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Abstract

This paper presents a holonic manufacturing execution system (MES) that cooperates with a planning system. This cooperation allows

to combine the robustness and flexibility of the holonic MES with the optimisation performed by the planning system.

The paper investigates the effect on the global performance of this cooperation for a specific manufacturing case in a series of

experiments. It compares the effect of this cooperation when the planning is optimal with regard to the manufacturing case with

situations where the planning system is not optimal. More precisely, it compares the performance of the HEMS in situations where the

planning systems systematically misestimates the execution time of a workstation (e.g. a poorly maintained workstation or a partially

operational workstation) to situations where this is not the case.

The experiments are conducted under varying work loads. Also, the effort the Holonic MES puts in finding new solutions resembling

the planning is varied.

Finally, the paper reports the results of the experiments and draws conclusions.

r 2007 Elsevier Ltd. All rights reserved.
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UNCORRECT1. Introduction

Operations management on factory floors generally
involves planning and execution. Planning activities gen-
erate directions for the production activities, typically on
beforehand, aiming to optimise the organisations objec-
tives (e.g. low cost, high yield).

The manufacturing execution system or MES aims at the
actual achievement of the production objectives while
accounting for all the relevant details and unforeseen
events; thoroughness and robustness come before optim-
ality.

Obviously, manufacturing organisations want optimality
together with robustness and thoroughness. Therefore, this
paper presents an extension and enhancement of a holonic
manufacturing control system—implemented as a situated
multi-agent system—that cooperates with planning sys-
tems. The agents in the control system follow a planning if
and when it performs well. Otherwise, the agents use
autonomous decision-making mechanisms to find and
e front matter r 2007 Elsevier Ltd. All rights reserved.
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execute alternatives that resemble the original planning
well. In a future step, the situated multi-agent system can
feed the planning system with a short-term forecast of the
state of the manufacturing system, thus establishing a true
cooperation. This aspect is not treated in this paper.
79
2. Holonic MES

This section concisely describes the baseline holonic
manufacturing execution system or HMES. It contains
background information to keep this paper readable by
itself. More detailed information can be found in Valck-
enaers and Van Brussel (2005), Van Brussel et al. (1998),
and Wyns (1999).
The HEMS is implemented by a multi-agent system

along the PROSA architecture (Van Brussel et al., 1998;
Wyns, 1999). It comprises three basic agent types. First,
there are the resource agents that manage all the resources
on the factory floor. Second, every product type has a
product agent that knows how instances of this product
type can be produced by the factory resources. Third, every
production task is handled by its order agent. An order
81

t planning.... Engineering Applications of Artificial Intelligence (2007),
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agent consults the product agent to find out what
operations it should perform on its (partially instantiated)
product. Next, it searches for the proper resources to
perform the required operations.

Furthermore, the HEMS uses ant colony inspired
coordination mechanisms (Valckenaers and Van Brussel,
2005). Every order agent creates lightweight agents, called
exploring ants, that scout for possible solutions on its
behalf. The order agents select a best solution out of the
solutions reported back by their exploring ants, which is
nominated to become their intention. A second type of
lightweight agents, called intention ants, reserves the
necessary capacity on the resources that are indicated in
this intention. Note that both kinds of ant agent are
created regularly to refresh existing information or discover
new information. Information that is not refreshed
disappears after some time (evaporates).

3. Cooperation of planning systems and the holonic MES

This section discusses the research contribution. First, it
discusses the current situation and the objectives of the
research. Next, it presents a series of experiments which
investigate the effect of the cooperation on the perfor-
mance of the holonic MES, not considering disturbances.
The experiments apply to a specific factory under varying
work loads, with varying fitness of the planning to the
current situation on the shop floor. Also, the effort the
Holonic MES puts in finding new solutions resembling the
planning is varied.

3.1. Current situation

Production in a factory is generally organized according
to a planning (Daniel Sipper, 1997). This planning is
created before execution starts. From the MES perspective,
such planning never provides all the relevant details.
Typically, it does specify which jobs need to be performed
on which machines, in what time period. It does not specify
details like which transportation unit to use for carrying
parts from and to machines, where to store parts, which
tools to use to manufacture parts, etc. The planning is
released on a regular base (e.g. weekly, daily, every shift or
hour).

