants
with rigid ordering of specialized tasks along one or more processors (chains).
Multi-agent planning in plants with parallel processing capabilities provides
better results. [19]
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ExPlanTech Architecture in project-driven environment (left) and in the mass-production environment (right). Mainly the dark agents are responsible
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significantly the size of plan space. The utility differences
between two slightly different plans are often negligible,
making distributed approach impractical, as the negotiation
costs (both in computational time and number of messages)
become significant and improvements are only marginal for
majority of modifications. Globally, we pass from negotiation
about large, high-level tasks between autonomous and versatile
processors to the negotiation between a small number of
processors that concern units of pieces only.

The optimization criteria are also different (see Table II).
In project driven production, we optimize locally for each
processor and the global plan is just a combination of optimal
local plans. This simple assumption does not hold anymore in
the mass production case, as the cost of material and product
handling between processors becomes significant - the criteria
for optimization are therefore global (see section V-A), and
difficult to ensure locally. In ExPlanTech architecture, we
solve this issue by including the dedicated planning agent
in the architecture to oversee such process. In Table II,
we can see that the relative importance of various elements
of ExPlanTech is different in the project-driven and mass
production case. Instead of the distributed, negotiation-based
approach to resource allocation, this duty was delegated to
specialized planning agents that impose the plan to individual
managing agents representing various processors. Unlike in the
project driven case, the plan is actually imposed to managing
agents whose autonomy is reduced — they merely oversee the
execution of the imposed plan and report deviations to initiate
replanning if necessary.

The overall planning performance is greatly determined
by the actual planning method implemented by the planning
agents and its adaptation to the current environment. On the
other hand, the classical approach when we tune the planner
during the system integration phase may be short-sighted.
Long-term evolutions of the product mix may influence the
planner results and reconfiguration may be necessary, impos-
ing additional operation cost and greatly reducing the agility of
the system. The same problem appears during reconstructions,
holidays or other disruptions — the planner may be inadequate.
Therefore, we need the planner to be as agile as the underlying
multi-agent system, i.e. we need to close the loop and re-
configure the planner to reflect actual state of the production
floor.

We suggest to use a meta-agent to tackle the problem. Meta-
agent [16] is an independent monitoring and meta-reasoning
agent that usually analyses behaviour of the agents and pro-
vides efficiency improvements. In our domain such an agent
follows the changes of managing agents and possible plan
deviations and can update the planner’s model accordingly,
therefore increasing its efficiency. As we may typically store
the past production data, it is relatively easy to evaluate the
new plan by comparison with the old one using the past
performance and actual demand and status data. The plan with
the best overall evaluation is then retained.

The evaluation criteria are also different from those applied
in the project-driven production planning. As in our case,
we typically try to achieve the following: (i) coverage of all
planned deliveries, (ii) low stock volume for both finished

[ Property [[ Project Driven [ Mass Production |
Equipment Versatility High Low
Number of Requests Low High
Planning Variability Low High
Planning Granularity Fine-Grained Large Tasks

TABLE II

DIFFERENCES BETWEEN PROJECT DRIVEN AND MASS PRODUCTION
PLANNING.

products and material and (iii) high production uniformity,
while respecting the (iv) additional constraints on material,
tools and workforce availability.

V. MULTI-LEVEL AGENT PLANNING IN EXPLANTECH:
CASE STUDY IN SKODA AUTO ENGINE PLANT

We have successfully applied the elements of above-
described ExPlanTech architecture to support the production
planning in SkodaAUTO motor assembling plant. The project
has been coordinated by gedas, s.r.o., while the Gerstner
Laboratory at the Czech Technical University and CERTICON
a.s. have contributed by a agent software architecture and
a planning system prototype. The SkodaAUTO is in the
process of deployment of the final robust planning system,
implemented by Gedas for car engine manufacturing. This ex-
emplifies high-volume production plant producing thousands
of engines every day. A high variability exists in the types
of motors to be manufactured. The planning system needed to
provide the company management with detailed plans for a six
weeks period, under the constraints presented in Section V-A.

While at the stage when we got involved in the project, the
primary development target has been a stand-alone planning
system, the further requirements were directed towards an
open, interoperable and highly flexible system. It has been
planned to allow integration with production monitoring and
control tools, to allow real-time time re-planning in case
of demand changes or production anomalies and also to
allow easy and straightforward process reconfiguration of the
planning tool at its run-time.

