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Abstract

Even though we have moved beyond the Industrial Age and into the Information Age,
manufacturing remains an important part of the global economy. There have been
numerous efforts to use modeling and simulation tools and techniques to improve
manufacturing efficiency over the last four decades. While much progress has been made
and an increasing number of manufacturing system decisions are being made based on
the use of models, their use is still sporadic in many manufacturing environments. We
believe that there is a need for pervasive use of modeling and simulation for decision
support in current and future manufacturing systems. There are several challenges that
need to be addressed by the simulation community to realize this vision. First, we discuss
the grandest of the challenges and then discuss two other grand challenges. We call the
first challenge the “grandest” because the next two challenges are really subsets of the
first, but the latter two are emerging to have significant importance on their own. Finally,
we discuss a challenge that is not a grand challenge, but is perhaps the biggest challenge
facing modeling and simulation analysts today: that of convincing management to
sponsor modeling and simulation projects instead of, or in addition to, more commonly
used manufacturing system design and improvement methods such as lean manufacturing

and six sigma.



1. Manufacturing Systems

Modern high technology manufacturing systems, such as those in the electronics,
semiconductor, aerospace, and automotive industries, can be extremely complex. The
complexity of these systems is due to factors such as: multiple part types made in the
same facility/line, numerous manufacturing steps (300-500 steps is not uncommon),
batch processing, very complex equipment which leads to high levels of preventive
maintenance and downtime, multiple levels of subassemblies, just to name a few. This
complexity combined with the high cost of setting up and maintaining such a system
necessitates the use of formal models of the system, rather than just relying on experience
or simple rules of thumb for performance evaluation and decision making.

Models are intended to support management decisions about the system and a single
model will often not be capable of supporting all decisions. Rather, different decisions
require different models because various aspects of the design and operation of the
system will be important for the questions being asked of the model. While spreadsheet
and queuing models are useful for answering basic questions about manufacturing
systems, discrete event simulation models are often needed to answer detailed questions
about how a complex manufacturing system will perform [1]. Simulation models lend
themselves to incorporating additional details about the manufacturing system and
therefore often give more accurate estimates of manufacturing system behavior than the
simpler models mentioned above, but usually at the cost of more computation. In
general, simulation is a practical methodology for understanding the high-level dynamics
of a complex manufacturing system. According to [2], simulation has several strengths

including:



e Time compression — the potential to simulate years of real system operation in a
much shorter time,

e Component integration — the ability to integrate complex system components to
study their interactions,

e Risk avoidance — hypothetical or potentially dangerous systems can be studied
without the financial or physical risks that may be involved in building and
studying a real system,

e Physical scaling — the ability to study much larger or smaller versions of a system,

e Repeatability — the ability to study different systems in identical environments or
the same system in different environments, and

e Control — everything in a simulated environment can be precisely monitored and
exactly controlled.

2. Grand Challenges

A grand challenge is a problem that: 1) is difficult, with the solution requiring one or
more orders-of-magnitude improvement in capability along one or more dimensions; 2)
should not be provably insolvable; and 3) has a solution that results in a significant
economical and/or social impact. We see three grand challenges in modeling and
simulation of complex manufacturing systems. Each of them will be discussed below

with the grandest challenge discussed first.

2.1 Grandest Challenge #1: An order of magnitude reduction in problem
solving cycles

It currently takes too long to design, collect information/data, build, execute, and analyze
simulation models to support manufacturing decision making. This leads to a smaller
number of analysis cycles than is desirable. While there are opportunities for efficiency
improvements in all phases of the simulation process, we particularly see opportunities to
reduce the time needed to collect and synthesize the required information and data and

opportunities to reduce the time to carry out the experimentation. The reduction in



information/data collection and synthesis time can partially be achieved by proactive data
analysis and by instilling better factory discipline in maintaining current information
systems. The reduction in experimentation time can be approached from a number of
different angles including exploring models of reduced complexity that still give high
fidelity results, using variance reduction techniques, and possibly through distributed and
parallel simulation. We discuss this further using the overall process for simulating

manufacturing systems as a guide.