Generally, production activities deviate from this plan-
ning within the proverbial first minutes. The production
floor continues to use release dates and due dates in the
planning but otherwise manages the activities on the shop
floor autonomously.

Further developments in planning technology will not
solve this problem. Up-front planning cannot handle
unpredictable outcomes or unforeseen events (quality
control results, machine breakdowns). Also, the computa-
tional complexity for the real planning problem is NP or
worse. Planning systems efficiently solve a simple problem
(e.g. a linear program) that represents a much simplified
and approximated view of the real-world problem.
Please cite this article as: Verstraete, P., et al., Towards robust and efficien
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Accounting for all the relevant details makes the planning
problem intractable. Executing the planning procedures
repeatedly on-line also fails to address all issues. Typically,
the planning is outdated and invalidated by the time it is
released; the more detailed the planning is, the worse this
problem will be. Furthermore, drastic changes between
successive plans often make the planning unusable in
practice as well as unpopular with the workforce.

3.2. Research objectives

The above observations reveal that manufacturing
organisations have two objectives concerning the shop
floor operations:
�

t p
F
Optimisation of production performance relative to the
management goals (reduce costs, satisfy customer
demand). Today planning systems have been conceived
and constructed to address this concern.

�

ED P
ROORobustness and thoroughness, or the realisation of the

production objectives, derived from management goals,
while accounting for all the relevant details and
handling uncertainties and unforeseeable disturbances.
Manufacturing execution systems and especially holonic
MES have been developed to address this concern.

Therefore, the research investigates and elaborates a
cooperation between a holonic MES and planning systems
such that good performance is reconciled with robust
execution. This cooperation avoids that either subsystem
imposes stringent constraints on the other or that either
system requires intimate knowledge about the other.

3.3. Related work

Dynamic scheduling (Cowling and Johansson, 2002) is a
broad research field that attempts to compensate the
shortcomings of traditional planning approaches in dy-
namic manufacturing environments by making use of
rescheduling and schedule repair techniques. Current
research focusses on specific techniques and measures to
perform these activities.
The research in this paper uses a richer and more

accurate model of the shop floor reality than current
research. This model is designed to represent the shop floor
reality, it is not chosen in function of a particular
optimisation strategy. This local status information,
together with the capability to make short term forecasts
(Valckenaers and Van Brussel, 2005), allows the HEMS to
discover possible problems in the planning and to adapt
them.
The research is complementary to the research in the

dynamic scheduling area; it is not limited to one particular
rescheduling strategy. Many rescheduling/repair techni-
ques can readily be used in the HEMS. An overview and
comparison of the use of these different techniques in the
HEMS is subject of further research.
lanning.... Engineering Applications of Artificial Intelligence (2007),
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3.4. Adaptations to the Holonic MES

The current Holonic MES implementation controls the
manufacturing process in a self-organizing manner. To
take advantage of the planning, this implementation needs
to be adapted. This section first specifies ‘taking advantage
of the planning’. Next, it describes how the current HEMS
implementation handles a production order. Finally, the
sections discusses the adaptations to this procedure to
allow the HEMS to take advantage of the planning.

3.4.1. Taking advantage of the planning

A planning in general is a subset of the cartesian product
of three sets (Parunak, 1991).
73

�

75

P

d

a set of production orders (What). These orders can be
composed out of sub orders (e.g. the order is a batch of
products);

�

77

a set of time periods (When), intervals of the form
hstart; stopi, where start o ¼ stop;

�

79

81

83
a set of resources (Where), which are mostly work-
stations.

