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Abstract. The advances in production planning and control in the last
decades have confirmed the centralized nature of the planning function.
However, centralization has disadvantages when quick response to local
production problems is required. Therefore, renewed interest in decen-
tralized approaches emerges. This paper investigates the possibility to
use intelligent products for decentralized handling of disturbances. Intel-
ligent products are aware of their local context and they can negotiate
with local manufacturing resources. Therefore, local solutions for prob-
lems can be suggested, virtually at the same time at which the problem
occurs. The paper demonstrates the viability of this approach via a sim-
ulation study. For reasons of comparison, the TAC SCM environment
is used. Moreover, robustness is taken as an additional measurement of
performance. The results of the simulations are encouraging.

1 Introduction

Advances in production and supply chain planning over the past decades have
steadily resulted in centralization of the planning function. There are good rea-
sons for this centralization, both from a material perspective and from a capacity
perspective. From materials perspective, coordination over the supply chain re-
duces the bullwhip effect [RIII]. When combined with proper rules for safety
stocks and lot sizes, this effect may almost be eliminated. Moreover, the prob-
lem of matched sets of parts in assembly requires coordination of supply streams
for all components in the bill-of-material [I4], which seems again to justify cen-
tralized planning. From capacity perspective, optimization of one resource will
usually impact other resources, such that some kind of coordination is not only
useful but nearly unavoidable.

However, centralized planning also has its drawbacks, as for example is shown
by [4]. These drawbacks appear in practice, and are caused by the many small
disturbances that occur in manufacturing and transportation. A typical example
of such a small disturbance is when a component is damaged, although it was
planned to be used in manufacturing. In this case, a similar component needs to
be sourced from somewhere else in order to continue with the original plan. Of-
ten, these kind of disturbances are not even made known to the central planners,
as they are often solved on a more local level by for example a foremen. Other



kind of disturbances can include production errors and misshipments. These dis-
turbances are one of the many causes why central plans in factories are seldom
realized. Therefore, this paper proposes a more robust planning and control sys-
tem, based on the concept of intelligent products, which goal is to be able to
handle these disturbances in a more effective way.

The performance of the proposed system will be compared with other ap-
proaches, using the Trading Agent Competition Supply Chain Management
(TAC SCM) simulated supply chain [3]. However, the usual measurement of
performance in TAC SCM are the financial results, in terms of costs made and
penalties paid balanced against profits made in sales. In contrast, this paper
argues that such a measurement of performance does not reflect the impact of
disturbances enough. More fundamentally, simulation studies tend to ignore the
disturbances, although they dominate the planner’s activities in practice. This
paper aims to contribute here by proposing robustness of a planning and control
system as an additional measurement of performance.

The paper is structured as follows. In the following section, the concept of in-
telligent products is elaborated. Next, the applied methodology and the proposed
planning and control system design are discussed in more detail. Afterwards, the
performance results of the proposed system compared to other systems are pre-
sented. Discussion and conclusions are provided in the last sections.

2 Background

Nowadays, there is an increasing interest in the field of intelligent products, and
how intelligent products can be applied in different fields, such as in manufac-
turing and supply chain management [I3]. McFarlane et al. define an intelli-
gent product as a physical and information-based representation of a product
[12]. Figure [1] shows an example of such a product. In this figure, the jar of
spaghetti sauce is the physical product, the information-based representation of
the product is stored in the database, and the intelligence is provided by the
decision making agent. The connection between the physical product and the
information-based representation is made using a tag and a reader, as will be
further discussed later on. The fundamental idea behind an intelligent product
according to Kérkkiinen et al. is the inside-out control of the supply chain de-
liverables during their life-cycle [I0]. In other words, the product individuals in
the supply chain themselves are in control of where they are going, and how they
should be handled.

Recent technologies, such as automatic identification (Auto-ID), embedded
processing, distributed information storage and processing, and agent based sys-
tems have been the main enablers for intelligent products. Auto-ID technologies,
such as barcode and RFID, are commonly used to uniquely identify individual
products or delivery units. Especially RFID tags are suitable for tagging individ-
ual products, as multiple RFID tags can easily be read simultaneously, without
requiring a line-of-sight, such as is the case with barcodes. In addition to au-
tomatic identification, Auto-ID technologies often also include localization and
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Fig. 1. An intelligent product [21]

sensor technologies. Localization techniques, such as GPS, are often combined
with automatic identification, as the location information is useless without the
identity of the located entity [19]. Another frequently applied technique is up-
dating the location status of the product at the moment its barcode or RFID-tag
is scanned, when the physical location of the scanner is known [7].