A. Problem Statement

The automotive industry operates in high volumes and
on very low margins, thus it focuses a lot of attention on
process optimization. Such optimization can be specified by
the following generic requirements, derived from the project
specific requirements drawn by SkodaAUTO. For through
motivation of these criteria, see [4].

e Minimize the stock through the production chain, thus
decreasing the financial and storage costs.

e Maximize the production uniformity, to be able to use
the industrial means in an efficient manner and to avoid
overtime cost.

o Minimize the unnecessary handling of products between
successive steps of the production process to further
reduce human resources and other manipulation related
costs.
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o Allow the integration with production surveillance and
management tools.

o Allow real-time or near to real-time re-planning in case
of demand changes or production anomalies.

o Allow easy and straightforward process reconfiguration
in the future.

It is interesting to note that the quantitative (first three)
criteria listed above are contradictory and that a satisfactory
optimum is their weighted, context dependent combination.

The respective factory contains three serially organized
production lines, as shown in figure 2.

The factory production means can be described as three
lines in a series, with two buffer stores and one main store
used for final product storage before delivery and for the
intermediary product storage as well. The intermediary product
can be bought from outside or shipped directly to clients, as
it may be a part of deliveries described below. Material store
is not represented on the drawing, as the material is delivered
to different positions on production lines when required. The
demand is formalized as a matrix defining how many products
of a given type shall be delivered on a given day.

B. Multi-Level Planning

The factory and planning problem described above falls
perfectly into the mass-production category: plans are rather
similar, parallelism is limited to the production or use of
intermediary products and the planning problem is practically
reduced to scheduling. On the other hand, the emphasis we
put on the scheduling efficiency is high, the state-space is
enormous due to the high variety of products and the planning
time-frame and the system must satisfy very strict criteria to
ensure plant profitability.

In this case, a single, dedicated planning agent has a
considerable advantage of global knowledge that allows it
to use a heavyweight but efficient scheduling methods. On
the other hand, a today’s user will typically require a rapid
process reconfiguration ability to follow process or manufac-
turing equipment evolutions and a close integration with on-
line production surveillance and analysis tools. This is the
area where agent-based distributed and adaptive systems have

ZK line

Vehicle
store

IR

RUMPF
line

Conveyor
store

Store

:

ZP4 line

Fig. 2. Factory Layout

Fig. 3. Product - a completed car engine (installation of the engine in the
vehicle is not carried out in the respective plant).

significant advantages [1]. As suggested above this deployment
of the ExPlanTex architecture is based on a mix of these
two approaches. We have divided the scheduling process into
two distinctive phases, each of them with assigned scheduling
tasks:

o Long term planning — Planning agent is responsible for
the fulfillment of the first two requirements, the minimum
stock and maximum production uniformity, together with
ensuring that the deliveries are feasible. The output of this
planning stage is the size of lots to produce on different
lines during the given day.

o Short term scheduling — Managing agents process the
output of the high level scheduling and organize the
work on their lines during the appropriate time period by
distributing the lots of products into appropriate timeslots.
In this planning phase, we handle the production conti-
nuity, ensuring that the line 2 immediately consumes the
product assembled on the line 1 and that the same applies
for the lines 2 and 3.

Production surveillance may be connected to this process
for purposes of dynamic rescheduling. Extensions of Multi-
level planning are discussed in Section VII.

C. Long Term Planning

The high level scheduling is managed by one or more
dedicated planning agents. Each of these agents encapsulates
one or more planning methods and uses them to create and
maintain the high-level plan. When there is only a single
planning agent, its plan is retained and used to manage the
future production. When more than one plan is available,
agents must determine which plan satisfies the criteria (stated
in pervious section) best and this plan is retained.

The goal of long term planning is to allocate the appropriate
number of product groups to be manufactured on specific pro-
cessors. The fitness function to be optimised here minimises
the production variability and the amount of material in the
manufacturing process (especially in the stock).

As the various production capacity constrains (as well as
the fitness function) can be represented by a system of linear
equations. The planning agent has been implemented by mean
of multi-stage linear programming. However, application of
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linear programming to our planning problem was not straight-
forward, because the problem as specified is not entirely linear.
We had to resolve the following issues:

1) the lot-size has to be an integer,

2) the production uniformity relation is non-linear,

3) the lot-size has to be either zero or more than the
minimum value.

The integer values of lot sizes are an issue that is easy to
resolve. Either we can use integer extension of the standard
LP algorithm, which is NP-hard and complicates the solution,
or we can simply ignore this issue and round the results of the
LP algorithm. The rounding error caused by this approach is
(in most cases, as well as in our case) insignificant compared
to total number of products.