For the HEMS to take advantage of the planning, we
consider two situations:
85
�
 the planning is feasible: the HEMS just executes the
planning;
87
�
 E 89

91

93

95

97

99

101

103

105

107
UNCORRECT
the planning is not feasible: the HEMS is responsible for
finding an alternative, which resembles the planning as
good as possible. First of all, the performance of the
execution has to be as close to the performance of the
planning as possible. However, executions with equal or
similar performance can have large differences in other
aspects of production. More precisely, this paper
considers three relevant aspects:
� the execution has similar/equal logistics i.e. the
execution uses the same machines as the planning.
This type of resemblance is suitable for order-driven
production;
� the execution has similar/equal machine execution i.e.
at each machine, the same amount of jobs are
executed. This type of resemblance is useful if
resources are the driving cost factor in production
(e.g. big operating costs of machines);
� the execution has similar/equal process plans i.e. the
same operations are executed. This type of resem-
blance is suitable if technological features are the
most important factor in production (e.g. low volume
production with novel production techniques).
leas

oi:1
109

111

113
Which type of resemblance is the most appropriate
depends on the manufacturing case.

In this case study production is order driven. Therefore,
an execution is considered similar to a planning if it has
e cite this article as: Verstraete, P., et al., Towards robust and efficien
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similar performance and if it uses the same machines as the
planning.
Before we study the adaptations necessary to the MES,

we first discuss how the original MES handles a production
order. Next, the section discusses the modifications of this
behavior so that the HEMS takes advantage of the
planning.

3.4.2. Handling of a production order in the self-organizing

HEMS implementation

The HEMS contains a multi-agent system. There are
three basic types of agents: the order, resource and product
agent. Every agent is situated in an environment (Wens et
al., 2005). It has an associated object in this environment,
which represents the agent (e.g. the resource agent has an
associated resource in the environment). This object is
called an environment entity. For more information see
(Verstraete et al., 2006a).
As soon as a production order is created (e.g. by the

Material Requirements Planning system), a corresponding
order agent is created and added to the HEMS. The order
environment entity is located at the entrance of the factory,
which in turn is connected to a transporting unit.
The resource environment entities form an intercon-

nected graph, over which mobile agents travel. Each
resource environment entity has an associated resource
agent.
As mentioned in Section 2, the order agent sends out

exploring and intention ants at a regular interval.
�

t p
D
The exploring ants travel over the interconnected graph
formed by the resources (see Fig. 1). On their journey,
they request information of these resources by deposit-
ing pheromone (Theraulaz and Bonabeau, 1999). The
resource objects store these requests. The resource
agents observes these requests and schedule them. The
exploring ants fetch the results from this scheduling in
the environment entity and travel to the next resources.
Once the exploring ants have completed all production
steps, they deposits this path in the form of pheromone
in the environment. The order agents observe these
pheromone.

�
 The intention ants spread the intention of the order

agent in the environment. The order agent selects its
intention out the solution brought back by the exploring
ants. The bookings from the intention ants create a local
schedule on the environment entity which is used to steer
production.

The resource objects monitor the local schedules which
are deposited by the resource agents. Once the start time of
the next operation equals the current time, the resource
environment entity sends a command to the real entity
which it reflect (the actual machine). They also receive
sensory information on the progress of the operation,
information on eventual breakdowns and the finishing of
the operation.
lanning.... Engineering Applications of Artificial Intelligence (2007),
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Fig. 1. Ant agents traveling over the environment.

P. Verstraete et al. / Engineering Applications of Artificial Intelligence ] (]]]]) ]]]–]]]4
The order agents observe the starting and stopping of the
operation start and stop by monitoring their respective
environment entity. They keep sending exploring and
intention ants during execution. The local schedules are
continuously refreshed. If something goes wrong, the ant
agents discover this and spread this information available.
The order agent then decides if he switches intention or
not. If he switches, the old intention is discarded and
evaporates automatically.

Once the order has completed the production process,
the order agent dies. The order environment entity is now
located at the exit of the factory, where it can be fetched by
transportation.

3.4.3. Adaptations to the implementation

The order agents attempt to execute the planning.
Therefore:
 E 89

�

91

P

d

Tthe order agent considers the planning to be its original
intention;

�

93
ECadherence to the plan is part of the performance
evaluation criteria such that orders will only deviate
from the plan if there is a significant perceived benefit;
95
�
97

99

101

103

105

107

109

111

113
UNCORRa significant fraction of the exploring agents will simply
explore the scenario of the plan.

The section now discusses each of the adaptations in
further detail.