The vision of intelligent products is to seamlessly connect the products in the
physical world with their representation in information systems, e.g. through a
product agent as proposed by [6]. Intelligent products would make it possible to
avoid media breaks between the real word and the digital world. Thereby, data
about the current and past state of products from the physical world can be
retrieved and updated when needed. The basic building block for implementing
a distributed information storage and processing system for products is that
products are identified by globally unique identifiers that either encode links
to information sources directly or that can be used as look-up keys in some
kind of network infrastructure. The main three currently known approaches for
distributed information storage and processing are EPC Global [17], IDQURI
[7], and WWATI (www.wwai.org). A technical analysis and comparison of these
approaches can be found in [5].

Agents are a useful paradigm to implement the intelligence part of intelli-
gent products. There are several reasons why the use of an agent-based platform
for intelligent products is beneficial. Firstly, when there is a high number of
products, the number of products in need of explicit control from the user has
to be reduced. This can be achieved by making the products autonomous. In
this way, intelligent products with knowledge and reasoning capabilities can do
most of the repetitive tasks in an automated way. Secondly, intelligent prod-
ucts should be able to detect and react to changes in the environment. Agents
can pro-actively assist the product and try to achieve goals given the change
of the environment. Agents can also help in discovering information about the
environment by communicating with agents of other products. It is therefore
clear that intelligent agents have characteristics which are desirable for intelli-
gent products. Of course, an application for intelligent products can be created
without the use of agents, but by using agents, one can take advantage of the
methodologies and solutions provided by the multi-agent paradigm [IJ.



3 Methodology

To compare the performance of the proposed system as will be described in the
next section with existing systems, the TAC SCM simulated supply chain is
used, as it provides a well-founded testbed for production planning and control
systems of manufacturers. In the TAC SCM competition, six manufacturers are
competing with each other for customer orders and supplier components. A
typical supply chain scenario of a TAC SCM game can be seen in Figure 2| In
such a game, manufacturers try to win customer orders for delivering Personal
Computers to them. Furthermore, to deliver these PCs to the final customers,
manufacturers need to buy components from suppliers, assemble the PCs, and
finally ship them. For this purpose, every manufacturer has an identical PC
factory containing an assembly cell capable of assembling any type of PC, and
a warehouse that stores both components and assembled PCs.
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Fig.2. A TAC SCM scenario

In the current TAC SCM games and competitions, the performance indication
of a manufacturer is solely based on the financial result, in terms of costs made
for material, storage and penalties paid balanced against profits made in sales.
In principle, the manufacturer with the highest bank account at the end of a
game wins that game. This measurement of performance gives a good indication
of which manufacturer is the most efficient one, in terms of costs and benefits.
However, it gives no good indication about the robustness of the manufacturer,
in case when the manufacturer has to deal with disturbances. For showing the
robustness of a manufacturer, a measurement is needed which only indicates



the capability of a manufacturer to handle unexpected disturbances in a flexible
way. The financial results of the manufacturers gives an indication of the overall
performance, but robustness is only a minor part of that. Therefore, in this
paper, an additional measurement is used. This measurement is the percentage
of customer orders that are delivered to the final customer in time, i.e. if the
delivery is before or on the due date of the specific order. This is considered
to be a good measurement for the robustness of a manufacturer, as it gives an
indication about the capabilities of a manufacturer to still deliver products to a
customer in time, even when disturbances are happening.

Normally, a TAC SCM game does not contain any disturbances by design.
There is only some variability between games where manufacturers have to deal
with, such as the amount of late supplier deliveries. Therefore, in order to be able
to test the robustness of a manufacturer, a typical disturbance which happens
frequently in practice has been added to the game. In the slightly altered version
of a TAC SCM game, every component which is delivered by a supplier to a
manufacturer has n percent chance to be unusable. In such a case, the component
will not be added to the inventory of the manufacturer. The reason why the
component is unusable reflects to the possibility that in reality a component can
be damaged, broken, or misshipped. With this additional disturbance added to
the game, experiments have been conducted with three different values for n,
namely:

— n = 0. In this case, none of the delivered components will be unusable.
Therefore, this scenario is the same as the original TAC SCM scenario.