The Simulation Process for Manufacturing Systems Analysis
The process of simulating manufacturing systems involves the following phases and steps
(modified from Chance et al., [1] and Yiicesan and Fowler, [2]):

A. Model Design:
1. Identify the issues to be addressed.
2. Plan the project.
3. Develop conceptual model.

B. Model Development
4. Choose a modeling approach.
5. Build and test the model.
6. Verify and validate the model.

C. Model Deployment:
7. Experiment with the model.
8. Analyze the results
9. Implement the results for decision-making.

Opportunities for efficiency improvements for each phase will be discussed below.



Model Design

The model design phase is a very important, but often overlooked, part of the simulation
process. In this phase, the project participants are identified, the project goals clearly
delineated, and the basic project plan developed. Chance et al. [1] describe project
management techniques that can significantly improve this portion of the process and the
likelihood of having an overall successful project.

If these activities are not done well, the model developed will likely be a very
detailed model. While incorporation of detail may increase the credibility of the model,
excessive levels of detail may render a model hard to build, debug, understand, deploy,
and maintain. The determination of how much detail to add to the model is a primary
goal of the design stage. Experienced simulationists seem to instinctively know the
proper amount of detail. Perhaps an expert system or at least a system that keeps track of
previous analyses and the level of detail used could be developed to assist in the model
design phase.

The issue of determining the appropriate level of detail becomes even more
important when one models a manufacturing supply chain. While a lot of work has been
done to model operations at the machine and factory levels, considerably less has been
done at the supply chain level. For the most part, models are used at just one of these
levels and little information is shared between them. In the future, it will become
increasingly necessary for these models to be used in conjunction with one another. In
order to do this, several key questions remain: what is the right level of abstraction for
each model? Can parallel and distributed simulation capabilities be employed? What is

the right way to share information between the levels?



While manufacturing was one of the earliest simulation application areas [18],
simulation of manufacturing supply chains is just starting to become widely used. Supply
chains can be very complex, spanning multiple manufacturing sites in various locations
around the globe. For simplicity, most researchers have limited the scope of their
analyses to only a few broad categorical links in the chain and have taken an aggregate
view of the supply chain making various assumptions about the internal workings of each
chain member. Supply chain analyses are often restricted to a single representative
product.

Barker [19] indicates that it is the lack of models and frameworks for analyzing
the value adding capability throughout the supply chain that represents the greatest
weakness in our supply chain knowledge base and current literature. The dearth of supply
chain models is not industry specific, but rather seems endemic to all industries due to a
lack of overall comprehension of the intricacies of the supply chain.

Traditionally, simulation models of these systems have been either: 1) a discrete
event simulation model that tracks lots through each factory in the supply chain by
considering the queuing at various workcenters; or 2) a high level continuous simulation
model that does not track individual lots through the factories but simply considers the
gross output of each factory. The first approach can be quite accurate, but it generally
takes a long time to build the model and the execution of the model is extremely slow,
making the exploration of many different scenarios prohibitive. Umeda and Jones [20]
present an example of this type of model. Lendermann et al. [30] discuss a distributed
simulation approach to detailed (high fidelity) modeling of semiconductor manufacturing

supply chains. This will be discussed further in the third grand challenge.



Models of the second type can generally be built fairly quickly and their
execution is much faster, but a large amount of accuracy is generally lost. Heita [21]
presents an example of this type of model. Jain ef al. [22] examine the trade-off between
these two approaches. Duarte et al. [23] discuss an effort that combines the two
approaches by continuing to track lots through the factory, but treating the daily output of
the factory in a somewhat gross fashion. Preliminary results comparing the accuracy and

speed of the approach to the traditional approaches are quite promising.

Model Development
After the preliminary work is done and the conceptual model designed, the next phase is
to develop the model. This involves choosing the modeling approach, building the model,
and doing verification and validation of the model. While there typically is not a lot of
efficiency to be gained in choosing the modeling approach, the choice of approach can
make a large difference in the subsequent model building and model execution times.
Most conventional simulation software packages used for modeling
manufacturing systems take a "job-driven" worldview (also called a process interaction
worldview). In this approach, manufacturing jobs are the active system entities while
system resources such as machines are passive. The simulation model is created by
describing how jobs move through their processing steps seizing available resources
whenever they are needed. A separate record for every job in the system is created and
maintained for tracking wafers or lots through the factory. A lot of execution time can be

consumed when sorting lists of these jobs in a given queue or in searching the queue for a



given job. Therefore, the speed and space complexity of these simulations must be at
least on the order of some polynomial of the number of jobs in the factory.