The order agent considers the planning to be its original

intention: The planning is made available to the order agent
by depositing a pheromone in the environment. The order
agent observes this pheromone (in a similar manner as it
observes the pheromone deposited by the exploring ants)
and takes this solution as its intention. This triggers a
resistance to deviate from the plan, i.e. order agents will
only change intention probabilistically if the perceived
amelioration to another is significant (Valckenaers and
Van Brussel, 2005; Hadeli et al., 2005; Hadeli, 2006).

As mentioned in Section 3.1, the intention of the order
agent and the planning do not have the same level of detail.
Therefore, we chose to detail the planning further before
releasing it to the HEMS. We created an algorithm that
takes the planning as input and creates a further detailed
lease cite this article as: Verstraete, P., et al., Towards robust and efficien

oi:10.1016/j.engappai.2007.09.002
D P
ROOF

planning as output. The algorithm is not general, it makes
trade-offs up-front and generates one solution which is
most suitable for this manufacturing case. A more general
approach would generate multiple further detailed plan-
ning and provide choices to the agents in the HEMS. This
algorithm is sufficient however for the manufacturing case
considered.

Adherence to the planning is part of the performance

evaluation criteria: To make sure that the order agents
prefer alternatives that follow the planning, the algorithm
that the order agents use to compare alternative solutions
needs to be modified. First, we describe the steps taken by
order agents in a basic implementation to evaluate whether
to change their intention to another solution or not. The
adaptations are presented next.
To decide whether to switch its intention to another

solution or not, an order agent executes the following steps:
�

t p
Step 1: The order agent retrieves the solutions reported
back by its exploring ants.

�
 Step 2: The order agent ranks these solutions and his

current intention according to his performance criteria
and remembers the best solution as his candidate
intention.

�
 Step 3: If the order agent has an intention, and this

intention can be successfully refreshed (i.e. not invali-
dated by recent events), Step 3a will be performed.
Otherwise, Step 3b is executed.

�
 Step 3a: If the candidate intention has a better

performance then the current intention, the order agent
has a 60% chance on deciding to switch to that new
intention. Otherwise, the current intention is kept.

�
 Step 3b: In this case, the order agent has a 90% chance

of switching to its new intention.

�
 Step 4: If the order agent decides to switch, it first

refreshes the exploring ants result, by sending out a
refreshing ant that checks if the slots are still available
on the different machines. If so, the order agent
effectively takes the candidate intention as his current.
If the order agent keeps its current intention, it sends out
an intention ant to reconfirm the bookings.
lanning.... Engineering Applications of Artificial Intelligence (2007),
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To allow the order agent to prefer solutions that follow the
planning, Steps 2 and 3 are extended. In general, deviation
from the planning is included in the performance evalua-
tion criteria used by the order agent. In both steps, the
order agent not only compares the solution according to
the original application performance criteria (e.g. lead-
time) but also evaluates how different the solution is from
the planning. To evaluate a solution s, the measure RðsÞ is
used.

If the solution is using the machines specified by the
planning, then

RðsÞ ¼ max 100�
Xn

t¼0

ððest � e
p
t Þ=ðd

p
t Þ � 100Þ; 0

 !

otherwise RðsÞ ¼ 0, where
75

�

P

d

t is a task in the solution s (out of n tasks);

�
 77
est is the end of the task in the solution;

�
 e

p
t is the end of the task in the planning;
�
 79
dp
t is the duration of the task in the planning.
81

83

85
The presented measure favors solutions that are per-
formed on the same machines as the planning indicates,
and matches the end times as close as possible. This is not
the only measure that could be used. It was chosen for this
experiment, because
87
�
 E 89

91

93
ECT
in the case study this paper describes (see Section 3.5.1),
the aim is to optimism lead-time. Therefore, the planned
end time should be exceeded as little as possible.
Likewise, finishing earlier probably hinders other orders
in achieving their lead-times; so, this should be penalized
also. In case two solutions have the same R(s) value, the
solution with the best lead-time is preferred. Note that
for large deviations RðsÞ equals zero;

�
 95

97

99

101

103

105

107

109

111
UNCORRsolutions are considered similar from a logistics point of
view, i.e. if they use the same sequence of machines as
the planning indicates.

A significant fraction of the exploring agents will simply

explore the scenario of the plan: A proportion of the
exploring ants only explores the resources (workstations,
transporting units, etc.) defined in the planning. These
exploring ants receive this sequence of resources when they
are born. They only explore in time, i.e. they search for
alternative timesaver for performing the operations on the
machines.