— n = 5. In this case, every component has a 5% chance of being unusable.

— n = 10. In this case, every component has a 10% chance of being unusable.

For every value of n, a total number of 26 simulations have been conducted, in
order to get more significant results. In every simulation, the same opponents
have been used, namely: TacTex-07 [I5/16], PhantAgent-07 [I8], DeepMaize-
07 [9], and Mertacor-08 [2I20]. These opponents have been chosen based on
their rankings in recent TAC SCM competitions, as well as their availability
on the Agent Repository on the TAC website (www.sics.se/tac). The sixth
manufacturer position was filled by a built-in dummy manufacturer. The next
section of this paper describes the design of the proposed planning and control
system for a manufacturer. Afterwards, the results are presented.

4 Manufacturer Design

This section describes the design of the TAC SCM manufacturer agent, named
GRUNN, as it has been used within the conducted simulations. The GRUNN
agent can be downloaded from the Agent Repository on the TAC website, as
well as from www.agentlab.nl/tacscm. In this section, the description of the
design is split into two parts, namely the structural design, and the behavioral
design.



4.1 Structure

The main structure of the manufacturer agent can be seen in Figure 3| The
figure shows a UML class diagram, in which the different internal agents of
the manufacturer agent, as well as their relationships. Within the manufacturer
agent there are four planner agents, each with different responsibilities, such as
purchasing, selling, producing, and shipping. Furthermore, there are component
type agents, product type agents, and product agents. Each agent type will be
shortly described next.
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Fig. 3. Class diagram of the internal structure of the manufacturer agent

— The purchase planner agent is responsible for acquiring components, which
are required for the production of the to be delivered products. However,
most of the tasks of this agent are transferred to other agents, as the pur-
chase planner agent creates a separate agent for each component type. This
separate agent is responsible for all the tasks related to one particular com-
ponent type.

— The sales planner agent is responsible for acquiring orders. However, most
of the tasks of this agent are transferred to other agents, as the sales planner
agent creates a separate agent for each product type. This separate agent is
responsible for all the tasks related to one particular product type.

— The production planner agent is responsible for assigning production capac-
ity to products which are in need of assembly.

— The shipment planner agent is responsible for shipping assembled products
to the waiting customers.

— A component type agent is responsible for acquiring components of one cer-
tain type. For this, every component type agent needs to negotiate with the
suppliers of this component type.



— A product type agent is responsible for acquiring orders of one certain product
type. For this, every product type agent needs to negotiate with potential
customers.

— A product agent is responsible for the complete processing of one final prod-
uct. In the case of TAC SCM, every customer order is considered to be a
product, as every customer order can be seen as an individual and unique
product which needs to be delivered by the manufacturer to the customer.
Therefore, every customer order will have one product agent assigned to it,
which makes the customer order an intelligent product. The responsibility
of the product agent includes the procurement of components required for
the assembly, the procurement of the required production capacity, as well
as arranging the shipment of the finished products to the customer.

4.2 Behavior

This subsection will describe the behaviors of the three most important agent
types within the design of the manufacturer agent: the component type agent,
the product type agent, and the product agent.

Component type agent Every component type agent needs to acquire suffi-
cient components of one certain type. For this, the behavior of Figure[d]is applied
by every component type agent. The figure shows a UML communication dia-
gram, in which the communication of a component type agent with a supplier
can be seen. This act of communication consists of three steps, which will be
discussed next.
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Fig. 4. Behavior of a component type agent

First, the component type agent will send Request For Quotes (RFQs) to
every supplier, which can deliver the component type this agent is responsible
for. The amount of components as well as the delivery date asked for in an RFQ
are based on sales estimations, the quantity that is still in inventory, and the
quantity that is ordered but still needs to be delivered. This sales estimation is
based on (historical) information which the component type agent receives from
the different product type agents. Secondly, suppliers will send quotes back to
the component type agent, telling the agent how much they can deliver, on what
date, and for what price. Finally, the component type agent will compare the
different quotes, and respond by sending orders back to the suppliers who had
the best quotes for this component type. Which quote is considered to be the



best quote is primarily based on the price per component, but when prices are
almost the same it is also based on the quantity and the delivery date.