An alternative simulation methodology focuses on resource cycles (see Schruben
and Roeder [3] for more details). In a “resource-driven” simulation, individual jobs are
passive and are "moved" or "processed" by active system resources such as machines and
operators. Rather than maintaining a record of every job in the system, only integer
counts of the numbers of jobs of particular types at different steps are necessary. The
state of the system is described by the status of resources and these job counts and the
execution speed and memory footprint does not change significantly as the system
becomes more congested.

The events in a resource-driven simulation involve simple elementary integer
operations, typically incrementing or decrementing job counts and numbers of available
resources. Very large and highly congested queuing networks can be modeled this way
with a relatively small, finite set of integers. In addition to their simplicity, resource-
driven simulations have a number of advantages over conventional job-driven process
flow models that describe the paths of individual jobs. Resource-driven simulations of
highly congested systems have been created that execute orders of magnitude faster than
corresponding job-driven process flow simulations [3].

The hope is that resource-driven factory simulations can be developed that are
able to provide much of the same information as job-driven simulators while executing
many times faster. The expectation is that the two types of factory models can be used

together. For example, high-speed, resource-driven factory simulators would be used for



large-scale experiments that identify key opportunities for improvement. These
opportunities can then be studied with detailed job-driven simulators.

After determining the modeling approach, the next step is to build the model and
to determine the appropriate distributions to use for various system elements. Model
building can be very time consuming and is an area where there potentially is room for
significant efficiency improvements.

There is a rich history of efforts to improve the efficiency of the model building
process with much of this work led by the software community. In the early days of
computing, most simulations of manufacturing systems used an event orientation and
were written in assembly language or a high level programming language such as
FORTRAN. This led to models that were relatively efficient to execute because only the
events desired were modeled. However, each new model development effort led to new
model code being written (i.e. there was little reusability of code).

In the next wave, simulation languages were developed to speed up the modeling
process by allowing reuse of simulation constructs. These languages included GPSS,
SIMSCRIPT, GASP, SLAM, SIMAN, etc. In these languages, very basic
logic/functionality was included in each construct. In addition, simulation overhead
activities such as managing the event calendar, generating (pseudo)-random numbers and
random variates, and collecting statistics were included as a part of the package. The
academic community played a major role in determining efficient ways to accomplish the
simulation overhead activities.

The widespread availability of microcomputers in the early to mid 1980°s led to

an increased use of simulation to model manufacturing systems. It also led the simulation



software community to develop two related, but somewhat different, approaches to
making model building more efficient. The first of these was the development of user
interfaces that allow multiple base constructs to be combined into higher level constructs
such as QUEUE-SEIZE RESOURCE-DELAY-FREE RESOURCE to model a
workstation. CINEMA was perhaps the most successful of these systems. The second
approach was the development of simulators. In a simulator, the model is already built
and the user simply supplies the appropriate data. Obviously, simulators can save
considerable model building time if the underlying model of the simulator can adequately
model the system being studied. AutoSchedAP and Factory Explorer are two simulators
that are used to model semiconductor manufacturing systems. A nice overview of the
history of simulation language development can be found in Nance [24]. While all of the
developments described above have significantly reduced the time to build some models,
there is still considerable room for improvement.

One potential opportunity for improvement is in using existing sources of data
available about a particular manufacturing system. Indeed, some analysts have done this
to some degree already. In many industries it is very common for the process routing
information to be kept electronically in the Manufacturing Execution System (MES).
This information can sometimes be extracted to populate a simulator or a simulation
model could be built automatically from the data using model generation techniques.
Ozdemirel et al. [25] developed an expert system called MASCOT that generated a
model based on this data and the system performances measures of interest. Existing data
sources can also be used to determine the appropriate distribution to use for random

processes such as interarrival times, processing times, etc. Today, when data from the
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actual system is available, this is typically done manually using software packages such
as BestFit [4] or ExpertFit [5]. However, it may be possible to also automate this activity.
Both the automatic generation of the simulation model and the automated determination
of distributions should provide significant speed up possibilities in the overall time
required to build a simulation model.