3.5. The effect of the planning on manufacturing execution

This section discusses a series of experiments where the
HEMS is supported by the planning system. They
investigate:
113

�
 the effect of the cooperation between the HEMS and the
lease cite this article as: Verstraete, P., et al., Towards robust and efficient p

oi:10.1016/j.engappai.2007.09.002
planning system on the performance of the HEMS;

�
 the effect of the proportion of exploring ants which

follow the scenario in the planning;

�

D P
ROOF

the effect of the fitness in the planning.

In these experiments the holonic MES uses the planning as
a guideline. The planning optimists the average lead-time.
The research focuses on the holonic MES. Therefore, the

planning used by the MES in the case study is an input,
which is considered given. The research refrains from
developing or studying the planning systems themselves.
The section first discusses the manufacturing case. Next,

it describes the experimental method. Finally, the section
presents the experimental results and draws conclusions.

3.5.1. Case study

This section first describes the production system
(Cavalieri et al., 2003). Next, it describes the different
scenario’s we study.
The production system involves the structural features

(e.g. the presence of equipment) and the technological
features (e.g. processes supported by this equipment). It is a
scaled-down version of an existing factory. Regarding
structural features, the production plant is a job shop,
containing workstations, intended to produce the long
parts of weaving machines.
As indicated in Fig. 2, the plant consists out of four

workstations, a transporting unit and a warehouse. The
transporting unit moves containers, each containing an
order, throughout the production system. All workstations
and warehouse slots are connected to the transporting unit.
In addition, the transporting unit is connected to the
entrance and the exit of the plant. It is capable of
transporting a container from and to all its connected
units, i.e. the warehouse, the workstations, the entrance
and the exit.
The warehouse consists of several racks. Each rack

consists of several storing places (storage slots). The
warehouse can hold 90 containers in total. Three out of
four workstations in the plant are milling machines. Two
milling machines, Machine 2 and Machine 3 are capable of
fine milling. The third milling machine, Machine 1, is only
capable of rough milling. The fourth and last machine,
Machine 4 is a cleaning station: the long parts are cleaned
there after they have been milled. Table 1 gives an overview
of the average execution times for the different operations
on each machine.
The technological features definition provides the

process plans that can be performed in the job shop. The
process plan in this scenario consists out of three steps (as
indicated in Table 2). Some operations can be performed
on more than one machine, but their sequence cannot be
altered.

Scenarios: The planning does not always correspond to
reality (e.g. unforeseen maintenance, parts are out of stock,
etc.). To investigate the effect of the planning on the
average lead-time for the production system described
lanning.... Engineering Applications of Artificial Intelligence (2007),

dx.doi.org/10.1016/j.engappai.2007.09.002
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Fig. 2. The production system.

Table 1

Execution time

Operation Workstation Average execution

time (min)

Milling rough Machine 1 100

Milling fine Machine 2 200

Milling fine Machine 3 200

Cleaning Machine 4 50

Table 2

Process plan

Processing step Workstation

Milling rough Machine 1

Milling fine Machine 2, Machine 3

Cleaning Machine 4

P. Verstraete et al. / Engineering Applications of Artificial Intelligence ] (]]]]) ]]]–]]]6
UNabove, we therefore not only consider scenarios where the
planning is optimal with regard to the factory. Previous
work (Verstraete et al., 2007) reports on the effect of the
planning in the case of an isolated machine breakdown.
This paper considers cases where the planning is mislead-
ing: the execution time of a workstation is systematically
investigated (e.g. a poorly maintained workstation or a
partially operational workstation).

This papers therefore considers two types of scenarios:

113
�

P

d

scenarios under normal operating conditions;
lease cite this article as: Verstraete, P., et al., Towards robust and efficien

oi:10.1016/j.engappai.2007.09.002
�

ED Pscenarios where the planning systematically misesti-
mates the execution time of a workstation. This
investigation affects the expected average lead-time
with, respectively, 25 and 50.