Product type agent Every product type agent needs to acquire orders for
products of one certain type. For this, the behavior of Figure [f] is applied by
every product type agent. The figure shows a UML communication diagram, in
which the communication of a product type agent with a customer and a product
agent can be seen. This act of communication consists of four steps, which will
be discussed next.
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Fig. 5. Behavior of a product type agent

First, the product type agent will receive RFQs of customers, in case cus-
tomers are requesting quotes for products of the type this agent is responsible
for. Each RFQ will contain information about the amount of products, as well
as a due date. Secondly, the product type agent will respond with a quote, when
the agent considers it feasible to deliver the product before the due date of the
customer with a positive financial result. To achieve this, the agent will calcu-
late a price per product based on an estimation of the current market price and
adjusted according to the current factory load. This price is compared with the
costs of the required components, resulting in a decision whether the quote will
be send to the customer or not. Thirdly, when a customer considers the quote
of the product type agent the best compared to the other manufacturers, the
customer will send back an order. Finally, for every customer order the product
type agent receives, a product agent is created, which will be responsible for the
complete processing of this one order.

Product agent As mentioned before, a product agent is responsible for the
complete handling and processing of one particular order. For this, the behav-
ior of Figure [6] is applied by every product agent. The figure shows a UML
communication diagram, in which the communication of a product agent with
a component type agent, a production planner agent, and a shipment planner
agent can be seen. These communication acts are part of different planning tasks
in which the product agent is playing a role. These different planning tasks in
which the product agent is involved will be discussed in more detail next.

— The component planning is the first planning task in which the product
agent is involved. Product agents should be able to assist the component
type agent in distributing available components among the different prod-
ucts who require components for production. This functionality requires the



:Product

Agent
tot tot tet
- v = N v N w v w
w®@ e w®@ e w®@ e
wa w s wa
= e = o Pl =
8l = gl = gl =
=% a c o c g
- w ~ w - wn
:Component :Production :Shipment
Type Planner Planner
Agent Agent Agent

Fig. 6. Behavior of a product agent

intelligent product to already exist before the actual product is produced, i.e.
the intelligent product is already in existence from the moment that there is
a plan to make the product. This distribution of components among prod-
ucts should be based on priority, therefore, products with earlier due dates
should get priority above products with later due dates. In order to achieve a
distribution of components based on priorities, an auction based negotiation
system is used, which consists of several steps. First, every component type
agent will send a Request For Bids to all product agents, when it has com-
ponents to distribute. Secondly, every product agent who is in need of this
component type will send a bid to this component type agent, containing the
amount of components of this type it needs, as well as the offered price per
component. In this approach, the price per component the product agent is
offering will increase when the amount of days left till the due date of the
specific order is decreasing. Finally, the component type agent will inform
all agents who have send a bid whether they have won the components or
not. The product agents with the highest bids will always win the auction,
as long as the component type agent has enough components in stock.

The production planning is the second planning task in which the product
agent is involved. Product agents should be able to assist the production
planner agent in distributing the available production capacity among the
different products who require production. As with the component planning,
the distribution of production capacity among products should be based on
priority, therefore, products with earlier due dates should get priority above
products with later due dates. In order to achieve a distribution of production
capacity based on priorities, an auction based negotiation system is used,
which consists of several steps. First, the production planner agent will send
a Request For Bids to all product agents, when it has production capacity
to distribute. Secondly, every product agent who is in need of production
will send a bid to the production planner agent, containing the amount of
production capacity it needs, as well as the offered price per production unit.
In this approach, the price per production unit the product agent is offering
will increase when the amount of days left till the due date of the specific



order is decreasing. Finally, the product planner agent will inform all agents
who have send a bid whether they have won the production capacity or not.
The product agents with the highest bids will always win the auction, as long
as the production planner agent has enough production capacity available.