The automatic generation of the simulation model should also reduce the time
needed to verify a model by reducing the time required to debug the code. The time
required to perform verification for some manufacturing systems has been reduced by the
use of animation. Validation, on the other hand, generally requires expert opinion, so
there is probably not a lot that can be done to reduce this time other than to make sure
that the output of the model is in a format that facilitates understanding the performance

of the model.

Model Deployment

In the model deployment phase, the main area for efficiency improvement is in executing
the model. While simulations of some manufacturing systems may not take much time to
run, models of complex manufacturing systems may take several hours for a single
replication, particularly when details of automated material handling systems (AMHS)
are included. Shikalgar ef al. [26] indicate the average time for a 160 day simulation run
of an IBM wafer fabrication facility with AMHS is approximately 24 hours, but that
removing the AMHS system may reduce this to 3-4 hours. Mercier et al. [27] report that
a single replication of their wafer fabrication model takes 1-2 hours of CPU time.

Anecdotal evidence suggests that these run times are not uncommon for models of wafer
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fabrication facilities. Clearly, simulation run times of the magnitudes mentioned above
limit the number of problem solving cycles that can be achieved. In fact, the IMTI
Integrated Manufacturing Technology Roadmapping Project report on Modeling and
Simulation [28] identifies a key goal to be the need for “fast, accurate exploration of
many more product and process design options” and the “requirement for simulation
techniques that enable complex simulations to run orders of magnitude faster and more
cost effectively than today”.

As mentioned above, the modeling approach (job-driven vs. resource driven) may
make a difference here. In addition, the use of Variance Reduction Techniques (VRT’s)
offers some potential savings (see chapter 11 of Law and Kelton [6], for more
information on VRT’s). While these techniques have successfully been used in some
manufacturing simulations, we believe their potential has not been fully exploited.
Specifically, the automated use of Common Random Numbers and Antithetic Variates
could be better supported by simulation packages. Finally, parallel simulation offers
some hope for reduced simulation execution times [29], particularly when modeling the
manufacturing supply chain.

The time to analyze the results of the simulation can be shortened by automatic
generation of graphs, charts, confidence intervals, paired t-tests, etc. However, ultimately
human judgment is critical, and this part of the analysis process does not provide

opportunity for significant timesavings.
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2.2 Emerging Grand Challenge #2: Development of real-time simulation-
based problem solving capability

Currently, most simulation models are used in single projects for tactical or strategic
decision support, i.e., with a long time horizon. Often simulation models are used to plan
equipment purchases or to evaluate planned changes of the material flow control. To
build these models from scratch requires considerable effort. It is not uncommon that the
models are not used again after the decision is made. Even when this is the case, the time
and money spent on these traditional simulation projects leads in most cases to a large
return on investment [1].

Relatively little is known, however, about approaches to use simulation for
operational (real-time) decisions in manufacturing. Simulation models for this purpose
are possible today due to the increased amount of data and information that is collected
and maintained by current shop floor information systems. The literature on real time
applications of simulation in manufacturing are sparse, but there are papers about
simulation based scheduling [7, 11, 12], order release [10], forecasting [3], and exception
management [9]. In [11] the focus is on the requirements for an on-line simulation tool
whereas [12] provides an overview of the principal problems of simulation-based
scheduling.

In this context, real-time simulation-based problem solving capability means that
if the status of the factory changes abruptly, we can run a simulation nearly
instantaneously in order to decide about appropriate actions to be taken. For example,
when a key piece of manufacturing equipment fails, plans for minimizing the impact of
the failure need to be developed. Simulations of various recovery alternatives could help

determine the best course of action. Another example deals with batch operations in
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wafer fabrication. In this case, when there is a partial batch available to begin processing,
a decision needs to be made whether to start the partial batch now or to wait for future
arrivals. Fowler et al. [31] describe non-simulation-based techniques that can be helpful
in making this decision, but the capability to generate a set of simulations to see what
might happen for either decision (start now or wait) could be extremely beneficial since
these decisions have a major influence on the performance of the system.

Due to the need for a quick response to the types of problems described above,
model building and data collection times must be very short. In particular, the simulation-
based solution time requirements for the operational problem are considerably more
aggressive (shorter) than for classical approaches. However, providing accurate results is
still important in order for the results to be accepted. Because of this time challenge, we
see two ways to realize real-time simulation capabilities:

e Usage of a simulation model that is permanently running synchronized to the
factory

¢ Automated building of a model from the factory databases.