Each scenario uses several planning as input, which cause
different work loads. Each planning is optimized for lead-
time.
Within each scenario, we vary two input parameters:
�

t p
the number of orders included in the planning: The
scenarios consider three levels for the number of orders
released into the plant. The minimal (optimal) lead-time
for the orders is on average 350min (without consider-
ing transportation) and 385min when all transportation
is immediately available. We consider a period three 8 h
shifts (24 h or 1480min). Relative to this period, seven
orders represents a high number of orders, three orders
a low and five orders a moderate number of orders.

�
 fitness of the planning: As mentioned earlier, a planning

may make incorrect assumptions about the reality on
the shop floor for various reasons. The experiments
simulate this effect by slowing down one workstation in
the planning, Machine 3. The planning however remains
unchanged. If the orders keep following the planning,
they will suffer a delay.

Table 3 indicates the respective mean execution times for
Machine 3 for the different number of orders. The higher
average execution time of Machine 3 delays the expected
lanning.... Engineering Applications of Artificial Intelligence (2007),

dx.doi.org/10.1016/j.engappai.2007.09.002
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Table 3

Average execution time for Machine 3

Delay 3 orders 5 orders 7 orders

50% 462.5 491.67 506.25

25% 331.25 345.83 353.13

P. Verstraete et al. / Engineering Applications of Artificial Intelligence ] (]]]]) ]]]–]]] 7
average lead-time of all orders by 25% or 50%. Note that
Machine 2 performs the same operations as Machine 3.
Therefore, the required delay on Machine 3 to delay the
overall average lead-time with 25% or 50% depends on the
number of orders.

3.5.2. The experimental method

The experiments use an existing tested (Verstraete et al.,
2006b; PMA, 2007). The tested consists out of several
tools. Two tools included in the tested are relevant for these
experiments:
77
�

79

1

to

P

d

the modeling tool: this tool allows us to specify the
production system we examine and the planning we use
for each replication;
81
�
E

83

85

87

89

91

93

95

97
RRECT

a simulation tool: based on the input of the modeling
tool a simulation is run, which generates a simulation
log. Based on this log, performance measures are
calculated. In this case, we calculate the average lead-
time of all orders for each replication.

For each level of the input variables five replications are
performed.

To decide whether a combination of input variables has
a significant effect on the output variables (Montgomery,
1998) the experiments subject these outputs to a factorial
analysis. The analysis compares all the differences in means
depending on the input. It estimates the chance that these
differences are observed, if the inputs would have no
impact. If this chance is lower than a certain threshold, in
this case 5%, the input variables have a significant effect1.

The results of a factorial analysis are presented in a table,
which mentions:
99
�

101
COSource of variation: the factors, interaction factors and

the error which are involved in the factorial analysis of
variance.
103
�
105

107

Table 4

Two factor factorial analysis

UNSum of squares:

� for a factor it is an indication of the sample variation
between the levels of a factor;
� for the error factor, it is an indication of the sample
variation within the levels of a factor.
No

the

leas

oi:1
Source of Sum of Degrees of Mean F0
variation squares freedom square
�

109

111
Degree guided 5221.98 5 1044.4 6.11

Nb of orders 1015.25 2 507.63 2.97

Interaction 2793.36 10 279.34 1.63
Degrees of freedom: gives an indication of the precision
of the parameter. It is a measure of the number of
independent pieces of information on which the preci-
sion of a parameter estimate is based.
te that this test indicates whether there exists a significant effect due

input variables, not which individual differences are significant.

e cite this article as: Verstraete, P., et al., Towards robust and efficien

0.1016/j.engappai.2007.09.002
�

Err

To

t p
Mean square: the mean square is the estimate of the
sample variance of the factor. The variance of the error
factor is an estimate of the overall variance.

�
 The F-value: a value of an F-distribution. If S1 and S2

are sample variations of two independent normal
populations, with a common variance, then S1=S2

follows the F-distribution. If the chance on observing
a proportion of two sample variance goes below a
certain threshold, in this case 5%, the effect of that
factor is significant.

To decide which individual differences in means are
significant, the results are subjected to Dunces’s multiple
range test (Dunces, 1955). The results of the test are
presented in a table. Such a table includes:
�
 the different levels of a factor;

�
 Fthe mean values for the corresponding level of the

factor;

�

 P
ROOthe underlined levels are not significantly different from

each other.