Non-linearity of the production uniformity relation is an
issue that is much harder to resolve. We have opted for
an alternative approach that modifies the conditions of the
original model by requesting the production not to divert from
the average required production value by more than specific
percentage. The average load value used in the relation to
determine the boundary values can be calculated per processor,
per processor group or for the whole plant, depending on client
preferences.

The third problem, the minimum lot size issue was also
solved by iterated runs of the algorithm. If the product of the
first run of the algorithm was produced on a given day in a
quantity larger than a predefined ratio of the minimum lot size,
we require the minimum production of this product in a given
day to be at least the minimum lot size.

Use of the linear programming under nominal conditions
guarantees that we can find the optimal solution in a poly-
nomial time. However, our case is far from being nominal -
minimum lot size and low variability requirements make the
problem non-linear and impose additional requirements on the
solution. Therefore, we are not always sure to find an answer.
On the other hand, in case of failure, linear programming
allows identification of the constraint that caused the failure,
thus facilitating human intervention.

As an alternative planner, we have developed an approach
based on genetic algorithms [20]. We have defined one mem-
ber of the population as one possible plan and we have defined
a fitness function reflecting all of the high-level scheduling
criteria described above, and self-correcting breeding and
mutation operators to ensure that the bulk of the population
respects the basic criteria for the plan validity. This approach
was necessary to obtain the results in a reasonable amount
of time — without these fine-tuned operators, it was almost
impossible to find a solution respecting the restrictions.

In contrast to the linear programming approach, there was
no need to keep the criteria linear and the development of
teh fitness function was straightforward. On the other hand,
the problem was heavily constrained, and we were forced
to implement task-specific breeding operator to filter-out the
unacceptable plans, as mentioned above. With the application
of this operator, we were able to find a stable, acceptable plan
after about 15 min. of computation on a standard PC, with the
algorithm implemented in C++.

On the other hand, the linear programming solver performed
comparably in quality and despite the size of the problem
(several thousands of relations/columns, depending on the
number of working days and product types), we were able
to find the solution in less than 1 second, with 1 LP iteration
taking a mere fraction of second to compute.

Therefore, our choice for the final implementation was an
easy one and we have selected linear programming. The main
factors beyond this choice were its speed, robustness and an
ability to detect the constraint preventing us from achieving
our goal. The fact that some of the criteria (production
variability/minimum lot size) had to be enforced in a non-
standard ways was considered as insignificant by the client.

D. Short Term Scheduling

High level plan prepared by the planning agents provides
enough details for material acquisition and resource planing
for a six weeks period. However, in order to execute the plan
in an optimal manner, we need to make it much more detailed;
instead of simply providing the number of products of a given
type to be produced in a given day, we must prepare the
actual sequence of production batches and their allocation and
scheduling to various machines/processors in the plant. At this
planning stage, we must fulfill the requirements concerning
the production fluidity, preferred ordering of different types
of products and minimal handling — production of subsequent
elements in the chain shall be synchronized whenever possible,
as the synchronization minimizes the handling costs.

Therefore, we see that we no longer seek the overall
plant optimization that was already achieved in the high-level
planning stage, but we seek to locally optimize the production
switching and handling costs between the processors on the
line. Each management agent was assigned exact quantity of
each product to produce and it must negotiate with the other
agents to optimally manage their processing resources while
achieving this goal.

In our model, we associate a cost to switching between
two types of products on a line. This cost is relatively low
for products that share a major part of their components, but
grows with increasing differences between products.

We also associate a similar cost to handling of products
between successive processors. Even if it is possible (and
sometimes necessary) to process different batches on succes-
sive machines, this operation causes supplementary costs due
to the material handling and storage. Therefore, we prefer the
plans where the product is produced at once, i.e. where each
machine directly processes the output of its predecessor in the
chain.

Single-Agent Planning: For a single agent, that manages one
processor (e.g. one of the three lines, conveyor or store), we
may describe the ordering of different products it processes
as an oriented graph, where the nodes represent the lots and
the evaluations of edges connecting them represent the cost of
succession of these particular lots in the order determined by
the orientation of edges.

To introduce the handling costs into the model, we may rely
on virtual payments to handling agents that bring the product



MULTI-AGENT PLANNING IN MASS-ORIENTED PRODUCTION

to and from the store — the products acquired directly on the
line will be therefore cheaper.

The lots scheduled for one day are connected in both
directions, as any of them may precede another, while the
connections between successive days are only from the past to
the future. When we establish such graph for all the lots during
the planning period, we may note that finding an optimum
order is equivalent to finding a Hamiltonian path (a path
passing through all the nodes) through this graph, connecting
the first and the last lot. Such task is NP complete (and is only
a part of our planning problem) and there is no trivial way of
finding an optimal solution.