— The shipment planning is the third planning task in which the product agent
is involved. Product agents should be able to assist the shipment planner
agent in planning the shipments of finished products to the customers. Dif-
ferently than the component planning and production planning, no priori-
tizing is needed, as there is no limitation on the shipment capacity in case of
TAC SCM. However, for design consistency, the applied approach assumes
a limited shipment capacity, which therefore requires prioritization. In order
to achieve a distribution of shipment capacity based on priorities, an auction
based negotiation system is used, which consists of several steps. First, the
shipment planner agent will send a Request For Bids to all product agents.
Secondly, every product agent who is in need of shipment will send a bid to
the shipment planner agent, containing the amount of shipment capacity it
needs, as well as the offered price per shipment unit. Finally, the shipment
planner agent will inform all agents who have send a bid whether they have
won the shipment capacity or not. But as there is no limitation on the ship-
ment capacity available, always all product agents with bids will win the
auction.

The system as described in this section will not be able to give the best possible
plan, as a centralized system can always calculate a closer to the optimal solution
within a mathematical domain. However, this system presented here can result
in a very robust manufacturer, as will be demonstrated by the results in the next
section.

5 Simulation Results

This section shows the simulation results of the conducted experiments. As de-
scribed in the methodology section, three different experimental setups have been
used, namely with zero, five, and ten percent of delivered components which were
unusable, and therefore not delivered to the inventory of the manufacturer. For
every experimental setup, a total number of 26 simulation runs have been ex-
ecuted, and the results presented in this section are based on the averages of
these simulation runs. For the GRUNN agent, the standard deviations are also
shown in every graph by means of error bars. The dummy agent is ommited in
the results presented in this section, as this agent did not provide any relevant
results. However, all detailed results including standard deviations for all agents
can be found in the appendix of this paper.

Figure [7] shows the results of the conducted experiments in terms of robust-
ness, i.e. in terms of orders finished in time. The graph shows that the percentage
of orders finished in time is decreasing for all agents when the percentage of unus-
able components is increasing. Only GRUNN is an exception to this. Even in the
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case where ten percent of all components are unusable, GRUNN still manages
to finish nearly all orders in time. This observation confirms that an approach
based on intelligent products can be very effective in handling disturbances.

Figure [8] shows the results of the conducted experiments in terms of profit.
Two important observations can be made from the graph. Firstly, the graph
clearly shows that for all three different experimental setups GRUNN does not
perform as well as the other agents in terms of profit. This observation is in line
with our expectations. Secondly, for all manufacturers, the profit is decreasing
when the amount of unusable components is increasing. This observation is also
in line with our expectations, as manufacturers need to buy more components
to finish the same amount of orders, when the amount of unusable components
is increasing.

A very simply way to deal with unusable components in the case of n = 5
or n = 10 would be to increase the component inventory "safety stock" by
a small margin. Figure [J] shows the average storage costs per accepted order
for every manufacturer. This gives an indication of the inventory levels of each
manufacturer. A simply way to deal with unusable components in the case of
n =5 or n = 10 would be to increase the component inventory "safety stock"
by a small margin. The figure however shows that GRUNN does not hold a
significantly larger inventory than the other manufacturers, and therefore does
not deal with the unusable components by increasing the safety stock..

6 Discussion

The use of centralized planning systems seems to be justifiable because of many
reasons, as was already mentioned in the introduction of this paper. Also the



Profit in million dollars

Storage costs per order in dollars

$20

$15
$10 -

$5

$0

-$5 -
-$10 -
-$15 -
-$20 -
-$25 T T

0 5 10
Percentage of unusable components
emp=m GRUNN e=@=TacTex-07 e=ge=PhantAgent-07 == DeepMaize-07 ey \ertacor-08
Fig. 8. Performance of manufacturers in terms of profit

$500
$300 - ~—
$200 R n
$100 |

$0 T T

0 5 10
Percentage of unusable components
=g GRUNN e=@=TacTex-07 «=ie= PhantAgent-07 === DeepMaize-07 = \ertacor-08

Fig. 9. Storage costs of manufacturers per accepted order



simulation results given in this paper justify centralized planning, as all manu-
facturers have a higher average profit in TAC SCM simulations than the pro-
posed intelligent product based manufacturer. This is however not a surprise, as
in principle a central algorithm can always calculate the optimal solution in a
closed and modeled world. On the other hand, the performance of decentralized
planning systems are normally greedy, and in that sense suboptimal.