Permanent, always-on, synchronized factory models

These models mimic the behavior of the real factory. The models are continuously
updated and synchronized with factory data. If an additional model is required for
decision making, a clone is generated from the prototype model. The main problem of
this approach is the availability of on-time and correct data from the factory. Although
announced for years, all-in-one factory databases do not exist yet. Due to database
infrastructures that grew (evolved) over several years and where the single databases are

implemented in different (sometimes incompatible) software products, it requires
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considerable effort to obtain up-to-date, consistent, and useful data. The different
database standards and access techniques lead to a wide variety of interfaces between
simulation software and factory databases. Often these databases are not physically in
one location and data transfer times of several minutes may arise for updating the factory
model. Even if the interface issues between simulator and factory databases are solved,
the updates of the databases from the factory workstations and manufacturing execution
system (MES) have to be considered. The data collection, processing, and transfer
capabilities of the tools range from very basic to highly sophisticated. Some only report
machine states, while others provide all types of information a simulation model needs.
As a result, the following problems have to be solved:

e A clear definition of the term “factory state” is missing: before we can start to
collect data, we have to know exactly what kind of data we require to obtain a
clear picture of the factory.

e There is a lack of data: data required by the simulation is not available and cannot
be generated in an automated way from other factory information.

e The data quality is too low: for example, the simulation model requires a
histogram and the tool can only provide average values of a parameter of interest.

e The update frequency is too low: the tool can only generate data reports after a
given and long time interval, say once a day.

It depends on the objective of the simulation-based problem solver whether these
problems have an effect on the results or not. For instance, if only a coarse overview on
the factory behavior for the next few days is required, the problems have only a minor

impact on the results. If, however, the intention is to provide a simulation-based
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scheduling system, the factory data has to be very accurate and all of the issues above
must be solved or there must be at least an estimation of the error in the schedule induced
by wrong, missing, or late data.

In order to mimic the real factory’s behavior, the simulation model must have
appropriate MES functionality. This can either be achieved by using a copy of the real
MES with interfaces to the simulator, or by rebuilding the MES inside the simulator. The
second approach is time-consuming and error-prone because most MES software
companies will not be willing to provide detailed information about the implementation
of their products. Therefore, the rebuilt MES will only behave approximately like the real
one.

If all data problems are solved, we have to find a simulation package that supports
real-time capabilities, like Arena RT from Rockwell Software. At the moment, however,
there is a lack of off-the-shelf software that can be used for large-scale manufacturing
simulation models. During recent years, more effort was spent trying to speed up
simulation engines than to try to run them in real-time. In addition, the models must have
the ability to be synchronized with the factory state. The factory state not only
summarizes tool states and lot positions, but also must comprehend adding or removing
equipment. The persistent, constantly synchronized, factory simulation model is the
master copy for all simulation models required for decision making. As soon as an
operational problem arises, a clone is created from the master copy and the analysis is
only based on this clone. At the moment, there does not appear to be a simulation

package that provides this feature.
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On-demand, automatically-built factory models

Taking into account the problems discussed in the previous section, in particular the lack
of real-time simulation software packages, it is worthwhile to consider a different
approach. Instead of generating clones from a factory simulation model that has to be
perpetually synchronized, the experimenter generates the model on demand directly from
the factory databases. In this case the requirements for the factory databases remain the
same but the simulation software can be far less sophisticated. Most of the simulation
packages on the market today facilitate building models from formatted text files. Thus,
we only need an application that retrieves the current factory data from the databases and
then transforms it into simulation model files. Because considerable amounts of factory
data, including tool sets and their properties, current and future orders, product
specifications and routing, etc., have to be retrieved and transferred, it may take
considerable time to finish the model building process. As a consequence, this approach
is less suited for time-critical decisions where the simulation results have to be available
within minutes or seconds after the problem occurred. In that case, the first approach is
more appropriate because cloning from a master copy can be done in seconds. In order to
simplify and to speed up the model generation, the required data should not be stored in
the databases in raw format but pre-processed and ready-to-use for the simulation
package. For instance, it causes unnecessary delays if machine availability histograms or
distributions have to be computed when the model is being built. This can be done pro-

actively right after each database update from the factory.
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2.3 Emerging Grand Challenge #3:True Plug-and-Play Interoperability
of Simulations and Supporting Software within a Specific Application
Domain