Each agent pre-orders the batches in an optimal manner
and uses this simple ordering as an input for future nego-
tiations with other agents. As stated above, pre-ordering is
not trivial. However, the frequent changes of delivery orders,
together with non-uniformities of the production process make
the complete and uninterrupted execution of the plan highly
unlikely. Therefore, we have opted for the use of the greedy
algorithm, which seeks the immediate optimum and always
selects the batch with locally cheapest transition — expecting
that future gain from accepting the immediately suboptimal
decision is highly unlikely to be collected anyway.

Inter-Agent Planning: All the managing agents use the utility
function above to fulfill their individual goals. However, the
goals of individuals may be conflicting and plan elaboration
requires negotiation between individual agents. The aim of the
negotiation is to produce a detailed plan, accepted by all agents
and being a close to optimum as possible (See Fig. 4).

In the negotiation process, we reuse the inputs from the
high-level planning agent and each agent’s utility function.
The mechanism we apply is based on a simple assumption —
the key players, with the greatest power in the negotiations, are
those using their resources most. This also corresponds to the
TOC principles, as this machine is equivalent to the bottleneck
in the problem defined by the high-level plan and production
constraints. Intuitively, we may also note that the free capacity
of the other machines allows them to better adapt to a locally
suboptimal plan. This shall ensure the feasibility of fulfillment
of the goals specified by the high-level scheduler.

We propose a specific negotiation structure that is depicted
in Figure 4. The structure consist of the mutually interlinked
activities of the agents that are explained in the following list:

1) All agents receive their goals prescribed by the high-
level plan.

2) Each agent computes the ratio r of the neces-
sary/nominal load and prepares locally-optimal order of
batches. Agents exchange the ratio r (via peer-to-peer
broadcasts or through middle agent).

3) The agent with highest r — A starts the negotiation by
submitting its plan to the other agents in the chainin the
direction towards the second most charged agent A;.

4) The negotiation starts by the submission of the requests
from A( towards the immediate producer/supplier, who
analyzes the plan, compares it with its own plan and
determines whether it is reasonably close to local opti-
mum.

« If the plan is acceptable, it passes the requirements
to the next agent(s) in the chain.

o If the plan is not acceptable the agent rejects the
plan and proposes plan improvements The improve-
ment proposal can be (i) accepted without changes,
(ii) refused, (iii) answered with compromise version
or (iv) can result in re-negotiation further in the
chain, towards the original planning source.

5) The process is repeated until we reach the end of the
production chain in the original direction of planning.

6) After this, the same process (e.g. starting at step 3) is
initiated starting form the agent Ay selected at the step
3 in the in the opposite direction.

7) Secondary plan branches (not present on the critical
path) are calculated and their final plan is determined.

It shall be noted that only a limited number of negotiation
attempts is allowed between any two adjacent agents to avoid
infinite loops. This limitation makes the algorithm an O(n),
where n is a number of agents. On the other hand, such
limitation can cause the algorithm to miss a better solution or
it may prohibit it from finding the solution altogether. In such
situation, we re-start the negotiation with a new initial agent,
selecting the agent where the incompatibility was detected and
negotiating towards the bottleneck first. When the new attempt
fails as well, we repeat the high level planning with more
restrictive parameters, such as increased intermediary stock
level to address the inconsistency. In the general case, it is
impossible to prove that the algorithm will always converge
towards a valid solution, but for most practical applications,
the adjustments between both planning levels can address most
issues.

Note that the above described algorithm outline assumes
that (i) the agents have social knowledge about the others
(providers/suppliers), that (ii) the environment is collaborative
and that (iii) the plant ordering is mostly linear. These assump-
tions were respected in our case and are reasonable for most of
mass-production plants. Very specific cases of agent are agents
that are responsible for possible branching — such as vehicle
store/store and conveyor/store agents in our case. These agents
must be careful to prioritize the planning on the critical path
(branch), and prepare the requests for the secondary branches
once the main branch is planned. This approach follows the
classic TOC approach, where we define the critical path and
the critical chain concepts’.