However, during the execution of the plan, unforeseen events can happen.
Such disturbances can be solved both in a centralized or distributed way. The
results of this paper show that the intelligent products approach is very robust
in terms of handling these disturbances. Therefore, this approach seems to be
very promising as a control system during the execution of a plan. However, if
a simulated environment contains disturbances in a way as they happen in real
life, the simulation still only contains modeled versions of these disturbances.
In such a modeled environment, a centralized approach can in the end still al-
ways outperform a distributed approach, as it is always possible to calculate
an optimal solution within a model. Therefore, we argue that solving distur-
bances locally instead of centrally is especially beneficial outside a simulated
environment, because of several reasons. Firstly, a central system will not have
enough local attention for individual small problems, and therefore notice and
solve problems of individual products too late. On the other hand, intelligent
products can notice and solve their own problems locally. Secondly, for a central
system it is more difficult to take all local constrains of individual products into
account properly. This can be done more easily in a localized way. Finally, a cen-
tral system always requires a central point of communication. When this central
point of communication is down for whatever reason, the whole system fails. A
distributed system is more robust against this type of problems. Therefore, we
believe that an intelligent products approach will have a bigger benefit in real life
situations, where always situations can occur which are outside the model. This
could prevent a central system to calculate a good solution when disturbances
are happening.

However, as a central system is better in terms of creating an optimal plan,
and an intelligent products based approach seems to be better in terms of robust-
ness during plan execution, we believe the "ideal" planning and control system
would be a combination of the best of both worlds. Therefore, future work should
be focused on investigating how a production planning and control system for
a manufacturer can be improved by combining both a centralized approach and
a distributed intelligent products approach. This can be studied using the TAC
SCM testbed, but it would especially be important to study this in a real world
setting.

7 Conclusions

In this paper, a new production planning and control system was presented. This
system is based on the concept of intelligent products. A product becomes an
intelligent product, when an intelligent agent is attached to the product, which is



managing that individual product locally. In such a way, the planning and control
system can be more robust, as disturbances can be solved locally. This approach
was validated by comparing the performance with other manufacturer systems in
the TAC SCM testbed. Conducted simulations in the TAC SCM testbed showed
good results in terms of robustness for the planning and control system based
on intelligent products, but poor results in terms of profit. Therefore, it requires
further investigation how a system can use the best of both centralized planning
and distributed disturbance handling.
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Appendix: Detailed simulation results

n=0 n=>5 n =10
Agent I [ o 1 [ o % [ o
GRUNN 99.43 % | 0.77 % [99.55 % | 0.36 % | 99.45% | 0.34 %
TacTex-07 99.50 % | 0.51 % |98.20 % | 1.35 % | 97.80% | 1.50 %

PhantAgent-07 |[99.72 % | 0.24 % |88.73 % | 2.85 % |75.94 % | 5.711 %

DeepMaize-07 98.62 % | 1.09 % |97.00 % | 2.06 % |96.01 % | 3.79 %

Mertacor-08 95.25 % | 3.98 % [90.81 % | 7.86 % |89.85 % | 8.04 %

Dummy 42.83 %(24.35 % |26.14 % | 8.95 % |23.04 % |12.18 %

Table 1. Percentage of orders finished in time

n=0 n=>5 n =10
Agent I [ o 1 [ o I3 [ o
GRUNN -$5.528 | $6.479 | -$8.028 | $3.969 |-$15.532| $3.901
TacTex-07 $16.093 | $7.859 | $13.405 | $3.723 | $5.691 | $5.244

PhantAgent-07 || $16.588 | $7.099 | $8.198 | $4.846 | -$6.904 | $4.220

DeepMaize-07 $11.579 | $5.971 | $9.336 | $3.359 | $3.550 | $4.714

Mertacor-08 $6.010 | $6.070 | $3.764 | $4.745 | -$3.675 | $5.272

Dummy -$10.210| $15.066 |-$23.110| $26.488 |-$21.562| $17.139

Table 2. Profit in million dollars

n=20 n=>5 n =10

Agent m l o I l o I l o

GRUNN $309 $90 $278 $66 $242 $87
TacTex-07 $347 $69 $384 $52 $326 $66
PhantAgent-07 $255 $58 $193 $25 $155 $28
DeepMaize-07 $235 $39 $254 $42 $228 $40
Mertacor-08 $256 $61 $263 $33 $220 $46
Dummy $250 $95 $247 $85 $208 $88

Table 3. Storage costs per accepted order in dollars
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