3.5.3. Experimental results

By analyzing the results of the experiments, this section
answers the following questions for a concrete manufactur-
ing case:
�
DIs there a significant effect on the average lead-time by
using the planning as a guideline?

�
 If there is such an effect:
� does the proportion of the exploring ants that are
guided by the planning have an influence on the
effect?
� is there an influence of the fitness of the planning on
this effect?
or

tal

lann
The effect on lead-time by using the planning as a

guideline: Simulations were performed on the tested for
an optimal planning with regard to the factory.
�
 Significance of the overall effect: The results were
subjected to a 2 factor factorial analysis, with the
following factors:
� number or orders;
113
12308.78 72 170.96

21339.37 89
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Table 5

Results of a Dunces multiple range test on average lead-time under normal operating conditions

Degree of guidance Self-organizing 0% guided 25% guided 50% guided 75% guided 100% guided

Average lead-time 404.84 393.86 384.53 383.52 385.15 385.67

Fig. 3. The production system.Q1

2

pop

25%

bou

the

and

out
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� the degree of guidance by the planning.
A

ula

p

nd

bo

lo

lier

leas

oi:1
91

93

95

ECT

Table 4presents the results of factorial analysis. The
degree of guidance factor has a significant effect, i.e. the
F-value for the degree of guidance factor exceeds the
threshold value. All other factors do not have significant
effects.

�

97

99

101

103

105

107
UNCORRSignificance and estimate of the specific differences: Table
5 presents the results of the Dunces multiple range test.
The test indicates that as soon as the HEMS takes
advantage of the planning, there is a performance
improvement. The proportion of exploring ants which
are guided by the scenario in the planning does not
make a significant difference to the average lead-time
however. Fig. 3 shows a boxplot2 for every level of the
guidance input parameter. On the Y-axis the average
lead-time is indicated in minutes. On the X as the
different levels of the guidance parameter are indicated.
By taking advantage of the planning, an average
box plot (Potter, 2006) gives a graphical representation of the

tion of a random variable. The lower bound of the box indicates the

ercentile. Inside the box lies 50% of the population. The upper

of the box indicates the 75% percentile. The black line throughout

x indicates the median and the dot indicates the mean. The upper

wer lines give minimum and maximum of the population without

s. Dots above or under these lines indicate outliers.

e cite this article as: Verstraete, P., et al., Towards robust and efficien
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Ereduction in average lead-time of 20min or 5% is
obtained.

The influence of the fitness of the planning: Previous
sections gave results on the effect of the planning for an
optimal planning for the case study.
In this section we consider two scenario where the

planning is not optimal with regard to the case study. The
experiments delay one workstation, Machine 3, so that the
expected average lead-time of all orders is delayed with 25
and 50%. For each of the scenarios simulations were
performed.

Significance of the overall effect: The results were
subjected to a 3 factor factorial analysis, with the following
factors:
�

3

ind

t p
number or orders;

�
 the degree of guidance by the planning;

�
 the fitness of the planning.
109

111
Table 6 presents the results of the factorial analysis. It
indicates that the effect on degree of guidance and the
effect of the fitness of the planning are significant.3 Also the
113With a significance level a ¼ 0:5, which indicates that the chance on

icating the difference in mean as significant, while it is not, is 5%.
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Table 6

Three factor factorial analysis

Source of variation Sum of squares Degrees of freedom Mean Square F0

Fitness of the planning 287838.573 2 143919.286 135.607

Degree of guidance 113310.989 5 22662.198 21.353

Number of orders 3295.604 2 1647.802 1.553

Interaction between 87274.148 10 8727.415 8.223

fitness of the planning

and degree of guidance

Interaction between 3698.654 4 924.664 0.871

fitness of the planning

and number of orders

Interaction between 14668.005 10 1466.801 1.382

degree of guidance

and number of orders

Interaction 16391.913 20 819.596 0.772

between all three factors

Error 229240.773 216 1061.3

1 755718.658 269

Fig. 4. Average performance of the HEMS for an average expected delay of 50%.
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UNCinteraction effect between these two factors is significant.
Comparisons between the means of the degree of guidance
factor may be obscured by the interaction between this
factor and the fitness of the planning factor. Therefore the
further analysis fixes the fitness of the planning factor to a
level (e.g. 25% or 50%) and applies a Dunces’s multiple
range test to the means of the degree of guidance factor at
that level.