If we begin to have persistent models of the manufacturing system, it is likely that there
will actually be models of many different subsets of the factory. These models will need a
seamless way to interact with each other. In addition, more and more of the
information/data will be provided from other manufacturing support software such as the
Manufacturing Execution System, Available To Promise systems, analysis software
packages, etc. It will be increasingly more important for all of these systems to be able to
quickly communicate with each other and the outside world in an unambiguous way. The
High Level Architecture is one partial solution to this challenge.

The High Level Architecture (HLA) is a general-purpose architecture for
simulation reuse and interoperability. In the HLA, each simulation or other software
system is run as a separate federate (process), and the collection of all federates is called
a federation. Each federate can be developed independently and implemented using
different software languages and different hardware platforms. Thus, faster cycles of
analysis may occur due to less time spent developing new integrated software and less
execution time due to the distribution of the software on multiple processors. The HLA
was developed under the leadership of the United States Defense Modeling and
Simulation Office (DMSO) to support reuse and interoperability across a wide range of
different types of simulations. The HLA Baseline Definition was completed in 1996 and
was adopted as the Facility for Distributed Simulation Systems 1.0 by the Object
Management Group (OMG) in 1998. The HLA was approved as an open standard

through the Institute of Electrical and Electronic Engineers (IEEE) - IEEE Standard 1516
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- in 2000. Unfortunately, the software community has been slow to incorporate the HLA
in their product offerings. This is due primarily to lack of pull from their users, which is
at least in part due to a lack of understanding what the HLA can provide.

However, some users have applied the HLA to study their manufacturing systems.
Schumann et al. [13] present an example of using the HLA for factory simulation.
Lendermann et al. [30] discuss a distributed simulation prototype of a semiconductor
manufacturing supply chain based on the HLA.

StraBBburger et al. [14] discuss the fact that while the HLA is helpful in the
application of distributed simulation of the “digital factory”, it is not sufficient.
Specifically, they point out that it is unfortunate that there are: 1) no time managed
versions; 2) not a way to transfer an object/attribute to a specific receipt; and 3) no
possibility of transferring the final state of an object regarding attribute values. They refer
to papers by Fujimoto and Tacic [15], Sauerborn et al. [16], and Myjak et al. [17] that
study these deficiencies but indicate that no solutions have been implemented in the HLA
interface specification. While it is not clear if the HLA will ultimately provide (or be a
major part of providing) true plug-and-play interoperability, it is clear that this
functionality is needed as analysts strive to adequately model supply chain operations

using the logic embedded in the software used in the real system.
3.0 Big Challenge #4: Greater Acceptance of Modeling & Simulation
within Industry

We decided to label this challenge as a “Big” challenge instead of as a “Grand” challenge
because it is not really a technical challenge but more of a social challenge. In fact, this

may make this the most difficult challenge of all the challenges discussed in this paper.
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While the use of modeling and simulation in manufacturing is steadily gaining
acceptance for certain applications (such as capacity planning), there is still a long way to
go before it is commonly applied for a multitude of other applications. Currently,
modelers often spend much of their time convincing management of the need for these
services. Simulation is generally only one of several manufacturing system design and
improvement approaches that are presented to management for possible implementation.
Other approaches include lean manufacturing, six sigma, just-in-time manufacturing,
total quality management, etc. and the simulationist should not try to convince
management that simulation is better than these techniques. Indeed, simulation, by itself,
does not improve the performance of a manufacturing system. It is only by the use of the
model to answer specific questions about ways to change the system that realizable
improvements are identified. Thus, simulationists should try to convince management
that simulation is complementary to the other approaches mentioned above, and that it
can be used to assess the potential improvements that can be made to the system when the
other approaches are employed. Finally, simulationists must be careful to resist the
temptation to oversell the use of a model’s results; this may be a good short term strategy,
but it can have very negative long term consequences if the expectations of the users of
the model results are not met. Instead, simulationists should indicate that while a
particular model could be extended to help to answer numerous questions, including
those that it was not originally designed for, these questions should be tackled in a

systematic and planned manner.
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