Holonic approach: Yet another mechanism implementing daily
production lots ordering can based on an alternative approach
to agent modelling in the manufacturing domain. While in
the described, ExPlanTech like architectures the agents rather
permanent and represent manufacturing devices, the PROSA-
like [21] architecture suggest representing also a lot (in some
applications even a singular product) as an agent. These agents,
in PROSA denoted as order agents, requests the resource
agents for allocating an appropriate time slot on the particular

3However, in the algorithm presented above, we don’t consider the case
when a single resource is used on multiple branches (critical chain). We only
consider the cases where the critical path and critical chain are identical.
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Fig. 4. Short Term Scheduling Negotiation Architecture.

manufacturing processors, represented by the given resource
agent.

Optimization can be ensured again by an agents’ utility
function, similarly to above. The resource agent does not
process all the requests sequentially, while it collects all the
requirements from all the interested order agents and suggest
resource allocation according to orders priorities and delivery
due dates. Holonic approach have not been deployed in our
system.

E. Production surveillance and dynamic re-planning

In a real environment, we can not expect the plans to be
executed smoothly and flawlessly. Therefore, we shall extend
the planning system to (i) prepare plans that are robust to
frequently occurring problems and (ii) dynamically integrates
production surveillance to automatically replan in real-time.
Today, such adjustments are decided by human managers
based on their observations of the production process and
their experience, even if automatic solutions start to appear
[1]. An agent system shall have a similar functionality —
technical issues are at first detected by a resource agent and
the managing agents are notified when the problem limits the
capacity, while the deviations from the plan (caused e.g. by
material unavailability or quality problems) are detected by
managing agents directly.

When a managing agent detects a problem in its zone of
responsibility, it tries to resolve the problem locally without
disturbing the operations of adjacent agents.

We propose that the processor planning agents shall be also
used for online process surveillance and that the information
gathered by these agents may be used both to increase the

experience of agents and to react immediately to current situ-
ation, using the agent experience [19] and [13]. This approach
would allow us to eliminate many false alarms, connected with
slow production start or short-time material inaccessibility,
but can sooner detect potential major problems, especially by
looping back the information form quality assurance stations.

VI. IMPLEMENTATION STATUS

The described production planning system in Skoda Auto is
an important part of a modular MES system (Manufacturing
Execution System), which is designed to cover in successive
steps all of 11 areas of functional model of MES, (see
WWW.Mmessa.org).

Besides necessary interfaces between the company ERP sys-
tems, the developed MES system contains modules support-
ing quality management, production surveillance, production
scheduling and long term planning. All these components are
fully tested and being introduced to real manufacturing process
(Autumn 2005).

For the implementation of our current long term planner, a
free third party LP solver was used, together with communi-
cation and data transformation wrapper. The whole scheduling
takes less then 1 second on standard PC (with 28 days,
50 products and 3 machines). This completely satisfies the
performance requirements. The short-term scheduler has been
fully developed at Gedas, s.r.o.

Due to sophisticated design, usage of progressive technolo-
gies, robust IT architecture and good collaboration between the
customer and the implementation team is the implementation
assessed from the customer side as successful. Targets of
the project were fulfilled. The important side effect of our
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project was elimination of an excessive work items that did
not provide any added value.

VII. CONCLUSIONS

The work we describe is based on an industrial application
project where Gerstner laboratory and CertiCon, a.s. provided
research results and agent-based planning architecture, while
Gedas, s.r.o. has carried out industrial deployment of the
technology. The major research contribution presented in this
article is in practical realization of planning architecture that
separates high-level and low-level scheduling, enabling us to
benefit both of the global view of the dedicated scheduling
component and flexibility, reactivity and potential learning
ability of agent based systems. We’ve successfully integrated
linear programming methods into the project solution and
demonstrated the complementarity between this classical ap-
proach and dynamic agent systems.

Classical Al planning methods with the agent component
cannot have been used in our in the presented case due
to nonlinearity and high computational complexity of the
problem. Separation of the planning levels reduce the compu-
tational complexity and allows to use the classical Al planning
techniques for the higher level, longer-term planning while the
low-level negotiation is feasible in the reduced space.

The approach present does not have the ambition to find
an optimal production plan (which would mean solving an
exponentially complex computational problem in a ’reason-
able’ time). Instead it encodes knowledge about the logics of
the manufacturing problem as a “heuristics’ into a multi-agent
production model that is used for short term, negotiation based
scheduling.

Unlike other deployments of agent system in manufacturing
(e.g. [1], [2]) the presented application case does not exploit
the aspect of physical distribution of computation process and
data. Similarly to [2], it provides an increased robustness of
plans. However the key contribution of agent technologies in
mass-production oriented domain is in agents capability to
simulate an unfeasible production plan (provided by efficient
long term planning algorithms) detect conflicts, negotiate their
local objections and provide solution.
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