Significance and estimate of the specific differences
111

�

113

P

d

Average lead-time for an average expected delay of
25%:

Fig. 4 shows a boxplot for every level of the degree of
lease cite this article as: Verstraete, P., et al., Towards robust and efficient p

oi:10.1016/j.engappai.2007.09.002
guidance input parameter. The population at the 100%
guided level has the lowest spread but the biggest
average lead-time; compared to normal operating
conditions the average delay is 22%. Since the HEMS
does not have the autonomy to change the logistics
aspect of the planning (i.e. all workstations in the
planning remain used), it cannot benefit from using an
alternate machine.

Table 7 presents the results of the Dunces multiple
range test, which indicates which individual levels of the
factors have a significant effect. It indicates that in this
case, the self-organizing level is not significantly
different from the best performing levels taking advan-
lanning.... Engineering Applications of Artificial Intelligence (2007),
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Table 7

Results of a Dunces multiple range test on average lead-time with an expected average delay of 25% on lead-time

Degree of guidance 50% guided 25% guided Self-organizing 0% guided 75% guided 100% guided

Average lead-time 408.45 412.41 431.45 445.77 449.01 470.75

Table 8

Results of a Dunces multiple range test on average lead-time with an expected average delay of 50% on lead-time

Degree of guidance 25% guided 50% guided 0% guided 75% guided Self-organizing 100% guided

Average lead-time 420.77 446.91 458.68 463.94 470.47 554.26

Fig. 5. Average performance of the HEMS for an average expected delay of 25%.
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RR
tage of the planning (i.e. 50% guided and 25% guided).
Therefore, following the planning in this case does not
provide a significant performance improvement.

�

101

103

105

107

109

111

113
UNCOAverage lead-time for an average expected delay of
50%:

Fig. 5 shows a boxplot for every level of the degree of
guidance input parameter. Again the population at the
100% guided level hast the lowest spread but the biggest
average lead-time; compared to normal operating
conditions the average delay is 43%. Therefore follow-
ing the planning without alteration deteriorates the
average performance.

Table 8 presents the results of the Dunces multiple
range test. The 25% level provides a significant
performance improvement over all other levels of the
guidance factor. Compared to the self-organizing level it
provides an average improvement of 10%. Guiding all
exploring ants by the planning however gives a
lease cite this article as: Verstraete, P., et al., Towards robust and efficien

oi:10.1016/j.engappai.2007.09.002
performance deterioration of 17%. Therefore, following
the planning provides a performance improvement in
this case, but is sensitive towards the proportion of
exploring ants which are guided by the planning. The
planning has to be altered (i.e. some orders have to take
other options) to obtain the performance improvement.

4. Conclusions

This paper proposes an approach for cooperation
between the Holonic MES and a planning system. The
aim is to combine the robustness and flexibility of the MES
with the optimisation of the organisation objectives by the
planning system.
The paper investigates the effect on the global perfor-

mance of this cooperation for a specific manufacturing
case. The experiments provide results for two scenarios:
t planning.... Engineering Applications of Artificial Intelligence (2007),

dx.doi.org/10.1016/j.engappai.2007.09.002
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37

39

41
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the planning is optimal with regard to the manufactur-
ing situation: for this specific case the HEMS gets an
average performance improvement of 5% by taking
advantage of the planning. There are no significant
differences in performance depending on the proportion
of exploring ants which are guided by the planning.

�

43

45

47

49
if the planning misestimates the execution time of a
workstation: in this case there is not always an
improvement by taking advantage of the planning. If
there is an improvement, it is sensitive towards the
proportion of ants which are guided by the planning.

Therefore the effect the planning has on the performance of
the HEMS is dependent on how well the assumptions it is
based on are valid in reality. Subject of further work is to:
51
�
 confirm these results for other manufacturing cases,

53
�
E
Q3

55

57

59

61

63

65

67
T

allow the HEMS to estimate this validity and adjust the
percentage of ants that are guided accordingly.
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